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With the commercialization and increasing availability of Unmanned Aerial Vehicles (UAVs) multiple rotor copters have expanded rapidly in plant phenotyping studies with their ability to provide clear, high resolution images. As such, the traditional bottleneck of plant phenotyping has shifted from data collection to data processing. Fortunately, the necessarily controlled and repetitive design of plant phenotyping allows for the development of semi-automatic computer processing tools that may sufficiently reduce the time spent in data extraction. Here we present a comparison of UAV and field based high throughput plant phenotyping (HTPP) using the free, open-source image analysis software FIJI (Fiji is just ImageJ) using RGB (conventional digital cameras), multispectral and thermal aerial imagery in combination with a matching suite of ground sensors in a study of two hybrids and one conventional barely variety with ten different nitrogen treatments, combining different fertilization levels and application schedules. A detailed correlation network for physiological traits and exploration of the data comparing between treatments and varieties provided insights into crop performance under different management scenarios. Multivariate regression models explained 77.8, 71.6, and 82.7% of the variance in yield from aerial, ground, and combined data sets, respectively.

Keywords: hybrid barley, Hordeum vulgare, nitrogen, vegetation index, UAV, RGB, multispectral, thermal


INTRODUCTION

Global nitrogen fertilizer use is expected to exceed 200 million tons in the next year and continue to increase at 1.8% per year (FAO et al., 2015). The estimated increase in fertilizer use by 22.4% globally over the last 10 years (2004–2014) differs from an increase of 14.3% at the European level, where there is stronger and growing presence of precision agriculture management practices (Food and Agriculture Organization of the United Nations, 2017), but still demonstrates a growing demand for increased yields and an upwards trend in intensity of agricultural practices. Strikingly, this increase in fertilizer application only corresponded to barley (Hordeum vulgare) yield increases of 9.3 and 10.6% at the global and European scales, respectively. For barley, the fourth global grain in terms of production (FAO et al., 2015), this represents only 5.7 and 3.3% increases in nitrogen use efficiency (NUE) over a period of 10 years, approximately half of which is attributed to improved management practices (Raun and Johnson, 1999). Given global barley production at 144.6 million tons annually, improvements in NUE represent significant savings that may enable production to meet future demand and increase profits (Raun and Johnson, 1999). Barley NUE is estimated to have been improved by nearly 26% over the past 100 years of active breeding in developed countries, with little signs of impediment, but active phenotyping toward NUE has declined since the Green Revolution in favor or maximum yield under optimum conditions (Raun and Johnson, 1999; Rajala et al., 2017). With previously estimated NUEs of 42 and 29% between developed and developing countries, much of this may be attributed to management practices such as variable rate N applications based on precision agriculture technology (Anbessa and Juskiw, 2012); however, improved NUE related to cultivars and hybrid selection has long been focused on top yield with N fertilizer intentionally removed from the study to focus on other selection criteria (Raun and Johnson, 1999; Hirel et al., 2007). Though some previous studies have covered NUE and yield differences between two-row and six-row barley varieties (Le Gouis, 1992; Papastylianou, 1995; Le Gouis et al., 1999; Frégeau-Reid et al., 2001; del Moral et al., 2003; Arisnabarreta and Miralles, 2008), hybrid barley may represent an alternative not only in terms of higher yield but also of improved growth and NUE (Gorny and Sodkiewicz, 2001; Kostadinova et al., 2016); however, to date there are no studies that we know of aimed at proving the effectiveness of remote sensing techniques as phenotyping tools for assessing the higher performance of hybrid barley in terms of growth, grain yield and NUE.

New techniques in high throughput plant phenotyping (HTPP) can provide key assistance in gathering data in support of assessing key crop physiological traits for breeding selection programs, including quantifying the physiological condition of crops, prediction of yield pre-harvest, and the heritability of traits such as increased resources use efficiencies (Furbank and Tester, 2011; Cabrera-Bosquet et al., 2012; Fiorani and Schurr, 2013; Araus and Cairns, 2014; Araus et al., 2014). In the past these techniques, applied to field phenotyping, have focused largely on the improvement in efficiency in time and cost of gathering the most important data, which remained still fairly time consuming due to the need for numerous replicates and varietal comparisons in traditional phenotyping studies. Technological advancements have been more focused on the use of robotics and automated processing of replicates and crosses in controlled laboratory conditions (Hawkesford and Lorence, 2017) and with large, expensive field machinery (Virlet et al., 2017); however, recent technological advancements in Unmanned Aerial Vehicles, UAVs, toward more stable and affordable research platforms and sensor engineering (lighter sensors with higher spatial and spectral resolution) have brought the capacity for increasing automation in a wider range of field HTPP conditions and budgets (Kefauver et al., 2015; Zhou et al., 2015; Vergara-Diaz et al., 2016).

In traditional plant breeding and phenotyping studies, the measurement of objective traits relevant for plant breeding needs to be acquired as efficiently possible to achieve statistical confidence (Montes et al., 2007; White et al., 2012; Fiorani and Schurr, 2013; Araus and Cairns, 2014). To this aim, the very high resolution and inherent color calibration of commercial digital RGB (Red, Green and Blue, or visible light) may provide fast quality image-based data acquisition (Fiorani et al., 2012; Akkaynak et al., 2014). Through not scientifically designed sensors, commercial RGB cameras include rigorous factory color calibration that enables their use for extensive scientific capacity, considering that it is in the visible where plant pigments related to photosynthesis capture light—color quality is inherently tied to photosynthesis. From this a specific suite of vegetation indices (VIs) were developed by Casadesús et al. (2007); Casadesús and Villegas (2014) to take advantage of transformations from the RGB to the CIElab, CIEluv, and HSB color spaces that can in effect remove artifacts of illumination variation and more accurately quantify the relative abundance of different pigments in plants at very detailed spatial resolutions. In a sense similar to traditional multispectral indices, Hunt et al. (2011, 2013) used RGB cameras to calculate normalized and area-based indices based on the broad band reflectance of each band, namely the Triangular Greenness Index and the Normalized Green Red Difference Index.

In this study, we compared the technical capacity of field- and UAV-based RGB and multispectral image analyses to differentiate the nitrogen related performance between two barley hybrids and a commercial line of barley that is widely cultivated in the region where the experiment was performed. While the emphasis of our study is in the performance of affordable remote sensing approaches (derived from RGB images), for comparison to these novel low-cost commercial RGB camera image analyses, a commercial scientific multispectral sensor was also mounted on the same UAV in order to compare the quality and cost-effectiveness of the field data quantification with each sensor type. The multispectral sensor payload included a camera array of 11 separate spectral bands with an upwards pointing incident light sensor for simultaneous calibration to reflectance and a thermal camera. We calculated from the multispectral camera a suite of scientific spectral reflectance indices for the purposes of comparing the nitrogen use efficiency and yield component estimating capabilities of different combinations of high spatial (16 megapixel), low spectral resolution (RGB) sensors with low spatial resolution (1.3 megapixel) and moderate multispectral resolution (11 band) scientific sensors from a UAV HTPP. To further explore the benefits of high spatial resolution, the same RGB analyses conducted from the UAV data taken at a 50 m altitude was further compared with data acquired from an equal resolution commercial RGB digital camera at approximately 1 m above the canopy of each study plot.



MATERIALS AND METHODS


Plant Material and Experimental Setup

The field trial was carried out during the 2015/2016 crop season in the Arazuri Station of the Institute of Agrifood Technologies and Infrastructures of Navarra (INTIA), located in Navarra, Spain (42° 48′ N, 1° 43′ W, 396 m a.s.l.). The climate conditions of the region represents a transition from Mediterranean to Atlantic climate, with a mean, maximum and minimum daily air temperature of 12.9°, 18.8°, and 7.6°C, respectively, average relative humidity of 75.2%, and annual precipitation of 854 mm during 2015. Three barley (H. vulgare L.) genotypes were used in this study, one conventional two-row cultivar (Meseta), and two six-row hybrids (Jallon and Smooth). Meseta is a winter barley variety widely cultivated in Spain due to its high yield potential in most areas. Jallon and Smooth are two winter barley hybrids released by Syngenta S.A.U. using the Hyvido™ technology. Barley seeds were planted in plots of 12 m2 (10 × 1.2 m) with 8 lines per plot separated by 15 cm at the recommended sowing rate for each variety on November 16, 2015. Initially, 10 different N fertilization regimens were established in the trial, differentiated in application dates and doses (Table 1). A mix of urea and ammonium sulfate was applied on January 25, 2016 in the first fertilizer applications, and urea was applied in all of the subsequent fertilizer applications. The experimental design was performed in randomized blocks with three replicates per genotype and N treatment combination, with a total of 90 plots (Figure 1). Weeds, insect pests and diseases were controlled by the application of the recommended pesticides for the location, including Axial Pro (Syngenta) and Trimmer (tribenuron-methyl, Conquest) herbicides at the recommended doses in one single application on April 26, 2016.



Table 1. N treatments and application dates supplied during the life cycle of barley plants from three genotypes (Meseta, Jallon and Smooth).
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FIGURE 1. Field experiment at Arazuri Station in Navarra (Spain) during the crop season of 2015/2016.



Direct measurement parameters such as vegetation indices (VIs) from ground, as well as image data acquisition with the UAV for the calculation of canopy temperature and other multispectral VIs were recorded at the growth stage of booting in all plots. All the measurements were performed during the morning and early afternoon between 10:00 and 15:00 (except the canopy temperature at afternoon). Agronomic traits were determined at physiological maturity for every plot.



Agronomical Traits and Vegetation Indices (VIs) from Ground

Agronomic traits such as thousand grain weight (TGW), number of grains per area (NG) and grain yield (GY) were determined at harvest. The harvest was done with a micro-plot combine-harvester equipped with an automatic weighing system. Additionally, the agronomical NUE (aNUE) and the nitrogen partial factor productivity (NPFP) were calculated according to (Lü et al., 2012):
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Normalized Difference Vegetation Index (NDVI) was evaluated with an active sensor hand-held portable spectroradiometer (GreenSeeker, NTech Industries, Ukiah, CA, USA) by passing the sensor in the middle of each plot at a constant height of 0.5 m above and perpendicular to the canopy. This index is calculated from the red and near infrared (NIR) light reflected by vegetation using the following equation: (NIR − Red) / (NIR + Red). Chlorophyll content was measured in situ using a portable chlorophyll meter SPAD-502 (Minolta, Tokyo, Japan). The measurements were carried out in the central segment of the leaf lamina, using the flag leaves of 10 plants per plot selected randomly and averaged.

For each plot, one RGB picture was taken by holding the camera at 0.8-1.0 m above the canopy in a zenithal plane and focusing near the center of the plot. A camera Olympus E-M10 (Olympus Corporation, Tokyo, Japan) was used with a focal length of 14 mm, shutter speed of 1/250, no flash and the aperture in automatic. The pictures were saved in JPEG format with a resolution of 4608 × 3072 pixels. These were analyzed with the open source BreedPix 0.2 software (Casadesús et al., 2007) for the calculation of RGB indices in the canopy based on different properties of color. In this study we used five color components of potential interest as VIs: hue, saturation, intensity, lightness, a*, b*, u*, v*, and the relative green area (GA) and greener area (GGA) (Casadesús et al., 2007; Vergara-Diaz et al., 2015, 2016). Hue belongs to the HSI color space (Hue, Saturation, Intensity), where Hue refers to the color tint, while Saturation follows as the amount of tint (ranging from an intense color to white) and Intensity is the overall albedo or brightness of the image (ranging from black to white). With regards to the CIE-Lab and CIE-Luv color spaces (recommended by the International Commission on Illumination (CIE) for improved color chromaticity compared to HIS color space), L represents Lightness in both CIE-Lab and CIE-Luv and is similar to Intensity or overall albedo from the HIS color space, whereas a* and u* represent the red-green spectrum of chromaticity and b* and v* represent yellow-blue color spectrum. Finally, GA and GGA indicate the green biomass in the picture calculated using the Hue channel of HIS color space as it is detailed in Casadesús et al. (2007), with the latter excluding yellowish pixels that correspond to senescent leaves. Additionally, crop senescence index (CSI), which effectively provides a scaled ration between yellow and green vegetation pixels in the image, was calculated in agreement with Zaman-Allah et al. (2015) as follows:
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Canopy Temperature and Vegetation Indices from Aerial Images

All UAV aerial images were acquired on April 27, 2016 in clear sky conditions using a Mikrokopter Oktokopter 6S12 XL eight rotor UAV (HiSystems GmbH, Moomerland, Germany) flown manually at a steady velocity of approximately 5 m/s and a pressure altimeter stabilized a.g.l. altitude of 50 m. Image acquisition for each sensor was programmed for continuous capture for the duration of each flight with image acquisition rates of 2 s, 20/s and 5 s for the RGB, thermal and multispectral cameras, respectively, representing the maximum recommended image acquisition speed for each camera sensor system. All cameras were mounted on the same MK HiSight SLR2 camera platform with an active two servo axis gimbal to correct for UAV pitch and roll movements during flight. Different payload configurations allowed for the four image datasets to be gathered in three flights. The first included digital RGB and thermal cameras, the second flying only with the multispectral camera array, and the third flight with the thermal camera alone. Nadir image acquisition alignment accuracy was assessed and proper gimbal function was tested prior to each flight.

The RGB images were recorded starting at 11:47 am using a 16 megapixel micro 4/3 sensor Panasonic GX7 digital camera (Panasonic Corporation, Osaka, Japan) with a 20 mm “pancake” lens set at automatic focus with a fixed exposure time and aperture and programmed to record images continuously at intervals of 2 s for the duration of the flight. RGB images were imported and filtered to include only nadir images from each flight line over of the study site at the 50 m a.g.l. before further processing into orthomosaics. The estimated resulting pixel resolution of the RGB images was calculated at a 10 mm ground spatial resolution per pixel.

Canopy temperature was measured at morning (Tmor, 13:01 pm) and afternoon (Taft, 16:51 pm) using a FLIR Tau2 640 (FLIR Systems, Nashua, NH, USA) thermal camera with a VOx uncooled microbolometer equipped with a TEAX ThermalCapture module (TEAX Technology, Wilnsdorf, Germany) for recording of full resolution thermal video (640 x 520 pixels at 20 frames per second) with an estimated ground spatial resolution of 54 mm per pixel. The thermal images were first exported using the TEAX ThermoViewer v1.3.12 in raw 16 bit TIFF format as Kelvin * 10,000 and converted to 32 bit temperature in Celsius using a custom batch processing macro function in FIJI (Schindelin et al., 2012).

The multispectral data from the Tetracam (Tetracam, Inc., Gainesville, FL) mini MCA (Multiple Camera Array) 11 plus Incident Light Sensor (ILS) camera includes 12 individual image sensors with filters of center wavelengths and full-width half-max bandwidths of 450 ± 40, 550 ± 10, 570 ± 10, 670 ± 10, 700 ± 10, 720 ± 10, 780 ± 10, 780 ± 10, 840 ± 10, 860 ± 10, 900 ± 20, 950 ± 40 nm, and one sensor dedicated to real-time reflectance calibration (ILS) with a 30 cm fiber optic cable connected to an upwards looking box with a light diffusion plate containing 11 matching filters corresponding exactly to the 11 downwards looking sensor filters. Data acquisition was programmed for every 5 s for the duration of the flight at 50 m a.g.l., resulting in 12-band 8 bit TIFF images at 1,280 × 1,024 pixels with a ground spatial resolution estimated at 27 mm spatial resolution per pixel. For processing, each of the resulting 12 separate images from each sensor were first aligned to correct for parallax according to the Pixel Wrench II version 1.2.2.2 Field of View (FOV) Optical Calculator and calibrated to reflectance using the PixelWrench II version 1.2.2.2 Index Tools MCA and ILS functions in a batch function with the provided factory calibration parameters.

The preprocessed exported images from each sensor were then combined into orthomosaics to correct for terrain and UAV flight movement by camera type for each flight using Agisoft Photoscan Professional (Agisoft LLC, St. Petersburg, Russia). Each orthomosaics image was then cut to create mini-raster images for each individual study plot using FIJI and then batch processed using custom macro functions for index calculations and simultaneous data export for each sensor, including one orthomosaic for the RGB and multispectral sensors, and morning and afternoon orthomosaics from the thermal camera.

The same RGB VIs that were calculated as described in section Agronomical traits and vegetation indices (VIs) from ground were also calculated using RGB aerial images acquired using from the UAV using the exported plot level images in the same manner as the RGB images captured in the field. The thermal data average temperature and standard deviation were exported per plot using a custom macro developed in FIJI (Schindelin et al., 2012). A suite of multispectral indices were calculated from the 11 multispectral reflectance bands of the Tetracam mini MCA 11+ILS as described herewith, where R indicates reflectance and the subscripts indicate wavelengths in nm, including the NDVI calculated as Rouse et al. (1974),
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the Photochemical Reflectance Index (PRI) (Gamon et al., 1992),
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Soil Adjusted Vegetation Index (SAVI) (Huete, 1988),
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where L is a canopy background adjustment factor with an optimal value of L = 0.5;

the Modified Chlorophyll Absorption Ratio Index (MCARI) (Daughtry et al., 2000),
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Water Band Index (WBI) (Peñuelas et al., 1993),
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Renormalized Difference Vegetation Index (RDVI) (Roujean and Breon, 1995),
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Enhanced Vegetation Index (EVI) (Huete et al., 2002),
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Anthocyanin Reflectance Index 2 (ARI2) (Gitelson et al., 2001),
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Carotenoid Reflectance Index 2 (CRI2) (Gitelson et al., 2002),
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Transformed Chlorophyll Absorption Ratio Index (TCARI) (Haboudane et al., 2002),
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Optimized Soil-Adjusted Vegetation Index (OSAVI) (Rondeaux et al., 1996),
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and the TCARI/OSAVI ratio (Rondeaux et al., 1996; Daughtry et al., 2000).



Statistical Analysis

Agronomical traits and VIs were evaluated using multivariate (PCA, principal component analysis) and univariate (ANOVA, analysis of variance) analyses with the programs CANOCO 4.5 (Microcomputer Power, Ithaca NY, USA) and SPSS 22.0 (IBM Corp., Armonk, NY, USA). ANOVA was conducted to calculate differences between genotypes (Meseta, Jallon and Smooth), nitrogen treatments (see Table 1) and their interaction. When there were differences between treatments means, they were assessed using Tukey's HSD test. The results were accepted as significant at P < 0.05. Most of the traits were not significantly altered by the interaction genotype × N treatment. Therefore, we presented in this study the significant effects for the main factors independently. A correlation matrix was generated in R environment for evaluating the linear relationships between all parameters analyzed. Visualization of significant correlations was performed using the software Cytoscape 3.4.0 (Shannon et al., 2003). The significance threshold for correlations between traits was set at r > 0.6 for positive correlations and r < −0.6 for negative correlations, with a P-value < 0.001 in both cases. The figures for the PCA were built in CanoDraw 4.0 (Microcomputer Power) and for agronomical traits and linear regressions in SigmaPlot 11.0 (Sysat Software Inc., Point Richmond, CA, USA). Stepwise regressions between grain yield and VIs were performed in SPSS 22.0 to develop prediction models for grain yield. The proportion of variance explained by each predictor was calculated in R environment using the package relaimpo.




RESULTS

Nitrogen use indexes as presented in Table 2 include the agronomical nitrogen use efficiency (aNUE) and N partial factor productivity (NPFP) according to the 10 N application regimens as detailed in Table 1 for the two hybrid (Jallon and Smooth) and one conventional genotype (Meseta) of the study. While the aNUE is calculated in reference to the N0 regimen yield in order to estimate the use efficiency of the fertilizer applied on top of the residual nitrogen found present in the soil, NPFP adjusts for yield in reference to the applied nitrogen supply per treatment without reference to the other treatments. There were no significant differences found between the three genotypes in the aNUE calculations, there are several clear separations in NPFP between the hybrid and conventional genotypes, notably at N130a, N150b, N170c, and N170d.



Table 2. Agronomical nitrogen use efficiency (NUE) and N partial factor productivity according to the 10 N application regimens as detailed in Table 1.

[image: image]




A close inspection of the principal component analysis (PCA) combining the agronomical and physiological traits of the different levels and application regimens of the study trial design and the measured parameters from the UAV HTPP and field data (Figure 2) demonstrates which field methods have measured similar crop attributes and how they are related to the different genotypes and N levels (Figure 2A) and to the different N levels and application dates (Figure 2B). In both PCA's there is a clear separation on PCA axis 1 between variables associated with higher total green biomass (GA, GGA, Hue, NDVI, OSAVI) and pigment/stress (CSI, v*, TCARI/OSAVI, PRI, ARI2). The second PCA axis appears to have separated SPAD as a leaf measurement from some of the alternatives to RGB color space that are often considered as indicators ground cover (Saturation, v* and b*). In Figure 2A it appears that the lower nitrogen application levels positioned more associated with the pigment/stress plant field measurements while the higher nitrogen applications and yield are on the side of higher total green biomass. Meseta, the conventional variety, appears opposite measures of total ground cover and green biomass. In Figure 2B, again N0 is associated strongly with pigment/stress, while the rest are only slightly on the side of total biomass and more spread along the PCA axis 2, indicating differences in chlorophyll leaf concentration (SPAD) and percent ground cover. There is little difference noted between the different nitrogen application levels (130–170 kg ha−1), with more separation between the application timings (a, b, c, d), with the largest separation between N170a and N170c.
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FIGURE 2. Principal component analysis (PCA) of agronomical and physiological traits in three barley genotypes at different N levels. Arrows represent the variables and triangles the different genotypes (green), N levels (purple) and their interaction (red) in (A), and circles the different N levels and application dates in (B) according to Table 1. M, Meseta; J, Jallon; S, Smooth.



Similar patterns are observed when comparing the different varieties in the agronomical components in Figure 3. We see significant differences in grain yield (GY) and thousand grain weight (TGW) between the three varieties, but in terms of number of grains (NG) the hybrids Smooth and Jallon are together higher in comparison to the lower NG of the Meseta. In nearly all cases, not surprisingly N0 is significant lower, but in terms of GY, only N130a and N170d show significantly different effects, while there is only slightly more separation in terms of the yield subcomponents into a total of four groups for NG and TGW. In all three comparisons, there were no separation between N130b and N170b, for example. In Figure 4, looking in greater detail at GY, we observe no interactions between genotype and the non-zero nitrogen application regimens. There were no differences at all in the conventional variety Meseta, and only two slight separations in treatments in the hybrid varieties Jallon and Smooth and more so due to fertilization regimen timing rather than quantity of fertilizer.
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FIGURE 3. Grain yield (GY), thousand grain weight (TGW), and number of grains per area (NG). Each value is the mean ± SD for each genotype and nitrogen supply (n = 30 for genotypes and n = 9 for N supplies). Bars with different letters are significantly different at P < 0.05.
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FIGURE 4. Meseta (conventional), Jallon (hybrid), and Smooth (hybrid) barley varieties. Each value is the mean ± SD for each genotype separately for each nitrogen supply (n = 3 for genotype replicates and n = 9 for N supplies). Bars with different letters are significantly different at P < 0.05.



The full summary of the different non-destructive ground and aerial VIs presented in Table 3 demonstrates their similar capacity for quantifying the interactions between genotype and treatment. With regards to total N and fertilizer application timing, the physiologically based VIs are frequently able to separate genotypes or differentiate between the conventional and hybrid varieties. We also observe similar results from aerial and ground measurements, as with the high resolution RGB image analyses. However, little consistency is observed between the non-zero N application quantities, with somewhat more distinction made between treatments different in both nitrogen quantity and timing. For example, there were significant differences between the minimal number of applications in N130a and N150a regimens and the three to four field applications in N170c and N170d treatments (NDVI, Hue, and GGA from the ground measurements; and additionally NDVI, RDVI, SAVI and OSAVI from the aerial multispectral data). All of these physiological indices are considered indicators of total green biomass, albeit from different sensors and spectral regions. The capacity for these total green biomass physiological indices to track differences in yield is further corroborated in the yield correlation network presented in Figure 5A, where yield is effectively surrounded by the same set of VIs that were capable of detecting differences related to the combination of N amount and timing (GA, GGA, NDVI, RDVI, SAVI, and OSAVI).



Table 3. Vegetation indices from ground and from aerial images and canopy temperature (n = 30 for genotypes and n = 9 for N supplies).
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FIGURE 5. (A) Correlation network for physiological traits in barley using three different genotypes and ten nitrogen treatments. Edge color represent positive correlations between traits in blue (Pearson's r > 0.6; P < 0.001) and negative correlations in red (Pearson's r < −0.6; P < 0.001). All the significant correlations between yield and other traits are shown in (B) (n = 90).



NG is also very closely correlated with GY, while TGW is not. In Figure 5B, the detailed graphs of the VIs most significantly correlated directly with GY are shown, including ground calculations of GA and GGA together (r2 0.70 and 0.72, respectively), ground and aerial based calculations of CSI together (r2 0.69 and 0.65, respectively), SAVI and its optimized variant OSAVI together (r2 0.66 and 0.65, respectively), and WBI (r2 0.68), RDVI (r2 0.66), NDVI (r2 0.65), and Hue (r2 0.65) separately below. The asymptotic effects of signal saturation are observable more strongly in the correlation graphs of both NDVI and Hue, while the WBI and RDVI both appear to hold fairly linear in comparison though linear regressions were used in all cases for the sake of comparison. Morning (Tmor) and afternoon (Taft) temperature were both significantly higher for the N0 treatment compared to N150b and N170c, while only Taft provided additional separation between N0 and N130b, N150c and N170a.

In Table 4 we present multivariate linear models for estimating grain yield using different selections of non-destructive VIs as indicated using both forward and backward stepwise selection techniques, with a standard AIC selection criterion. We also present the proportion of variance explained by each model predictor, in terms of total variance explained by each predictor (sum equaling the total model r2) and the standard error of prediction (SEP). All three models presented were found to be significant at the P < 0.001 level. Using the UAV platform for image acquisition, which allows for the use of the 11+ILS sensor multispectral camera as well as the same sensors used on the ground, explains a total of 77.8% of the variation in yield for all 90 plots across genotypes under different N supply regimens (total plus application timing) can be explained by the WBI and SAVI indices. In the case of ground based VIs, 71.6% of the yield may be explained by the GGA index alone. In the case of combining VIs from both aerial and ground measurements, a total of 82.7% of yield variation may be explained. In the case of the combined aerial and ground measurements, the RGB indices Hue and GGA taken from the ground level contributed nearly 50% of the final r2-value to the multispectral VIs WBI and RDVI, with morning temperature making a minor contribution.



Table 4. Multivariate regression models explaining grain yield variation from vegetation indices (VIs) across genotypes under different N supplies.
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DISCUSSION


Total N and N Application Regimen Timing Contributions to Yield

Directed plant phenotyping efforts toward improving barley nitrogen use efficiency (NUE) and efficacy must take into account the physiological mechanisms that affect NUE, but also consider the associated economic costs of different fertilizer application regimens, namely via plant nitrogen uptake and storage capacity (Raun and Johnson, 1999; Hirel et al., 2007; Anbessa and Juskiw, 2012; Krapp, 2015; Kostadinova et al., 2016; Rajala et al., 2017). Not only the amount of fertilizer applied, but also the number and timing of these applications may contribute to specific growth stages of the crop and thus result in less or greater contribution to the final yield of the crop. In the two approximations of NUE presented in Table 2, the agronomical nitrogen use efficiency (aNUE) and N partial factor productivity (NPFP), we may observe some potential for error in each as an approximation of actual NUE in the case of not fully accounting for residual soil nitrogen. While there were no differences in aNUE between the hybrids (Jallon and Smooth) and the conventional genotype (Meseta), we are also able to note that the yield from both the hybrids was quite a bit higher than the conventional variety in the N0 treatment. This in of itself may be interpreted as an indication of higher NUE by the hybrids at low N levels, something in of itself of potential interest. Also, since N0 is the reference point for the other N treatments' aNUE, the higher yield of the hybrids already at N0 becomes a strong weighing factor in subsequent calculations. The separations in NPFP between the hybrid and conventional genotypes, notably at N130a, N150b, N170c, and N170d, if they may be assumed as better indicators of relative NUE between the genotypes, again serves to highlight the importance of management practice on NUE, potentially indicating more strongly the different capacities of each genotype for nitrogen uptake and storage.

Too minimal number of field applications will result in an over application of fertilizer at any one time, exceeding the crop uptake capacity and result in loss of excess fertilizer due to leaching during rain or irrigation. Similarly, temporal infrequency with long time periods between fertilizer applications may exceed the plant capacity for N storage and stunt growth in subsequent stages or trigger N mobilization in a way that lowers yield by reducing total photosynthetic biomass prior to grain filling. These concepts are supported by the first comparisons of the data presented in this study where indeed the only differences observed between the different non-zero nitrogen regimens are in terms of the application frequency rather than the total fertilizer application amounts. There is more separation in the PCAs presented in Figure 2B where fertilizer timing by genotype is considered compared to Figure 2A where only the total amount is considered. This is even more clearly supported by Figure 3 where the only differences in GY, NG, and RGW were found between the N130a regimen and the N170c and/or N170d regimens, indicating that the increase in total N is only to be marginally effective if also increasing the frequency of application. In no instance was there any distinction between N130a and N170a, suggesting an exceedance of N uptake and/or storage capacity in terms of yield production.

In Figure 4, with the detailed look at the full fertilizer regimen by genotype, there is no separation at all between non-zero N treatments in the conventional variety Meseta. The lowest fertilization rate (130 kg ha−1) applied in both two or three doses were sufficient to exceed the nitrogen uptake/assimilation capacity of Meseta. Therefore, tilling costs could be reduced with the application of less amounts and frequency of nitrogen fertilizer. Jallon appears to have a greater capacity for fertilizer uptake and use as evidenced by increased yield at higher fertilizer applications with increased frequency. The analysis of the application dates suggested that initial nitrogen fertilization during pre-sowing guarantee higher grain yields at 130, 150, and 170 kg ha−1. This could be an advantage due to better crop establishment and initial tiller development (Baethgen et al., 1995). The lesser degree of separation between the different frequencies of application (a, b, c, d) in Smooth compared Jallon may suggest a greater capacity for N storage for subsequent mobilization at critical yield contributing growth stages. For instance, average GY in Smooth was higher than in Jallon. Overall, in both barley hybrids there is a tendency to higher GY when nitrogen is applied at sowing. It may indicate that the contribution of preanthesis reserves to grain filling is crucial (Van Sanford and MacKown, 1987; Baethgen et al., 1995). These findings suggest that the rate and timing of nitrogen application depend on each genotype. Therefore, the characterization of the different nitrogen strategies in barley genotypes could be relevant to significantly reduce the costs of fertilizers and tilling and the potential ground water contamination by nitrogen leaching.



Non-destructive Vegetation Indices for Ground and UAV Phenotyping

Genotypic differences in VIs between the conventional line, Meseta, and the hybrids, Jallon and Smooth, suggest that the hybrids presented greater canopy biomass and green area, water status and delayed senescence (Table 3). These traits were correlated with GY, as indicated in the correlation network (Figure 5), which suggest that the greater canopy biomass, water status and the delayed senescence in the hybrids, especially in Smooth, were an advantage over the conventional line. The hybrids showed greater capacity for fertilizer uptake with higher GY when nitrogen is applied at sowing, as we reported above, which could have led to a higher tillering and crop canopy cover during vegetative growth as VIs indicated. In previous studies, a rapid development of wheat plants was considered a positive trait for plant performance and to avoid abiotic stresses (Bort et al., 2014; Medina et al., 2016).

From a methodological perspective on the use of UAVs for phenotyping, especially in terms of non-destructive measurements for the selection of different levels of performance by phenotype and treatment, both the high resolution RGB and the multispectral VIs presented here performed comparatively similar. Both class of VIs here managed to track the different levels of performance from each of the three barley varieties in terms of final post-harvest yield (Table 3) equally well as in the comparison of the final yield and yield parameters themselves (GY, NG, TGW; Figures 3, 4). This presents a case for the potential benefits of this technology for modernizing traditional plant phenotyping programs for both the improvement of throughput in terms of time and labor spent in the field as well as the amount of time that the crop must be grown before selection is possible, both of which also represent cost savings (Fiorani and Schurr, 2013; Araus and Cairns, 2014; Hawkesford and Lorence, 2017). Furthermore, the comparable performance of the relatively low cost RGB sensors, with use of appropriate methodology as applied in this study, present a viable alternative to the use of advanced scientific instruments such as the Tetracam MCA11+ILS for plant phenotyping trials and studies (Kefauver et al., 2015; Vergara-Diaz et al., 2015; Zhou et al., 2015).

Still, the use of UAVs also enables the deployment of these image analysis techniques for calculating various VIs to the realm of field phenotyping with both improved throughput (capability to cover hectares in minutes) and complete individual plot coverage of whole trials to provide a more complete capture of variability in field conditions compared to other point or subset area field measurements such as SPAD or Greenseeker NDVI (Fiorani and Schurr, 2013; Araus and Cairns, 2014; Zaman-Allah et al., 2015). On the other hand, more advanced sensor technology, such as field spectroscopy or hyperspectral imaging sensors, may offer some improvements in N content estimation and other relevant physiological parameters (Clevers and Kooistra, 2012; Zarco-Tejada et al., 2012; Pölönen et al., 2013; Bareth et al., 2015; Gonzalez-Dugo et al., 2015).



Contributions of UAV Plant Phenotyping Platform for Improving Barley NUE and Application Regimen Efficacy

The highest correlations with final grain yield came from the GGA and GA indices from RGB images taken at the ground level followed closely by the same indices measured from the UAV aerial platform. In the application of multivariate models and stepwise selection as presented in Table 4, GGA alone was only slightly outperformed by two multispectral indices (r2 0.716 vs. 0.778). This may be related to the capacity of the multispectral indices to measure plant physiological components separately, such as with the WBI and SAVI indices selected here (Huete, 1988; Gamon et al., 1992; Peñuelas et al., 1993), whereas the RGB indices most likely calculate a combination of physiological components or overall performance related to biomass and/or total green biomass (Casadesús et al., 2007; Casadesús and Villegas, 2014). In this sense, different multispectral indices may be more often complimentary in a multivariate model compared to the quantification provided by high resolution RGB covering only broad electromagnetic regions in the visible spectrum.

As seen in the final multivariate model combining all the VIs from the ground and the UAV, the optimal combination may be found in a selection of the best estimates overall crop performance (RDVI and GGA contributing 0.192 and 0.181 to the total model r2) and some multispectral index specific to the target traits of the study, such as WBI, Hue or temperature, which may be tracking more specific traits such as pigment quality and root growth, representing traits more specific to the varying nitrogen regimens of this study (contributing 0.210, 0.197, and 0.047 to the total model r2). Interesting enough the split between more general performance indices and specific indices appears to be about even, though it can be argued that the WBI in a lack of water stress conditions may also be tracking biomass more closely than actual water stress, since it is a measure of total water in the plant canopy and is thus also strongly affected by total plant biomass (Huete, 1988; Huete et al., 2002). Hue can be seen as a potential pigment quantification replacement for the multispectral pigment indices of ARI2, CRI2, MCARI, TCARI, and TCARI/OSVI, but was here found to be much more closely related to yield, which may be due to the fact that at high spatial resolution sampling, it must also contain some component of biomass as it separates out vegetation fractional cover based soil background color separation from plant photosynthetic and non-photosynthetic vegetation.

The relevance of the inclusion of both WBI and mid-morning temperature (Tmor) may even be interpreted as factors related to increased root growth that allowed for increased nutrient uptake capacities in the higher yielding hybrid varieties. Other previously discussed comparisons in terms of the difference in performance with fertilizer application timing and number of applications may also support this; however, since this study did not include specifically root measurements, that cannot be confirmed here, as it has been in other studies (Postma et al., 2014; Gioia et al., 2015). Still, as UAV and sensor technology and processing continues to advance, we may expect their contributions to high-throughput plant phenotyping to similarly increase (Hruska et al., 2012; Suomalainen et al., 2014; Gevaert et al., 2015).




CONCLUSIONS

Nitrogen management, including rate and timing, is a key factor controlling grain yield in barley genotypes. The selection of hybrids with a better plant performance compared to lines, such as greater crop canopy cover, water status and delayed senescence, could contribute to the enhancement of barley yield stability and nitrogen use efficiency. UAV platforms and associated technology including aerial platform control and stability, appropriate affordable scientific research sensors and processing software capacities have advanced sufficiently to be of use for HTPP studies in field conditions. This technology allows for the development of phenotyping selection criteria for yield under different experimental trial conditions, including but not limited to the nitrogen fertilizer regimen treatments in this study, or for the selection toward improving specific physiological capacities such as nitrogen use efficiency or nitrogen uptake or storage and remobilization capacity.
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In field peas, ascochyta blight is one of the most common fungal diseases caused by Didymella pinodes. Despite the high diversity of pea cultivars, only little resistance has been developed until to date, still leading to significant losses in grain yield. Rhizobia as plant growth promoting endosymbionts are the main partners for establishment of symbiosis with pea plants. The key role of Rhizobium as an effective nitrogen source for legumes seed quality and quantity improvement is in line with sustainable agriculture and food security programs. Besides these growth promoting effects, Rhizobium symbiosis has been shown to have a priming impact on the plants immune system that enhances resistance against environmental perturbations. This is the first integrative study that investigates the effect of Rhizobium leguminosarum bv. viceae (Rlv) on phenotypic seed quality, quantity and fungal disease in pot grown pea (Pisum sativum) cultivars with two different resistance levels against D. pinodes through metabolomics and proteomics analyses. In addition, the pathogen effects on seed quantity components and quality are assessed at morphological and molecular level. Rhizobium inoculation decreased disease severity by significant reduction of seed infection level. Rhizobium symbiont enhanced yield through increased seed fresh and dry weights based on better seed filling. Rhizobium inoculation also induced changes in seed proteome and metabolome involved in enhanced P. sativum resistance level against D. pinodes. Besides increased redox and cell wall adjustments light is shed on the role of late embryogenesis abundant proteins and metabolites such as the seed triterpenoid Soyasapogenol. The results of this study open new insights into the significance of symbiotic Rhizobium interactions for crop yield, health and seed quality enhancement and reveal new metabolite candidates involved in pathogen resistance.
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INTRODUCTION

Legumes are the most important vegetable protein sources in food security programs (Kücük and Kivanc, 2008) as well as European animal feed production (Martin, 2014). They play a key role in the improvement of sustainable agriculture (Kumar et al., 2011). Also, the cultivation of legumes improves soil, decreases the use of nitrogen fertilizers and production costs (Ahmed et al., 2007). Among grain legumes, aboveground biomass of productive pea (Pisum sativum L.) holds 300 kg N ha-1 while 70% of this amount is in seeds and thus, for this high yielding potential, pea is a key plant in sustainable agriculture (Zajac et al., 2013). The pea key agro-ecological services are linked with its ability to develop symbiotic nitrogen fixation with rhizobia bacteria.

Plant diseases are global threats for limited food supplies and thus implementation of disease management in an effective and sustainable framework is inevitable (Strange and Scott, 2005). Ascochyta blight caused by Didymella pinodes is one of the most damaging diseases of pea (P. sativum) in major pea planting regions of the world (Setti et al., 2010; Ahmed et al., 2015). This disease reduces seed quality and causes severe yield losses (Garry et al., 1996). Breeding strategies are recommended alternatives to chemical application in disease management of D. pinodes. However, low resistance levels in pea cultivars in addition to pathogenic variation in population’s results in ineffective improvement of cultivar resistant (Xue and Warkentin, 2001). Due to the life cycle of disease as primary inoculum causing transmission of infection and in order to protect grain production, a few researches have studied the impact of biological control in disease management of seed infection caused by D. pinodes (Moussart et al., 1998).

The endophytic and rhizospheric bacteria with ability to effect on plant growth promotion and reduction of plant stresses are called plant growth promoting rhizobacteria (PGPR) (Orrell and Bennett, 2013). Previous studies have indicated that PGPR increase the resistance level with antagonistic activity of plants against pathogens and herbivores (Orrell and Bennett, 2013).

Apart from nitrogen fixation and plant growth promotion in soybean, Rhizobium serves as key antagonist against fungal disease caused by Fusarium solani, Macrophomina phaseolina, and Rhizoctonia solani (Omar and Abd-Alla, 1998; Al-Ani et al., 2012; Das et al., 2017). Seed treatment with Rhizobium leguminosarum notably decreases root rot disease caused by Fusarium solani f. sp. phaseoli of bean and Pythium in pea plants (Estevez de Jensen et al., 2002; Huang and Erickson, 2007; Das et al., 2017). Moreover, Rhizobium strains are used for biological control of chickpea diseases caused by Fusarium oxysporum f. sp. ciceris, Fusarium spp., F. solani, M. phaseolina, Pythium sp., Rhizoctonia bataticola, and R. solani (Nautiyal, 1997; Arfaoui et al., 2005; Singh et al., 2010; Shaban and El-Bramawy, 2011; Smitha and Singh, 2014; Das et al., 2017). Thus, Rhizobium inoculation may be an efficient, safe and economic alternative to fungicides as bio-control agent in plant disease management (Kumar et al., 2011; Al-Ani et al., 2012). In addition, Rhizobium inoculation of fenugreek enhanced the quantity and quality of the seeds (Abdelgani et al., 1999).

The PGPR promote and enhance some growth parameters such as seed germination, seedling vigor, emergence, plant stand, root and shoot growth, total biomass of the plants and seed weight (Kumar et al., 2011). Rhizobium as PGPR is a key factor for establishment of symbiosis with legumes. Their role in nitrogen fixation makes them a main component and biological nutrient source in sustainable agriculture. Inoculation of legumes with these bacteria increases biological nitrogen fixation in agriculture, especially in N depleted soils (Neo et al., 2012). Rhizobia are the most notable bacterial symbionts in the rhizoplane, rhizosphere of legumes and surround seeds (Mel’nikova and Omel’chuk, 2009).

Supplying enough high quality seed is crucial in crop establishment and producing high yield as well as food and nutritional security programs across the globe. Some previous studies have shown that Rhizobium spp. inoculation of fenugreek and been plants improves seed yield, protein content, and seed quality significantly (Abdelgani et al., 1999; Kücük and Kivanc, 2008). Also, the symbiosis of legumes and Bradyrhizobium japonicum increases the biomass of the green parts in inoculated plants at bud stage (Mel’nikova and Omel’chuk, 2009). The plant responses to Rhizobium inoculation depends on bacterial strain (s) and plant host varieties (Begum et al., 2001a). There is a knowledge gap in integrative assessment of Rhizobium potential as PGPR on all yield components and plant growth parameters in a symbiosis relation with pea plants and against aboveground pathogens at molecular level through seed metabolomics and proteomics analyses. Moreover, little data is known about seed metabolome and proteome in legumes hosting microbial symbionts. Thus, there is a need to understand deeply the effect of Rhizobium as belowground microsymbiont on aboveground parts of pea plants and evaluation of its ability to control fungal diseases of plants.

This study evaluates the effect of root nodulating Rhizobium as a PGPR microsymbiont on several quantity and quality components including seed metabolomics and proteomics analyses against ascochyta blight disease caused by D. pinodes in uninfected (healthy) comparing to infected (diseased) pea plants grown in pots for two cultivars with different levels of resistance.

We focus on the following questions through integrated molecular and phenotypical approaches (a) does Rhizobium promote seed yield and quality in two pea cultivars of different susceptibility to D. pinodes infection; (b) how does pathogen infection influence seed quantity and quality; (c) does Rhizobium inoculation influence pathogen seed infection and how, and (d) are the effects of Rhizobium inoculation plant cultivar specific?



MATERIALS AND METHODS

Experimental Design and Treatments

To establish the Rhizobium – host plant–pathogen interactions, an experimental design was implemented, including three factors (cultivar, microsymbiont, and pathogen) with three pots per treatment and four plants per pot were prepared (Figure 1): Messire (Me), susceptible or Protecta (Pr), tolerant); seed treatments as the second [R = rhizobial-inoculated (with Rlv) or NR = non-rhizobial-inoculated]; the pathogen D. pinodes as the third [U = uninfected (healthy) or I = infected (diseased)].


[image: image]

FIGURE 1. Schematic overview of the experimental setup. Each treatment consisted of three pots. Each pot contained four plants. For morphological experiments n = 12 biological replicates per treatment. For molecular experiments n = 3 (seeds were pooled from four plants per pot and from three pots per treatment = three biological replicates. Each biological replicate was measured two times = two technical replicates).



Plant Growth Conditions (Pot Experiment)

The P. sativum seeds of cultivars Messire and Protecta were received from Rubiales Lab, Cordoba (Spain) and University of Natural Resources and Life Sciences (Austria), respectively. Cultivar Messire has been described as susceptible to D. pinodes (Fondevilla et al., 2011), while cultivar Protecta was considered as partially resistant. Seeds of P. sativum were surface sterilized in ethanol (95%) for 5 min and then rinsed by sterile water. After that, seeds were immersed in commercial bleach (5%) for 20 min and washed five times with sterile water (Begum et al., 2001a). Seeds were imbibed for 4 h prior to sowing (Begum et al., 2001a). Then, seeds were pre-germinated in trays including sterile mixture of vermiculite and perlite. Then, 3 days old germinated seeds were transplanted into the pots (3 L) with 2 kg pot-1 sterile soil (pH 5.6, N 7 mg/L, P 13 mg/L, and K2O 120 mg/L) as described in our previous study (Desalegn et al., 2016) and placed under controlled environmental conditions (14-h day/10-h night; 600 μmol m-2 s-1 light intensity; 22°C/16°C day/night temperature; 60–70% relative humidity) (Ludidi et al., 2007; Larrainzar et al., 2014). All NR plants were fertilized once a week with 200 mL of Broughton and Dilworth nutrient solution (Broughton and Dilworth, 1970; Laguerre et al., 2007) containing 10 mM KNO3.

Plants Harvest and Data Collection

The plants were harvested at seed maturity stage. The vegetative and reproductive growth parameters of plants including pod number (per node and per plant), pod size, pod weight, number of seeds per pod and per plant, seed biomass (DW and FW per plant and per seed and the thousand seed weight) as well as flower number were recorded. Also, seed yield, vigor index and percentage of non-soakers and hydration coefficient were analyzed. Moreover, rhizobial population density and root nodule colonization of pea plants were assessed.

Rhizobium Inoculation

Commercial inoculant [JOST GmbH, RADICIN N° 41] of R. leguminosarum bv. viceae (Rlv) was added to the seeds (2 mL/seed) in each planting hole (Naeem et al., 2008; Kumar et al., 2011) and according to prescription of the company. For Rhizobium treatments, N-free nutrient solution (KH2PO4 68 ppm, K2SO4 43.5 ppm, Fe-citrate 2.63 ppm, H3BO3 0.12 ppm, MgSO4⋅7H2O 61.65 ppm, CaCl2 147 ppm, ZnSO4⋅7H2O 0.14 ppm, CoSO4⋅7H2O 0.028 ppm, CuSO4⋅5H2O 0.05 ppm, Na2MoO4⋅2H2O 0.024 ppm and MnSO4⋅H2O 0.17 ppm) was applied weekly (Desalegn et al., 2016).

Pathogen Inoculum Preparation and Inoculation

The pathogen isolate (D. pinodes) was obtained from the Rubiales Lab, Cordoba (Spain) and inoculum was multiplied according to a modified method of Davidson et al. (2012) on potato dextrose agar (PDA) medium amended with Ampicillin (100 μg/mL) and Chloramphenicol (8 μg/mL) at 22°C and 12 h photoperiod. For preparation of spore suspension, sterile distilled water was added to 7-day-old colonies of D. pinodes and then surface of colonies were scraped by sterile needles and resulting suspensions were filtered via sterile cheesecloth (Zimmer and Sabourin, 1986; Carrillo et al., 2013). The concentration of conidia in the filtered suspension was adjusted to 3 × 105 spores/mL (Zimmer and Sabourin, 1986; Carrillo et al., 2013). The leaves of 3 weeks old plants were inoculated in separate place with spore suspension containing Tween-20 (120 μL per 100 mL of suspension) and non-inoculated plants were sprayed with Tween-20 and sterile distilled water (Carrillo et al., 2013). To facilitate the infection, plants were covered by a transparent plastic bag for 48 h and after incubation the plants were uncovered (Carrillo et al., 2013; Okorska et al., 2014). The infected plants were kept separately for 7 days at 21 ± 2°C with a 12 h light photoperiod (Garry et al., 1998) and then placed with uninfected plants under controlled environmental conditions (14-h day/10-h night; 600 μmol m-2 s-1 light intensity; 22°C/16°C day/night temperature; 60–70% relative humidity) (Ludidi et al., 2007; Larrainzar et al., 2014).

Evaluation of Seed Yield (Quantity) and Physical Properties

To estimate the seed yield, total weight of all harvested seeds per pot was determined (kg pot-1) based on a modified formula of seed yield index (Sajid et al., 2012).

In order to investigate the physical properties of obtained seeds from different treatments, 100 harvested seeds were selected randomly and then immersed in tap water (1:4) for 16 h per each treatment (Abdelgani et al., 1999). The non-soakers and hydration coefficient percentages were obtained to evaluate the number of hard (non-soaked) seeds and their absorption potential, respectively, by the following formulas (Abdelgani et al., 1999):
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Thus, a higher hydration coefficient and lower non-soaker are indicators for better seed quality.

Seed Vigor Index Assessment

The seed vigor index is an important parameter that includes seed germination and seedling growth properties. The vigor index per treatment was determined by the rolled towel technique as described earlier (Farrag and Moharam, 2012) and calculated by following formula (Farrag and Moharam, 2012):
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Isolation of Root Nodulating Rhizobacteria

The nodules were collected carefully from roots at harvesting time (pods fully formed stage BBCH 81-88, 12-14 weeks after transplanting) and washed with tap water. These nodules were sterilized with ethanol (95%) for 5–10 s and washed five times with sterile distilled water (Somasegaran and Hoben, 1985; Datta et al., 2015). Then, they were dipped into 0.5% (v/v) sodium hypochlorite for 1 min and washed seven times with Milli-Q (ultrapure) water (Agrawal and Choure, 2011; Datta et al., 2015). The surface sterilized nodules were squeezed and crushed in 5 mL Milli-Q (ultrapure) water in a tube by sterilized glass rod. The resulting milky suspension was streaked on CR-YMA and YEM Agar as selective Rhizobium media (Kneen and LaRue, 1983; Agrawal and Choure, 2011; Neo et al., 2012; Zohra and Mourad, 2016) and incubated at 28 ± 1°C for 48–72 h (Deshwal and Chaubey, 2014; Datta et al., 2015). To enumerate the total number of viable cells, standard plate count method and turbidimetric measurement by spectrophotometry were used (Somasegaran and Hoben, 1985; Pitkäjärvi et al., 2003). Single colonies were picked and restreaked on CR-YMA and YEM Agar plates for preparation of pure cultures (Datta et al., 2015).

Assessment of Disease Severity

Disease assessment was monitored 10 days after pathogen inoculation and determined every 2 weeks during the growing period. Lesions on leaves and stems were monitored and recorded by USB digital microscope (25×–400×, BMSCI, Japan). Area of lesions was calculated using lesions dimension and disease severity was determined based on area of lesions on leaves (Hwang et al., 2006; Ardakani et al., 2009; Carrillo et al., 2013).

Seed Infection Assay

To assess the seed infection level (100 seeds per treatment), the potato dextrose agar (PDA) and paper towel techniques were applied (Tivoli et al., 1996; Xue et al., 1996; Gaurilčikienė et al., 2012; Mahmoud et al., 2013).

Seed Secondary Metabolites and Proteome Analysis

Seed Harvesting and Sample Preparation

At harvesting time (seed maturity stage), mature seeds from all plants were collected (about 100 seeds per four plants per biological replicate). Freeze dried seeds in liquid nitrogen were ground to a fine powder according to cold milling technique by using Retsch mixer mill MM 400 (Retsch, Germany).

Protein Extraction

For protein extraction, we used the optimized protocol of Wienkoop et al. (2008). Fifty milligrams of seed fine powder per replicate (three biological and two technical replicates per treatment) were homogenized in 1.5 mL of fresh extraction buffer including 50 mM Tris-HCl (pH 7.5), 5 mM EDTA, 0.7 M sucrose, 1% (w/v) PVPP, 1 mM PMSF, 5 mM DTT and Milli-Q (ultrapure) water. Then 1.5 mL Roti®-Phenol (Carl Roth GmbH, Karlsruhe, Germany) was added and homogenized again. The homogenates were transferred with shortened tips to 15 mL Falcon tubes and were shaken at 4°C for 30 min. The mixed homogenates were centrifuged at 4000 × g, 30 min, 4°C and based on soft slow-down mode at the end of centrifugation. The phenolic upper phase was carefully collected after centrifugation and then was transferred to new 15 mL Falcon tubes and were precipitated over night with ice-cold acetone (five times of the supernatant volume) at -20°C. The precipitated proteins were pelleted by centrifugation at 4000 × g, 15 min and 4°C. For air-drying of protein pellets, the Falcon tubes were arranged under the fume hood for 10 min and then the pellets were dissolved in 500 μL urea buffer composed of 50 mM HEPES (pH 7.8) and 8 M urea.

Bradford Analysis, Protein Digestion, and Desalting

The protein concentration was measured according to Bradford (1976). For protein digestion, 150 μg of proteins were pre-digested with endoproteinase Lys-C sequencing grade (Roche, Germany) for 5 h at 30°C. Samples were diluted to make a final concentration equal to 2M urea by adding trypsin buffer (10% acetonitrile (ACN), 50 mM ammonium bicarbonate, 2 mM CaCl2). Then, 5 μL of Poroszyme immobilized trypsin beads (Applied Biosystems, Germany) added to samples and incubated at 37°C overnight. For desalting, digests were transferred to C18-SPEC 96-well plates (Agilent Technologies) and desalted according to the manufacturer’s instructions. Desalted peptides were dried by vacuum concentrator and stored at -80°C until MS analysis.

Nano ESI LC–MS/MS for Protein Identification

One microgram of desalted and dried peptide samples were dissolved in 2% ACN and 0.1% formic acid (FA). Two technical replicates per sample were injected in random order to an EASY-Spray column, 15 cm × 50 μm ID, PepMap C18, >2 μm particles, 100 Å pore size (PepMap RSLC, Thermo Scientific) and separated during a 180 min gradient with a flow rate of 400 nL/min using an 1D nano LC (UltiMate 3000, Thermo Fisher Scientific) coupled to an Orbitrap Elite Hybrid Ion Trap-Orbitrap Mass Spectrometer (Thermo Fisher Scientific, Bremen, Germany) with full scan range 350–1,800 m/z, enabled dynamic exclusion, exclusion duration 60 s, exclusion list size 500, repeat duration 30 s, repeat count 1, 20 MS2 scans, CID (activation type), enabled charge state rejection with rejected unassigned charge state 1, minimum required signal 1,000 and expiration count 1.

Protein Identification and Quantification

The resulting RAW files from MS measurement were uploaded to MaxQuant software package (version 1.5.3.8) for protein quantification and identification with the following group specific parameters default setting: maximum missed cleavages 2, five (as maximum number) of variable modifications (acetylation of the N-term and oxidation of methionine) per peptide, label-free quantification (LFQ) minimum ratio 2, first search peptide tolerance 20 ppm, main search peptide tolerance 4.5 ppm, isotope and centroid match tolerance 2 and 8 ppm, respectively. Also the following global parameters settings: stabilized large LFQ ratio 2, activation of required MS/MS for LFQ, minimum six amino acids as peptide length, revert decoy mode, peptide/spectrum match (PSM) and protein false discovery rate (FDR) 0.01. An assembled protein database (FASTA format) from our previous study (Desalegn et al., 2016) was applied in Andromeda search engine. The mass spectrometry proteomics data as well as the Fasta and mercator files have been deposited in the ProteomeXchange Consortium via the PRIDE (Vizcaíno et al., 2016) partner repository with the dataset identifier PXD006617.

Secondary Metabolite Polar Phase Extraction

Metabolites extraction according to De Vos et al. (2007) was optimized. One hundred milligrams of seed fine powder per each treatment with three biological replicates were homogenized in 1 mL of fresh extraction buffer (80% MeOH) by placing in ultrasonic bath at low temperature (ultrasonication on a mixture of water and ice) for 10 min. The homogenates were centrifuged at 21000 × g, 10 min and then supernatants were transferred to new 2 mL Eppendorf tubes. The samples were dried by vacuum concentrator. The dried samples were resuspended by adding 50 μL 50% MeOH in 0.1% FA and then centrifuged at 21000 × g, 10 min. The supernatants were diluted (1:10) with 0.1% FA and 5% MeOH and 3 μL reserpine 5 mg/L (Sigma-Aldrich) was added to each diluted supernatant as quantitative reference standard. The samples were centrifuged (21000 × g, 10 min) again and 20 μL of samples carefully transferred to glass micro-vials with integrated micro-inserts for nanoESI LC–MS/MS.

NanoESI LC–MS/MS for Polar Metabolite Analysis

The extracted metabolites (three biological and two technical replicates per treatment) were applied with C18, 2.7 μm (particle size) HPLC column, 15 cm × 100 μm ID (Supelco analytical, Sigma-Aldrich) and 96 min gradient ranging with 400 nL min-1 flow rate. The eluent was analyzed by LTQ-Orbitrap XL Hybrid Ion Trap-Orbitrap Mass Spectrometer (Thermo Fisher Scientific, Germany) with full scan range 130–1,800 m/z, enabled dynamic exclusion, exclusion duration 60 s, exclusion list size 500, repeat duration 30 s, repeat count 1, CID activation type and minimum required signal 50,000.

Secondary Metabolites Identification and Quantification

Untargeted identification approach using MET-COFEA

In a second strategy, MS RAW files were converted to CDF format by Xcalibur (version 2.3.26) (Thermo Fisher Scientific Inc.). The CDF files were loaded into the LC-MS data analysis tool MET-COFEA (metabolite compound-associated feature extraction and annotation algorithms) (Zhang et al., 2014) with the following parameter configurations: intensity cut-off threshold 10,000, ppm threshold 200 for mass tracing, minimum trace length 6, minimum peak width 6, maximum peak width 50, and peak significance threshold 1.5. Then, the output files of MET-COFEA were transferred to MET-XAlign tool (Zhang et al., 2015) for alignment of annotated compounds.

Quantitative approach using ProtMAX alignment and manual peak integration

For relative quantitative data matrix alignment MS RAW files were converted to mzXML format by using MassMatrix mass spectrometric data file conversion tool version 3.92. The resulting mzXML files were used to extract the m/z precursor ratio and retention time information by ProtMAX 2012_rev.2.14 (Egelhofer et al., 2013) and also manual peak integration using Xcalibur 2.2 (Thermo Scientific). Further manual spectral analysis was carried out based on precursor mass of identified compounds that showed significant changes between the treatments, their corresponding sum formula and fragmentation patterns (Wang et al., 2016). In addition, specific tandem MS libraries of plant phenolic compounds (Lei et al., 2015), METLIN (The Scripps Research Institute) and HMDB (Wishart et al., 2013) were used for metabolite identification and cross validation with the compound annotations from MET-COFEA.

Statistics

For quantification of metabolite and protein data, only those compounds that were found in all replicates of at least one treatment (three biological replicates, 1–2 technical) were selected. Missing values were filled by prior distribution using COVAIN Toolbox (Version 2014-Feb-12/MATLAB R2015a) (Sun and Weckwerth, 2012). The significant differences between treatments were determined by ANOVA followed by Tukey HSD test (p < 0.05) for phenotypic, proteomic, and metabolomics studies. Corrected p-values (q-values; Benjamini Hochberg) are additionally provided for proteins. The multifactor (three-way) ANOVA followed with Tukey HSD test (p < 0.05) was used to examine the main effects and interaction of biotic stress (with/without D. pinodes infection), cultivar type, rhizobial (R) or non-rhizobial (NR) treatments using STATGRAPHICS Centurion XVI.II. For standard error computation in STATGRAPHICS Centurion XVI.II, the pooled standard deviation is divided by square root of observations number (STATGRAPHICS Centurion XVI.II, Statpoint Technologies, Inc., Warrenton, VA, United States). Outliers were removed using 1.5 times the interquartile range. Principle component analysis (PCA) was carried out using COVAIN Toolbox as mentioned above with log10 transformed data. Heatmap and cluster analysis was carried out using RStudio (3.3.0). The average intensity of statistically significant proteins among treatments was scaled (z-transformation). Proteins were hierarchically clustered with Euclidian distance and complete linkage method as described previously (Desalegn et al., 2016) and clusters (1–4) were grouped at a height of 1.3.



RESULTS

Assessment of Root Nodule Colonization

The population of isolated Rhizobium from the nodules of grown pea roots in pots was between 3.8 × 108 and 4.2 × 108 cfu g-1 of nodule (Log10 transformed population values between 8.58 and 8.62 cfu g-1) (Supplementary Table S1). The abundance of isolated Rhizobium from nodules was significantly different between the two cultivars such that the population density in cultivar Messire was significantly higher than in nodules of cultivar Protecta (Supplementary Table S1). Non-infected plants revealed higher nodule number than infected plants, however this was not significant (Supplementary Table S1). Nodule weight was not significantly different at any level of treatments (Supplementary Table S1). A decreased abundance of Rhizobium density in the nodules was found in infected compared to non-infected treatments of both cultivars (Supplementary Table S1).

Impact of R. leguminosarum bv. viceae (Rlv) Inoculation on Yield Components of Healthy and Diseased P. sativum Seeds

The seed yield components such as fresh and dry weights per plant and per pod besides TSW were significantly influenced by microsymbiont factor (Table 1). In spite of those increased seed weights, the overall seed number per pod and per plant were not significantly affected by Rhizobium inoculation (Table 1). However, seed number and yield losses upon pathogen infection were significantly reduced in R compared to NR treated cultivar Protecta (Supplementary Table S2).

TABLE 1. Multifactor (three-way) ANOVA including cultivar, microsymbiont, pathogen factors with main and interaction effects on all seed yield components, plant growth parameters, rhizobial root colonization, and nodulation in grown pea plants in pots.
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Pod size, pod weight, pod number per plant, and flower number were notably influenced by pathogen factor (Table 1) such that these were reduced upon infection (Supplementary Table S3). The cultivar factor had significant impact on number of flowers, which were higher in Protecta while pod number per node and pod size was lower in Protecta compared to Messire (Table 1 and Supplementary Table S3). Furthermore, microsymbiont had significant influence on pod size, pod weight, and flower number, such that R treatment promoted a general increase of these parameters, respectively (Table 1 and Supplementary Table S3).

Although there was no significant difference for hydration coefficient and non-soaker percentage of seeds between R and NR of healthy and disease plants, R plants showed a lower non-soaker values under healthy (U) and disease (I) conditions (Supplementary Table S4). The results of multifactor analysis additionally revealed that the vigor index and non-soaker percentage were influenced by the pathogen and cultivar factors, respectively (Table 1).

Effect of Rhizobium Inoculation on Seed Infection Level

Rhizobium leguminosarum bv. viceae (Rlv) inoculation significantly reduced the seed infection level (∼two fold) compared to non-rhizobial-inoculated (NR) plants (Figure 2). We already published results of leaf lesion severity in Turetschek et al. (2017). Here, the same results were determined as for the seed infection level. Our data approved partial resistance of Protecta and susceptibility of Messire against the pathogen. The results of seed infection level assessment of the two cultivars demonstrated that both were infected by D. pinodes but the level of seed infection in Protecta was significantly lower than Messire when comparing non-rhizobial-inoculated (NR) or R treatments (Figure 2).
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FIGURE 2. Box-and-Whisker plot (Tukey HSD test, p < 0.05, n = 12) of significant difference for seed infection severity at cultivar-microsymbiont interaction level of pea plants grown in pots. Me: CV Messire, Pr: CV Protecta, R: rhizobial, NR: non-rhizobial, I: pathogen infected, U: pathogen uninfected. Values with different letter (a, b, c) per treatment are significantly different.



The seedling vigor was not significantly affected by rhizobial symbiont but higher vigor index in R plants showed that their seeds were better developed than NR plant seeds (Supplementary Table S4).

Thus, results confirm partial resistance of cultivar Protecta against pathogen infection in comparison with Messire (Figure 2).

Rhizobial Symbiont Impact on the Seed Proteome upon Infected and Uninfected Plants

In total, 1726 proteins were identified by MaxQuant software package (Version 1.5.3.8). Only proteins without missing LFQ intensity values for at least one treatment were kept for statistical data analysis. All remaining, quantifiable proteins (936) were mapped and functionally classified using the Mercator web pipeline (Lohse et al., 2014). A detailed overview of all identified proteins, assigned functional categories, numbers of proteins and peptides, relative abundance ratios (R to NR treatments) and statistics of pathogen infected and uninfected plants are listed in Supplementary Table S5. About 23% of all quantifiable proteins showed statistically significant differences (ANOVA, Tukey HSD test, p < 0.05 and ≥ two fold change) between R and NR comparing both U and I treatments. Abundance changes of those proteins are visualized in Figure 3A. Most abundant functional categories for the four clusters are visualized in Figure 3B.
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FIGURE 3. (A) Heatmap of 213 protein intensities from seed extractions which illustrated a significant difference among Rhizobium treatments of healthy and pathogen infected plants. Each cell indicates the z-transformed average protein intensities (n = 3). For cluster analysis, complete linkage and euclidean distance methods were applied; (B) clusters from (A) were functionally grouped by using functional bins from the MapMan Mercator tool. Categories were plotted when comprising >2 proteins.



Among all identified protein levels of major functional categories (≥3 proteins) TCA, cell wall, plastid, development, and RNA were increased in numbers and fold change in healthy R plants (Supplementary Table S5) independent on cultivar. In addition R treatments of healthy cv. Messire revealed significant induction of proteins involved in protein regulation and amino acid metabolism (Figure 3, cluster 1).

Proteins involved in redox regulation were remarkably induced upon pathogen infection in terms of fold-change compared to numbers (Supplementary Table S5), indicative for a hypersensitive response (HR), enhanced in R treated plants. Protein regulation is a major category appearing in both healthy and infected plant processes influenced by R. This category was not different in numbers but showed increased fold changes during infection (Supplementary Table S5). Furthermore, major carbon metabolism followed by DNA and amino acid categories was strongly induced in fold change and numbers of infected R plants (Supplementary Table S5 and Figure 3, cluster 2). All these response categories mainly belong to the innate immune system of the plant and are thus typically involved in a basal defense response. However, here several of these proteins are enhanced upon R treatment. Proteins of the development category, especially of the late embryogenesis abundant (LEA) family were most significantly induced mainly in R treated plants upon response to pathogen infection (Figure 3, cluster 4), except for cv. Messire, where these proteins showed highest levels in healthy non-Rhizobium plants. Proteins involved in development, glycolysis, and lipid metabolism were generally induced upon pathogen attack (Figure 3, cluster 3).

Rhizobial Symbiont Impact on Seed Metabolites upon Infected and Uninfected Plants

Twenty-three metabolites could be identified with high confidence including lipids, flavonoids, anthocyanins, and others (Supplementary Table S6a). In some cases it was, however, not possible to unambiguously identify and distinguish between compounds. Several glycerophospholipids share same masses and formula and could therefore not be discriminated. In these cases, all possible metabolites are listed belonging to the same compound family. Metabolites where evaluated according to significant changes between RU against NRU and RI against NRI (Supplementary Table S6b). Nine metabolites showed significant changes (ANOVA, Tukey HSD test, p < 0.05 and fold change ≥ 2) between R and NR treatments being mostly increased either in healthy seeds or during infection (Supplementary Table S6b). The seed terpenoid Pisumoside B was found significantly increase in RU compared to NRU plants. Remarkably, with Soyasapogenol C, ∗Api_Dai_Kae_Flavon and 6-Hydroxyapigenin 7-[6″-(3-hydroxy-3-methylglutaryl) glucoside], cultivar Protecta exhibited significantly enhanced changes in RI seeds compared to cv. Messire (Supplementary Table S6b).

Integrative Rhizobial Symbiont Impact on Seed Proteins, Metabolites, and Phenotypic Parameters of Infected and Uninfected Plants

An integrative approach was used to get an overview of those compounds with highest impact on the separation of D. pinodes infected to uninfected plants and R treatments. The PCA analyses revealed highest impacts of developmental proteins of the LEA family including LEA and dehydrins accumulating during pathogen infection (Figure 4A and Supplementary Table S7a). Notably, LEA abundance levels are much lower in R than in NR treated, healthy (U) plants but most significantly induced during infection. A closer look at the highest impact on pathogen infected treatments revealed a clear separation of R against NR plants by proteins such as sucrose synthase (frv2_111055 also Q9T0M9), serine proteinases such as subtilisin (frv2_80879), Glucan 1, 3-beta-glucosidase A (Q7Z9L3) as well as the metabolites ∗Api_Dai_Kae_Flavon and Soyasapogenol, increasing to a higher extend in RI compared to NRI plants (Figures 4B, 5 and Supplementary Table S7b). Rhizobium specific, especially several storage proteins (vicilin frv2_746012, frv2_130435 and frv2_80171) were found with stronger increase upon infection in cv. Protecta than cv. Messire (Supplementary Table S5) despite the fact that abundance levels were always lower in cv. Protecta and the fact that they showed significantly lower levels in RI compared to NRI in Messire.
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FIGURE 4. Principle component analysis analyses of (A) Seed proteins, metabolites and phenotypic parameters significantly altered between at least two out of all treatments; loadings plot shows compounds with highest loadings of PC1 (loadings > 0.1 and > –0.1). (B) Proteins, metabolites, and phenotypic parameters significantly altered between at least two of the pathogen infected treatments; loadings plots shows compounds with highest loadings of PC3 (loadings > 0.1 and > –0.1). Values were log10 transformed (Supplementary Table S6); Tukey HSD p < 0.05; n = 3.
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FIGURE 5. Schematic overview of Rhizobium (R) enhanced pathogen (D. pinodes) response mechanism in seeds of Pisum sativum grown in pots. Selected targets of highest PCA loadings (>0.1 and > –0.1; Supplementary Table S5) of all significant, pathogen responsive and R induced proteins and metabolites (Tukey HSD, p < 0.05; n = 3; Supplementary Table S5) are functionally illustrated. RI, Rhizobium inoculated and pathogen infected; LEA, late embryogenesis abundance; CHO, carbohydrate.





DISCUSSION

Previous studies mostly analyzed the influence of Didymella pinodes infection on various non-symbiotic Pisum sativum cultivars (Zimmer and Sabourin, 1986; Fondevilla et al., 2005; Carrillo et al., 2013). To the best of our knowledge, this is the most comprehensive study assessing the effects of Rhizobium inoculation (R) on the resistance of pot grown P. sativum to D. pinodes, by integrating seed metabolomics and proteomics with monitoring the various seed infection and yield parameters.

R. leguminosarum bv. viceae (Rlv) Enhances Seed Yield of Healthy Plants

The promoting impact of Rhizobium inoculation on fenugreek seed quality and composition enhancement in addition to induced primary and secondary metabolites of Glycine max seeds in plants treated with Bradyrhizobium japonicum was described earlier (Abdelgani et al., 1999; Silva et al., 2013). Upon Rhizobium inoculation, P. sativum seed biomass (DW) was enhanced probably due to an increase in protein and lipid content (Al-Karaki, 2008). Aspartate metabolism has been shown to play a major role during nitrogen nutrition of legume seeds (Atkins et al., 1975). Together with increased amino acid and TCA metabolism our data support that R treatment enhances the level of nitrogen nutrition.

Proteins usually related to the Calvin cycle such as the RuBisCO small subunit were found induced in seeds of R treated plants. Previous studies of legumes already indicate photosynthetic re-assimilation of CO2 that substantially contributes to the seeds carbon economy (Schwender et al., 2004; Allen et al., 2009). In contrast, some seed proteins involved in development (mostly LEA proteins; LEA and dehydrin) showed overall lower levels upon R compared to NR treatment in healthy seeds. LEA (incl. dehydrin) proteins usually increase late in plant seed development during desiccation (Olvera-Carrillo et al., 2011). An influence of Rhizobium symbiosis on the abundance levels of LEA proteins in seeds has to our knowledge not been reported before.

In general, more proteins were involved in adjustment upon R treatment in cv. Messire (Figure 3, clusters 1 and 2) similar to the previous observation for the leaf proteome (Desalegn et al., 2016; Turetschek et al., 2017). The major proteins induced upon R treatment are mainly involved in protein regulation, amino acid metabolism amongst others, which is in line also with our previous studies of P. sativum leaves (Desalegn et al., 2016; Turetschek et al., 2017) and of Medicago leaves (Staudinger et al., 2016). It indicates that the symbiotic interaction has a direct influence on these processes in leaves and more pronounced for cv. Messire than for cv. Protecta also in seeds. Noticeably, the diterpene glycoside, Pisumoside B, was only found in healthy plants and enhanced through R treatment. Pisumosides have been found in pea seeds earlier, however, their properties in terms of quality remain to be elucidated (Murakami et al., 2001).

In summary, Rhizobium as an effective symbiont has an positive and promoting impact on yield components independent of cultivars that has been shown for other bacterial strains before (Begum et al., 2001a; Ahmed et al., 2007; Agrawal and Choure, 2011; Zajac et al., 2013). This study established new insight on proteome level revealing higher levels of primary nutrient metabolism and hydration properties.

The Pathogen D. pinodes Reduces Rhizobium Root Nodule Colonization of R. leguminosarum bv. viceae (Rlv)

We previously analyzed the impact of the pathogen on nodule numbers of the cultivars (Turetschek et al., 2017) without taking Rhizobium population into account. Notably, the significantly lower Rhizobium population of the nodules of cv. Protecta [Log10 transformed population values 8.59 cfu g-1] might be balanced by its higher number of nodules. Cultivar specific differences in nodule formation and Rhizobium population have also been described before, but for different host plants (Begum et al., 2001b; Bourion et al., 2007; Laguerre et al., 2007).

Interestingly, a stronger impact of nodule number over nodule weight on root biomass enhancement has been described before (Laguerre et al., 2007; Kumar et al., 2011) using different plant host and bacterial strains.

Within the cultivars, reduced abundance of isolated Rhizobium from root nodules of infected plants indicate that the fungal pathogen D. pinodes had an influence on the efficiency of nodule colonization by Rlv, consistent with earlier studies that have found similar results with a different pathogen (Colletotrichum gloeosporioides) in Phaseolus vulgaris (Ballhorn et al., 2014). A reduced belowground symbiosis was also observed in our previous study that showed even a significant decline in nodule number in cv. Messire (Desalegn et al., 2016). Furthermore, disease reduced growth and growth promoting effectiveness of the symbiotic R compared to NR plants. Thus, D. pinodes seemed to hamper symbiotic interaction and thus nutritional exchange and availability also triggered by the reduction of photosynthetic efficiency and thus sugar production induced by the pathogen (Garry et al., 1998). Such reduced R treated activity might downgrade its positive effects on pathogen infection.

R. leguminosarum bv. viceae (Rlv) Reduces Disease Severity Independent of Cultivar

It has been shown that enhancement of Rhizobium colonization decreases the fungal plant disease severity (Ahmed et al., 2007; Kumar et al., 2011; Desalegn et al., 2016). This bio-control effect of Rhizobium was suggested for the disease management of legumes (Al-Ani et al., 2012).

A previous study observed seed-infection that has initially been described as a plant-to-seed transmission of D. pinodes (former Mycosphaerella pinodes) in field pea (Xue et al., 1997). The level of plant-to-seed infection of ascochyta blight was discussed to be an indication of cultivar specific susceptibility (Marcinkowska et al., 2009). This is in agreement with our actual, where cv. Protecta showed very low levels of seed-infection compared to susceptible cv. Messire independent on R treatment. However, Rhizobium inoculated plants showed significantly reduced levels of seed infection caused by D. pinodes in both cultivars, which supports the important role of introduced Rhizobium as an effective bio-control agent. This is in agreement with our previous findings were proteomics data of cv. Messire revealed a systemic Rhizobium -enhanced phytoalexin production in leaves (Desalegn et al., 2016). Nevertheless, it was not clear, whether the reduced disease severity of Messire by R. leguminosarum would also reduce yield loss. Although several seed yield parameters such as seed biomass (FW and DW) were enhanced upon Rhizobium inoculation of non-infected plants this trend was no longer significant in infected plants. The proteomic data support that seed protective effect against infection through Rhizobium increased protein levels (fold change) mainly involved in redox and development (LEA family proteins), major CHO metabolism (starch degradation), mitochondrial electron transport, DNA (protein sequences similar to histones) and cell wall regulation such as subtilisin and a putative pathogen receptor (Figueiredo et al., 2014) (Figure 5). D. pinodes infection significantly increased levels of thioredoxin (Q9AR82_PEA), L-ascorbate peroxidase (APX1_PEA) and a glutathione peroxidase (similar to U5NF47_CICAR), indicators of oxidative stress induction by the pathogen. Increased levels of endogenous CHO metabolism genes and the hexose to sucrose ratio on treatment of tomato with pathogen Botrytis cinerea has been described earlier (Berger et al., 2004). We found sucrose synthase (Q9T0M9_PEA) and an alpha-glucan phosphorylase as the major proteins increased upon pathogen infection in R plants. Other findings confirm the accumulation of proteins related to major CHO metabolism in plant (P. sativum)–pathogen interaction (Carrillo et al., 2013; Cerna et al., 2016). These findings support a co-regulation between defense and sink pathways; however, the exact role remains to be elucidated. Interestingly, LEA (and dehydrin) proteins showed highest impacts on the general response to pathogen attack, which has not been shown before. Since several isoforms of these LEA proteins accumulated upon pathogen infection particularly in Rhizobium treatments, an important regulatory role of Rhizobium on these proteins toward enhanced pathogen resistance can be assumed. Together with the fact that most of them showed lower abundance levels in R compared to NR treatments of healthy plants, this findings suggest that the degree and possibly speed of accumulation is more relevant to increase pathogen resistance than initial level and accumulation itself. Although known to be involved in several stress responses such as drought, LEA proteins were not found related to pathogen defense before. Hence, R plants seemed to influence seed development perhaps by reducing seed dehydration also supported by the enhanced vigor and hydration parameters. LEA proteins have also been reported to be involved in reduction of oxidative stress by scavenging ROS and in protein aggregation and membrane protection (Goyal et al., 2005; Tunnacliffe and Wise, 2007; Tunnacliffe et al., 2010). Disappearance of Pisumoside B upon pathogen infection indicates its involvement in the response process that needs further investigation. Pathogenesis-related (PR) proteins were not found to be involved in seed infection response. Actually, only one PR protein could be identified at all, either because PR proteins are not produced in seeds or because we did not detect them due to other properties such as low abundance or solubility issues. PR proteins are among the most abundantly induced proteins in leaves upon pathogen attack (Van Loon et al., 2006). In our previous study (Desalegn et al., 2016), we found a leaf plasma membrane associated PR protein induced upon pathogen infection.

In our previous study (Desalegn et al., 2016), we found proteins of the pisatin synthesis pathway strongly induced in leaves upon pathogen infection. However, none of these proteins were found induced in this study indicating that pisatin is not synthesized in seeds to protect against D. pinodes infection. In fact, we were not able to identify pisatin in the seeds. Presumably, those other protectants play a role here.

Interestingly, our metabolite analysis revealed a seed triterpenoid Soyasapogenol and a seed flavonoid (∗Api_Dai_Kae_Flavon) increased significantly and more pronounced in R plants upon pathogen infection. Hence, these secondary metabolites seemed to be involved in defense response against the pathogen attack. However, they were only significantly increased in cv. Protecta. Soyasapogenol was also found in seeds of other pea plants before (Curl et al., 1985). In general, triterpenoids are considered as defensive compounds against pathogens and herbivores (Osbourn, 1996). Its anti-inflammatory, antimicrobial, and cardiovascular-protective activities amongst others, attracts food scientists (Guang et al., 2014). Additionally, several prior studies have described the effective role of non-protein amino acids and anthocyanins in plant defense interactions (Hungria et al., 1991; Bennett and Wallsgrove, 1994; Choung et al., 2001; Troszynska and Ciska, 2002; Dixon and Sumner, 2003; Duenas et al., 2004; Ferraro et al., 2014). Why Soyasapogenol and ∗Api_Dai_Kae_Flavon exclusively increased in infected cv. Protecta needs further investigation but may be reason for better protection of that cultivar. Interestingly, quercetin and the phytohormone jasmonate, well known to be involved in plant stress and pathogen defense (Thaler, 2004; Jia et al., 2010), were found increase in R treatments of healthy cv. Messire though not significantly increased upon pathogen infection. Nevertheless, Jasmonate levels were enhanced (though not significant) in R treated, infected cv. Protecta. Interestingly, this correlates with a significant induction of lipoxygenases involved in Jasmonate biosynthesis in this cultivar. Hence, this finding supports jasmonate accumulation, another possible reason for the better performance of cv. Protecta during D. pinodes infection.

Taken together, phenotypic, proteomic and metabolomic data provide clear evidence for a Rhizobium controlled reduction of seed infection for both cultivars by increased redox, sucrose synthase and LEA proteins. A cultivar specific induction of some proteins and metabolites may explain the improved defense of cv. Protecta such as increase levels of vicilins and Soyasapogenol. This, however, did not clearly influence seed biomass (DW and FW) maintenance upon infection.

It is important to mention, however, that a gap exists between pot and field and field to field studies. The main reason for this is that not all environmental influences relevant for the successful functioning of Rhizobium as a bio-control agent are fully understood (Simonsen et al., 2017). Besides climate and plant developmental states, factors such as soil properties, microbial root community-interactions and cultivar specificities may significantly influence on each other and are neither easy to simulate in pots nor transferable from one field to another.



CONCLUSION

This research was designed to study the effects of Rhizobium symbiont on yield and quality components through seed phenotypic, metabolomic, and proteomic assays in pathogen (D. pinodes) infected and non-infected grown P. sativum plants in pots.

Together with our previous data (Desalegn et al., 2016), we propose that Rhizobium plays an effective role in resistance induction and yield enhancement strategy of P. sativum seeds production. Seeds metabolomics and proteomics findings in the current study reveal that seed quality improvement is positively affected upon Rhizobium inoculation, even under pathogen infection stress. The impact of the Rhizobium-induced protection during defense interactions against pathogen may not only be affected by microsymbiont and genotypic factors but most likely also through other environmental factors such as rainfall, air humidity and temperature. However, these factors need to be studied with more pea cultivars under field experimental conditions in future.

We found that

• Rhizobium leguminosarum enhances yield through increased seed fresh and dry weights based on better seed filling. Noticeably the diterpene oligoglycoside, Pisumosides B, was among those compounds increased through Rhizobium treatment of healthy pea.

• The pathogen D. pinodes reduced root nodule colonization of R. leguminosarum. According to our previous study (Desalegn et al., 2016) this indicates that the pathogenic effect is negatively influencing the plant by probably reducing photosynthesis and thus hampers the symbiotic nutrient exchange and its positive impact on seed quantity and quality.

• Rhizobium leguminosarum significantly reduces seed infection severity by inducing several proteins and metabolites involved in pathogen response (Figure 5). Subtilisin, a putative pathogen receptor, osmotic adjustment via LEA and dehydrin accumulation as well as of proteins involved in carbohydrate degradation, ROS induction, cell wall adjustment, and synthesis of the seed triterpenoid Soyasapogenol as well as the seed flavonoid ∗Api_Dai_Kae_Flavon seem key-players during pathogen control. However, effectiveness is cultivar specific.

In order to improve the quantity and quality of food supplies and in line with the global food and nutrition security programs, assessment of the potential of natural and symbiont microorganisms to enhance plant resistance or tolerance capacity against various stresses such as disease as well as promoted plant growth and seed yield in a complex environment, e.g., rhizosphere is considered increasingly relevant in sustainable agriculture. Therefore, the present study not only supports the scattered and limited prior researches, but also provides new evidences and additional understanding with respect to previous studies about the potential effect of Rhizobium as key bacterial symbiont to improve and protect yield components and seed quality for sustainable agricultural systems. Further investigations to study the promoting role of Rhizobium on growth and yield components in most important legume crops that are considered as main global food sources and on management of economic and epidemic phytopathogens under field conditions are recommended.
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Many vegetable crops of Brassica rapa are characterized by their typical types of leaf curvature. Leaf curvature in the right direction and to the proper degree is important for the yield and quality of green vegetable products, when cultivated under stress conditions. Recent research has unveiled some of the roles of miRNAs in Brassica crops such as how they regulate the timing of leafy head initiation and shape of the leafy head. However, the molecular mechanism underlying the variability in leaf curvature in B. rapa remains unclear. We tested the hypothesis that the leaf curvature of B. rapa is affected by miRNA levels. On the basis of leaf phenotyping, 56 B. rapa accessions were classified into five leaf curvature types, some of which were comparable to miRNA mutants of Arabidopsis thaliana in phenotype. Higher levels of miR166 and miR319a expression were associated with downward curvature and wavy margins, respectively. Overexpression of the Brp-MIR166g-1 gene caused rosette leaves to change from flat to downward curving and folding leaves to change from upward curving to flat, leading to the decrease in the number of incurved leaves and size of the leafy head. Our results reveal that miRNAs affect the types of leaf curvature in B. rapa. These findings provide insight into the relationship between miRNAs and variation in leaf curvature.

Keywords: Brassica rapa, heading Chinese cabbage, leaf curvature, miR165/6, miRNA, transgenic plant


INTRODUCTION

The leaf is the main site of photosynthesis, which produces sugars from water and carbon dioxide under sunlight. Additionally, leaves can be adapted for other purposes, including human consumption. The paleohexaploid Brassica rapa includes various crops that show very different leaf morphologies (Xiao et al., 2014). This species includes more than 13 vegetable crops that produce edible products such as leafy heads, curved leaves, modified blades, and modified petioles.

Heading Chinese cabbage (B. rapa ssp. pekinensis), non-heading Chinese cabbage (B. rapa ssp. chinensis) and turnip (B. rapa ssp. rapifera) belong to B. rapa (Li, 1990). Heading Chinese cabbages have leafy heads composed of extremely inwardly curved blades on their shoot tips, the leaves of non-heading Chinese cabbage show clusters of incurved petioles and outward folding blades and turnip displays flat leaves with a fleshy root. The distinct morphologies exhibited by subspecies of B. rapa represent some of the most spectacular evolutionary changes and illustrate the structural evolution of plants under domestication. The leafy head, the edible part of heading Chinese cabbage (B. rapa ssp. pekinensis), is composed of numerous heading leaves that usually curve after the rosette stage. Heading Chinese cabbage plants go through four vegetative phases during their vegetative growth period: the seedling, rosette, folding and heading stages. The rosette leaves differentiate at the rosette stage and function as photosynthetic organs, while the heading leaves are incurved to form heads and thus become storage organs for essential nutrients. Leafy heads have many different shapes, even though all their internal leaves curve inward. The leaves of upright heads are erect and curved transversely, while those of heads with a flat top are curved transversely and longitudinally, and overlap at the upper parts. The leaves of heads with a joined top are curved transversely and longitudinally, but without overlapping at the upper parts. The production of Chinese cabbage is often affected by poor heading. Temperature, light intensity, and photoperiod all affect the formation of leafy heads (Ito and Kato, 1957, 1958). Additionally, endogenous auxin can modify the processes of leaf bending and folding (He et al., 1994, 2000).

For non-heading Chinese cabbage (B. rapa ssp. chinensis), the petioles are curved upward or downward. They are not able to form leafy heads, but develop into curved leaves full of vitamins, minerals and nutrients. For some crops, the petioles are thickened and curved, forming fleshy petioles. The quality of edible leaves is largely dependent on leaf (include petiole) shape, size, angle, color, and curvature.

Almost all crops of B. rapa are characterized by their typical leaf curvature. Interestingly, most cultivars differ in the direction, axis, position and/or degree of leaf curvature. For a long time, the quantification of leaf curvature was not possible, and thus comparisons of leaf curvature between species and/or between crops has been difficult. However, Liu et al. (2010) proposed a formula to quantify the degree of leaf curvature of Arabidopsis mutants deficient in miRNA pathways. We wondered whether this formula was suitable for the quantification and characterization of all types of leaf curvature in B. rapa. Moreover, it remains unknown whether various types of miRNAs are involved in the determination of these types of leaf curvature. Thus, we also wondered how minimal morphological changes of leaf curvature were related to miRNAs or miRNA-targeted genes.

In Arabidopsis, many miRNAs are involved in leaf flatness (Liu et al., 2011). miRNA accumulation is controlled by DICER-LIKE1 (DCL1), HYPONASTIC LEAVES1 (HYL1), SERRATE (SE), and AGONAUTE1 (AGO1) (Park et al., 2002; Reinhart et al., 2002; Han et al., 2004; Vaucheret et al., 2004; Wu et al., 2007). Nearly all non-lethal mutants of these genes show morphological, physiological, and biochemical changes. Mutant plants deficient in polarity, cell division and the auxin response exhibit abnormal leaf curvature. miR165/166 targets five members of the class III homeodomain leucine zipper (HD-ZIP III) family (McConnell and Barton, 1998; Sessa et al., 1998; Emery et al., 2003; Nath et al., 2003; Byrne, 2006). The dominant mutation of MIR166g in Arabidopsis causes downward curvature of leaves (Williams et al., 2005). miR319a targets the TEOSINTE BRANCHED1/CYCLOIDIA/PCF (TCP) gene family (Palatnik et al., 2003). Ectopic expression of miR319/JAW causes a wavy-leaf phenotype (Palatnik et al., 2003). TAS3 ta-siRNA degrades ARF3 and ARF4 mRNAs (Peragine et al., 2004; Allen et al., 2005; Xie et al., 2005; Fahlgren et al., 2006). miR164 targets CUC1 and CUC2 (Ernst et al., 2004; Olsen et al., 2004), which are necessary for the formation of boundaries between meristems and emerging organ primordia (Aida et al., 1999; Mallory et al., 2004; Nikovics et al., 2006). Using miR164ts-tagged KRP1, growth repression in the distal region of the leaf was shown to lead to goose foot-shaped leaves (Malinowski et al., 2011). The divergence in leaf curvature in higher plants has already been described. However, few developmental genetic and evo/devo studies have been carried out, especially in crops (Tsukaya, 2014).

Interestingly, the leaf curvature in many B. rapa crop resembles that of mutants or transgenic plants of Arabidopsis miRNA genes or miRNA target genes. In Chinese cabbage, overexpression of the MIR319a gene silences miR319a-targeted TCP genes, causing extra cell division in the marginal regions of leaves that results in wavy margins, and bulging and straightening of the top regions in heading leaves (Mao et al., 2014). Overexpression of BrpSPL9-2 caused significant premature leaf incurvature and heading while overexpression of miR156 delayed leaf curvature (Wang et al., 2014). We propose that different types of leaf curvature in B. rapa are modified by miRNAs. In this report, we tested this hypothesis by examining the association between miRNA levels and leaf curvature. Our results provide insight into the relationship between miRNAs and variations in leaf curvature.



MATERIALS AND METHODS


Plant Materials

The three crop types used in this study are heading Chinese cabbage (B. rapa ssp. pekinensis), non-heading Chinese cabbage (B. rapa ssp. chinensis), and turnip (B. rapa ssp. rapifera). Heading Chinese cabbage include the crops: Sanye (ssp. pekinensis var. dissoluta Li), Banjieqiu (ssp. pekinensis var. infarcta Li), Huaxin (ssp. pekinensis var. laxa Tsen et Lee) and Jieqiu (ssp. pekinensis var. cephalata Tsen et Lee) while non-heading Chinese cabbage include the crops: Baicai (ssp. chinensis var. communis), Wutacai (ssp. chinensis var. rosularis), Caitai (ssp. chinensis var. utilis), Zicaitai (ssp. chinensis var. purpurea) and Taicai (ssp. chinensis var. taitsai) (Li, 1990). Each crop type consists of several genotypes with different types of leaf curvature. In total, 56 genotypes were used for characterization of leaf curvature. All of them are the inbred lines except for two turnip cultivars. The genotypes used in this study are presented in Supplemental Table S1.

For comparison with the genotypes of Chinese cabbage, Arabidopsis mutants deficient in miRNA-mediated pathways were also selected.

The seeds of Chinese cabbage and Arabidopsis were sown in petri dishes with moistened filter paper and sealed with parafilm, moved to a growth chamber and grown at 22°C with 16 h of light. Four days later, they were transplanted to a growth chamber in the SIPPE phytotron and transferred to the field at the experimental station of SIPPE, Songjiang, Shanghai. More than 20 individual plants for each crop were sampled for various measurements.



Quantitative Measurement of Leaf Curvature

The leaves were labeled at different developmental stages for quantitative measurement of leaf curvature. Before leaf flattening, we defined the type and direction of leaf curvature. To measure the global transverse curvature, we fixed two points, a and b, on the two lateral margins of the leaf at the widest point (Liu et al., 2011). Curvature indexes (CIs) for downward and upward curvature were calculated using the formulae CI = (a′b′ − ab)/a′b′ and CI = (ab − a′b′)/a′b′, respectively, where ab is the distance between points a an b on the two margins before leaf flattening and a′b′ is the distance between a and b on the two margins after flattening. The number of leaves for each measurement was more than 20. The significant differences were referred to P < 0.001 (Student's t-test) between genotypes.



RNA Sampling and miRNA Microarray Analysis

The leaf samples were harvested from the 3-week-old seedlings of different genotypes and frozen immediately in liquid nitrogen. Then, the materials were sent to ShanghaiBio Corporation where the RNAs were isolated for miRNA microarray. Isolation of total RNA is done by the phenolic separation of DNA and RNA using Trizol (Invitrogen, Carlsbad, CA). The purification of miRNA samples, labeling, and hybridization analysis were performed following the instructions (Liu et al., 2008). Each sample was assayed in duplicate. The data were extracted using LuxScan (CapitalBio), and the differential miRNAs were selected using SAM (Significance Analysis of Microarrays ver. 3.0).



Real-Time PCR

Total RNA was extracted from seedlings using TRIzol (Invitrogen) and treated with DNase I (TaKaRa) to remove DNA contamination. Four micrograms of RNA was used for reverse transcription with oligo(dT) primers. PCR was performed with the Rotor-Gene 3000 system (Corbett Research) using SYBR Premix Ex Taq (TaKaRa) according to the manufacturer's instructions. BrpACTIN mRNA was used as an internal control. The comparative threshold cycle (Ct) method was employed to determine relative transcript levels (MyiQ2 two-color real-time PCR detection system; Bio-Rad). Expression was normalized relative to that of BrpACTIN. Three biological replicates and three technical replicates were performed. The significant differences were referred to P < 0.001 (Student's t-test) between genotypes.



Genetic Transformation

The Brp-MIR166g-1 gene was cloned by PCR from seedlings of heading Chinese cabbage (Bre) and inserted into pCAMBIA1300 binary vectors under the control of the AA6 promoter. The binary constructs were delivered into Agrobacterium tumefaciens strain GV3101(pMP90RK) (Weigel and Glazebrook, 2006). The Bre plants were transformed using a vernalization-infiltration method as described previously (Bai et al., 2013). The transgenic plants of the T1 generation were pollinated, and homozygotes were selected from the T2 and T3 populations.




RESULTS


Variation of Leaf Curvature in B. rapa

B. rapa shows a broad spectrum of leaf curvature and morphological variation. To characterize the direction, degree and position of leaf curvature in B. rapa, we selected the 14th leaves (rosette leaves) from a collection of 56 accessions for observation and measurement (Supplemental Table S1). The accessions of heading (rapa ssp. pekinensis), non-heading (rapa ssp. chinensis), and turnip (rapa ssp. rapa) were named with the initials rp, rc, and rr, respectively. Most accessions showed global curvature in the transverse or longitudinal axis of the leaves, as the entire leaves curved downward or upward (Figure 1). However, some accessions displayed local leaf curvature as local regions of the leaf such as the blade tip, margin and petiole displayed certain types of curvature.
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FIGURE 1. Diversity of leaf curvature in B. rapa. rp-1 through rp-9 are nine genotypes of heading Chinese cabbage (B. rapa ssp. pekinensis) with different types of leaf curvature. rc-1 through rc-6 are six genotypes of non-heading Chinese cabbage (B. rapa ssp. chinensis) with different types of leaf curvature. rr-1 is a genotype of turnip (B. rapa ssp. rapifera).



During plant growth, the direction, degree, and position of leaf curvature and the inclination angle are changed at different development stages. For convenience of comparison, we chose the 14th leaf of plants for observation of leaf curvature. Among 56 accessions, 16 representative genotypes with different leaf curvature were given in Table 1 and Figure 1.



Table 1. Different types of leaf curvature in B. rapa.
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According to the direction, degree and position of curvature and the inclination angle, we classified the 56 accessions into five types of leaf curvature: downward curving leaves, inward curving petioles, serrated blades, wavy margins, and upward curving leaves. Upward curving leaves (rosette leaves along both the transverse and longitudinal axes) were observed in rp-2, rc-2, and rc-5 plants; upward curving petioles (small inclination angle of petioles) in rc-3 plants; serrated blades in rc-6 plants; wavy margins in rp-6 plants; and downward curving leaves (rosette leaves along both the transverse and longitudinal axes) in rr-1 plants.

In many cases, global curvature was mixed with local curvature in a single leaf and wavy margins, deep serration, upward curvature, and inward curvature appeared together. For example, rc-3 leaves curved downward as a whole; their apical regions curved downward, but their central regions curved upward. In such cases, global and local curvature were measured separately. Accordingly, some genotypes were categorized into two or three types of leaf curvature.



Leafy Head Shapes

Heading Chinese cabbage shows different head shapes. The head tops of heading Chinese cabbage vary due to the diversity of leaf curvature. As shown in Figure 2, the rp-1 heads were oval with a cone-shaped top, as the leaf tips curved upwardly. The rp-2 heads were round as the leaf tips curved inwardly and thus overlapped. The rp-7 heads were cylindrical as the leaf incline angle became small or near zero. The rp-10 heads were upright with overturned leaf tips, due to downward curvature of the leaf tips. The rp-11 heads were elliptical as the head leaves were twisted in a counter-clockwise direction. Inside the leafy heads of heading Chinese cabbage, the head leaves were extremely incurved compared with those in the rosette. To compare the phenotypes of the different head leaves among crops, we harvested the leaves of leafy heads progressively from the outside to the inside and observed the direction and degree of leaf curvature in order. As shown in Figure 3, the leaves in different types of leafy heads were distinct in the direction and degree of curvature. For rp-1 leaves, the outermost leaf (leaf 6) of the leafy head curved inward transversely while the inner leaf (leaf 1) curved inward longitudinally and transversely. For rp-2 leaves, both the outermost and innermost leaves curved inward along both the longitudinal and transverse axes, and the degree of leaf curvature increased progressively from leaf 6 to leaf 1. For rp-5 leaves, the outermost leaves of the leafy head curved inward transversely but outward longitudinally while the inner leaves curved inward only transversely. For rp-9 leaves, both the outermost and innermost leaves curved inward transversely but outward longitudinally, even though all the leaves had wavy margins.
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FIGURE 2. Leafy head shape of heading Chinese cabbage. rp-1, rp-2, rp-4, rp-7, rp-10, and rp-11 are six genotypes of heading Chinese cabbage.
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FIGURE 3. Direction and degree of leaf curvature in different leaves. rp-1, rp-2, rp-5, and rp-9 are the four genotypes of heading Chinese cabbage, while rc-1, rc-2, rc-3, and rc-4 are the four genotypes of non-heading Chinese cabbage. Leaf 6 at the far right is the first leaf of the edible parts while leaf 1 at the far left is the inner leaf.





Incline Angles of the Leaf, Blade, and Petiole

The shapes of the leaves and leafy heads of B. rapa plants are not only related to the curvature of leaves, but also to leaf incline angles. All leaves in B. rapa plants are inclined at various angles to the vertical axis from 0° to 180°. In Figures 4A,B, the leaf angle, blade angle and petiole angle of a rc-2 plant represented by α, β, and γ, respectively. If α = 0, the leaf was upright, and if α = 90°, the leaf was flat to the horizontal plane. Interestingly, the leaf angle, blade angle and petiole angle of this plant were distinct. The blade angle β was more than 90° while the leaf angle α and petiole angle γ were less than 90°. From the outer to the inner leaves, the leaf angle, blade angle and petiole angle became progressively smaller. We noticed that the petiole angles of rc-1 plants were so small that the petioles were bundled into a cluster.
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FIGURE 4. Incline angles of the leaf (α), blade (β), and petiole (γ) of different genotypes. (A) rc-2 plant. (B–D) Incline angles of the leaf (α) (B), blade (β) (C), and petiole (γ) (D). rp-1 and rp-9 are two genotypes of heading Chinese cabbage, rc-1, rc-2, rc-3, and rc-4 are four genotypes of non-heading Chinese cabbage, and rr-1 is one genotype of turnip. Error bars represent the standard deviation (SD). The number of leaves measured for each genotype was >20. The significant differences were referred to P < 0.001 (Student's t-test) between genotypes. *Indicates the significant difference.



Leaf incline angles varied by accessions and not by the crop types. At the rosette stage, the leaf angles were ranked rp-1>rc-3>rc-4>rp-9>rr-1>rc-2>rc-1 (Figure 4). The petiole angle was greatest in rp-1 and smallest in rc-1. The leafy head of rp-7 was special in that the leaf, blade and petiole angles were almost the same and were all nearly zero, meaning that the leaves were erect. We noticed that the outer leaves around the rp-7 head remained inclined at various angles, distinct from the internal leaves in the leafy head. Importantly, a small leaf incline angle or leaf erectness is necessary for the formation of leaf heads.



Curvature Indices of Leaves

In Arabidopsis, leaf curvature was quantified using the formula CI = (a′b′ – ab)/a′b′, where ab is the distance between points a and b on the two margins of a leaf before flattening, and a′b′ is the distance between a and b on the two margins after flattening (Liu et al., 2010). To determine whether this formula was applicable to B. rapa, we calculated CI values for several representative types of leaf curvature (Figure 5). In rp-1 heading leaf, the straight-line distance between a and b along longitudinal axis before flattening is shorter than the one between a′ and b′ after flattening. In rc-1 petiole, the straight-line distance between a and b along transverse axis before flattening is shorter than the one between a′ and b′ after flattening. rc-2, a genotype of non-heading Chinese cabbage, had the lowest (−0.63) transverse CI while rc-3, another genotype of non-heading Chinese cabbage, had the highest (0.19) transverse CI for blades (Figure 6A). rp-2, a genotype of heading Chinese cabbage, had the lowest (−0.37) longitudinal CI for blades while rr-1, a genotype of turnip, had the highest (0.14) (Figure 6B). Although the leaves of these genotypes showed global curvatures, the directions of leaf curvature along the transverse and longitudinal axes were different.
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FIGURE 5. Measurement of leaf curvature. rp-1, rp-7, and rp-9 are three genotypes of heading Chinese cabbage, rc-1, rc-2, and rc-4 are three genotypes of non-heading Chinese cabbage. The straight distance between a and b was designated as the projected width, while the distance between a′ and b′ was designated as the flattened width.
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FIGURE 6. Transverse and longitudinal curvature indices (CIs) of leaves and petioles. rp-2 and rp-9 are two genotypes of heading Chinese cabbage, rc-1, rc-2, rc-3, and rc-4 are four genotypes of non-heading Chinese cabbage, and rr-1 is one genotype of turnip. (A,B) CIs of leaves in different genotypes. (C,D) Transverse and longitudinal CIs of the inner to outer leaves of leafy heads of rp-2. 1–6 on the abscissa axis indicate six leaves with 1 as the innermost leaf and 6 as the outermost leaf. (E,F) Transverse and longitudinal CIs of petioles from the outer to inner leaf clusters in rc-1. 1–6 on the abscissa axis indicate six leaves with 1 as the innermost leaf and 6 as the outermost leaf. Error bars represent the standard deviation of more than 20 seedlings. The significant differences were referred to P < 0.001 (Student's t-test) between genotypes. *Indicates the significant difference.



The CIs of leaves were related to the order of the leaves on the shortened stem. In rp-2 plants, either the transverse or longitudinal CI increased progressively from the innermost to outermost leaves in the leafy head (Figures 6C,D), in which the transverse and longitudinal CIs of the innermost blades were −1.03 and −0.51 while those of the outermost blades were −0.11 and −0.03. In rc-1 plants, both the transverse and longitudinal CIs of the petioles decreased progressively from leaves 1 to 4 (Figures 6E,F), indicating that the severity of petiole inward curvature increased from the outer to inner leaves. Specifically, the transverse and longitudinal CIs of the innermost petioles were −0.15 and −0.16 while those of the outermost blades were −0.24 and −0.18.



Comparison of Leaf Curvature in B. rapa with That of Arabidopsis

The various types of leaf curvature in different genotypes of B. rapa were similar to many mutants of Arabidopsis deficient in miRNA-directed pathways. In total, 22 Arabidopsis lines including mutants deficient in miRNA biogenesis, MIRNA genes and miRNA-targeted genes, and transgenic lines related to leaf curvature were selected. To examine the possible relationship between miRNAs and leaf curvature in B. rapa, we compared the leaf shapes of the different genotypes with those of previously reported miRNA-deficient Arabidopsis mutants. The downward curvature of rc-3 leaves resembled that of the jba-1D mutant in which the MIR166g gene is activated (Williams et al., 2005). The wavy margins of rp-3, rp-9, rc-4, and rc-5 leaves (Figure 1) were similar to those of the jaw-1D mutant in which the MIR319a gene is activated (Palatnik et al., 2003; Table 1). The upward curvature of rp-2, rc-2, and rc-5 plants resembled that of 35S::mCNA plants in which the miR165/6-targeted CNA gene is overexpressed (Liu et al., 2010), and the downward curvature of rc-3 leaves looked like that of the rev-6 mutant (Prigge et al., 2005). The blades that curved upward transversely and downward longitudinally in rp-3 and rp-5 leaves were similar to those of the hyl1 mutant in which the function of HYL1 (responsible for miRNA biogenesis) is lost (Yu et al., 2005). The upward curling of rp-5 was the same as that of mir159ab mutants (loss-of function mutants of MIR159a and MIR159b genes) (Allen et al., 2007). The rp-7 leaves curved inward transversely. The leaflets in the rc-5 blades were equivalent to those of plants overexpressing the miR164–targeted CUC1 gene (Hasson et al., 2011).

To examine whether the leaf curvature of B. rapa was associated with miRNA accumulation, we chose the accessions rc-1, rc-6, rp-2, rp-9, and rr-1 as representatives of the five types of leaf curvature (upward curving petioles, serrated blades, upward curving leaves, wavy margins, and downward curving leaves), respectively, for miRNA microarray analysis. There was great difference in the accumulation of miRNAs among the different genotypes (Table 2). Compared with rp-2, the accumulation of all types of miR169 in rc-1, rc-6 and rr-1 seedlings was increased by more than 2 times, while the accumulation of all types of miR172 and miR162 was decreased by 2 times. In rp-9 seedlings, the accumulation of miR319ab was increased 2 times compared with rc-6 plants, indicating that higher accumulation of miR319a is associated with the wavy leaf margins of rp-9. Compared with rc-6 plants, which have flat leaves, miR166 accumulation in rr-1 plants was increased by more than 1.5 times, suggesting that a relatively high level of miR166 is associated with the leaf downward curvature of the rr-1 genotype.



Table 2. Changes in miRNA accumulation among genotypes of B. rapa.
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Association Analysis of miR166 with Types of Leaf Curvature

As mentioned above, the downward leaf curvature of some B. rapa accessions was comparable to that of the jba-1D mutant of Arabidopsis, while the wavy margins of some B. rapa accessions were similar to the jaw-1D mutant of Arabidopsis. We wondered whether high levels of miR166 were correlated with downward curvature in B. rapa. To address this question, we performed qPCR of miR166 using leaf samples of all 31 accessions showing downward curvature. Not all of the accessions with this type of leaf curvature showed higher levels of miR166. Among the accessions of the downward curving type in transverse direction, 84% showed upregulation of miR166 compared with rp-9 (with upward curvature; Table 3). Similarly, among the accessions with wavy margins, 89% exhibited upregulation of miR319a compared with rp-2 (without wavy margins). These results showed that high levels of miR319a were correlated with wavy margins.



Table 3. Association analysis of miRNA levels with the direction of leaf curvature.
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Overexpression of the MIR166g Gene Changes the Direction and Degree of Leaf Curvature

The genome of Chinese cabbage is mesohexaploid and thus most of the genes in Chinese cabbage have 2–3 copies, showing duplication or triplication. However, the Brp-MIR165/6 gene is not in accordance with this rule. There are only 3 Brp-MIR165 loci and 7 Brp-MIR166 loci in Chinese cabbage, compared with 2 and 7 in Arabidopsis, respectively. By contrast, the miR165/6-targeted genes are duplicated or triplicated. This suggests that miR165/6-guided gene silencing in B. rapa is more complex than in Arabidopsis.

To verify the relationship between miRNA and leaf curvature in B. rapa, we constructed binary vectors of some MIRNA genes under the control of the AA6 promoter and overexpressed them in Chinese cabbage (Figure 7A). Brp-MIR166g is the most homologous to MIR166g within the MIR165/6 gene family of Arabidopsis, but has a “T”-to-“C” substitution in the miR166 region and generates a mature miR165 rather than a miR166 (Supplemental Figure S1). Brp-MIR166g was placed under the control of the AA6 promoter and transferred into heading Chinese cabbage Bre. Through PCR of the AA6 promoter, nine transgenic lines (166g-1 through 166g-9) were identified (Supplemental Figure S2). Among them, the 166g-2 line showed a 2.5-fold increase in miR165 accumulation compared with the wild-type (Figure 7B). In the 4th leaves of this transgenic line, BrpREV-1, BrpREV-2, and BrpPHB-1 were downregulated more than 2-fold (Figure 7C). This result indicated that overexpression of Brp-MIR166g caused the upregulation of miR165 and downregulation of its target genes.
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FIGURE 7. Expression levels of miR165 and its target genes, and curvature indices of leaves in transgenic lines of Bre (heading Chinese cabbage) carrying pAA6::BrpMIR166g. (A) Diagram of the pAA6::BrpMIR166g construct in the binary vector. (B) Expression levels of miR165 in the transgenic lines carrying pAA6::BrpMIR166g. (C) Expression levels of BrpREV-1, BrpREV-2 and BrpPHB-1 in the transgenic lines carrying pAA6::BrpMIR166g. (D) Transverse curvature indices of the leaves in the transgenic lines carrying pAA6::BrpMIR166g. The significant differences were referred to P < 0.001 (Student's t-test) between genotypes. *Indicates the significant difference.



In the field, the seedling leaves (8th leaves) of wild-type plants and 166g-2 plants carrying pAA6::Brp-MIR166g were downwardly curved (Figures 7D, 8A,D), and the rosette leaves (12th leaves) of the wild-type were basically flat (Figures 8B,C) whereas the rosette leaves of 166g-2 and 166g-3 plants were downwardly curved (Figures 7D, 8F,G). This demonstrated that higher accumulation of miR165 changed the direction and degree of leaf curvature at the rosette stage. When the young leaves on the shoot tip of the wild-type were upwardly and inwardly curved, those of 166g-2 plants were downwardly curved (Figures 8B,F). Because of the delay of leaf incurvature, the head size of 166g-2 plants was decreased and the heading time was delayed.
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FIGURE 8. miR165/6 regulates the direction and degree of leaf curvature. (A–C) Seedling (A), rosette (B) and 14th leaf (C) of the wild-type. (D) Transverse section of the 14th leaf of the wild-type showing adaxial/abaxial polarity. (E–G) Seedling (E), rosette (F) and 14th leaf (G) of the 166g-2 line. (H) Transverse section of 14th leaf of 166g-2 showing the defects in adaxial/abaxial polarity. Bar = 200 μm.



We noticed that the transverse CI of the 12th leaves in 166g-3 plants was higher than that of the 166g-2 plants (Figure 7D). Considering that the expression level of miR165 in 166g-3 plants was lower than in 166g-2 plants, this suggested that the expression levels of miR165 affected the degree of downward curvature of the rosette leaves in the transgenic plants carrying pAA6::Brp-MIR166g.

Overexpression of the Brp-MIR166g gene altered the adaxial–abaxial polarity of the rosette leaves. Compared with the wild-type, the adaxial regions in 166g-2 leaves contained many long cells similar to those in the abaxial regions of the wild-type (Figures 8D,H), and the intercellular spaces between the palisade mesophyll cells were larger than those of the spongy mesophyll cells of the wild-type. This result suggested that the adaxial regions in 166g-2 leaves had abaxial characteristics.




DISCUSSION

The formation of a normal leaf goes through stages of leaf identity specification, leaf polarity establishment, cell division and expansion control, and vascular pattern formation. Three-dimensional imaging has enabled quantitative characterization of the direction of the surface and the shape of leaves (Weight et al., 2008). According to the direction, axis and position of curvature, we classified 56 accessions of B. rapa into five leaf curvature types. However, leaf curvature in B. rapa is complex and could be sub-classified further when the global and local curvatures of leaves were examined more precisely. In many cases, leaf curvature was intertwined with the leaf incline angle, giving rise to more diverse phenotypes.

B. rapa and A. thaliana belong to the Crucifer family and share similar sequences in many genes. Many types of leaf curvature in B. rapa are similar to those reported in Arabidopsis mutants deficient in miRNA pathways. The wavy leaf margins of rp-6 are concurrent with the upregulation of mi319a and look like those of jaw-1D mutants of Arabidopsis in which the MIR319a gene is activated (Palatnik et al., 2003). The apical upwardly curved region in rc-5 is the same as in dcl1-9 leaves (Liu et al., 2011). The lateral downwardly curved region in rr-1 is consistent with the upregulation of miR166 and resembles that of the jba-1D mutant in which MIR166g is activated (Williams et al., 2005). The serrated leaf margins of rp-6 are concurrent with the upregulation of mi164 and look similar to the mir164a-4 mutant in which MIR164 is mutated (Nikovics et al., 2006). It is not known whether high accumulation of miR169 and/or low accumulation of miR162 contributes to leaf upward curvature. However, the possibility that these miRNAs affect leaf curvature cannot be excluded.

miRNA expression levels are associated with different types of leaf curvature. qPCR of miRNAs revealed that a higher level of miR166 was associated with downward curvature while higher miR319a expression was correlated with wavy margins. The phenotyping of different transgenic lines indicated that the expression levels of miR165 affect the degree of downward curvature of the rosette leaves in transgenic plants carrying pAA6::Brp-MIR166g. The inference is that variation of leaf curvature in B. rapa is related to some miRNAs and their target genes during evolution. Thus, it is important to study the molecular mechanism underlying the regulation of leaf curvature by miRNAs.

Heading Chinese cabbage goes through four developmental stages during its vegetative growth. The leaves at the seedling, rosette, folding, and heading stages are downwardly curved, flat, upwardly curved and inwardly curved, respectively. Overexpression of Brp-MIR166g genes caused a range of morphological changes with regard to leaf curvature including downward curvature of the rosette leaves and flatness of the folding leaves. The reasons for the changes in the direction and degree of leaf curvature are that BrpREV-1, BrpREV-2 and BrpPHB-1 were downregulated more than 2-fold.

Many miRNAs contribute to leaf curvature. Previous studies have shown that miR156 controls the timing of leaf curvature (Wang et al., 2014) and miR319a regulates cell division in the leaf tip (Mao et al., 2014). In the present study, we found that miR166 affected the type of leaf curvature. Apparently, the precise regulation of miRNAs is important for the morphological control of leaf curvature. Any mutation of the genetic elements upstream and downstream of these miRNAs may cause morphological changes in leaf curvature. We wonder whether other miRNAs regulate leaf curvature through their target genes. In fact, the levels and activities of other miRNAs such as miR164, miR169, and miR396 varied with the type of leaf curvature. For this reason, the characterization of different types of leaf curvature is important for exploring the relationship between individual miRNAs and leaf curvature.
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HIGHLIGHTS:

• Major environmental and genetic factors determining stress-related protein abundance are discussed.

• Major aspects of protein biological function including protein isoforms and PTMs, cellular localization and protein interactions are discussed.

• Functional diversity of protein isoforms and PTMs is discussed.

Abiotic stresses reveal profound impacts on plant proteomes including alterations in protein relative abundance, cellular localization, post-transcriptional and post-translational modifications (PTMs), protein interactions with other protein partners, and, finally, protein biological functions. The main aim of the present review is to discuss the major factors determining stress-related protein accumulation and their final biological functions. A dynamics of stress response including stress acclimation to altered ambient conditions and recovery after the stress treatment is discussed. The results of proteomic studies aimed at a comparison of stress response in plant genotypes differing in stress adaptability reveal constitutively enhanced levels of several stress-related proteins (protective proteins, chaperones, ROS scavenging- and detoxification-related enzymes) in the tolerant genotypes with respect to the susceptible ones. Tolerant genotypes can efficiently adjust energy metabolism to enhanced needs during stress acclimation. Stress tolerance vs. stress susceptibility are relative terms which can reflect different stress-coping strategies depending on the given stress treatment. The role of differential protein isoforms and PTMs with respect to their biological functions in different physiological constraints (cellular compartments and interacting partners) is discussed. The importance of protein functional studies following high-throughput proteome analyses is presented in a broader context of plant biology. In summary, the manuscript tries to provide an overview of the major factors which have to be considered when interpreting data from proteomic studies on stress-treated plants.

Keywords: stress dynamics, multiple stress treatments, stress-susceptible genotypes, stress-tolerant genotypes, protein isoforms and PTMs, functional studies


INTRODUCTION

Stress can be defined as any environmental factor which adversely affects plant growth and development as well as crop quality and the final yield. Globally, the major abiotic stress factors—drought, high and low temperatures, and salinity—lead to the major reductions in crop yield. All plants, including crops, induce stress response leading either to stress escape, i.e., survival of stress treatment in metabolically inactive dormant stage such as seeds, or stress resistance, i.e., an active plant response to stress treatment. Stress resistance includes the strategies of stress avoidance, i.e., plant response aimed at maintenance of unstressed conditions at cellular and tissue levels, or stress tolerance, i.e., an active plant stress response to altered environment (Levitt, 1980).

The role of proteins in plant stress response is crucial since proteins are directly involved in shaping novel phenotype by adjustment of physiological traits to altered environment. The term “proteome” was introduced by Marc Wilkins in 1994 as protein complement of the genome, representing a whole of proteins in a given organism at a given time period. Unlike genome which is a static structure inherited from parents and defining plant genotype, changes in plant epigenome, transcriptome, proteome, and metabolome shape plant phenotype in response to both plant developmental and health stage as well as ambient environment. Proteins are directly involved in plant stress response both as structural proteins and also proteins involved in regulation of plant epigenome, transcriptome, and metabolome. Moreover, protein function is not dependent only on its molecular structure, but also on its cellular localization, post-translational modifications and interacting partners (Jorrín-Novo et al., 2009; Kosová et al., 2011).

Plant stress proteomics is a dynamic discipline aimed at the study of plant proteome and protein biological functions in plants exposed to stress. The number of publications on plant proteome under stress has risen geometrically in the last 15 years (Figure 1). In recent years, more than 150 original research and review papers are being published on this topic each year, and it is practically impossible to provide an extensive summary of the whole issue in a single review paper. A total number of publications for “plant proteome and stress” amounts 1,634 according to Web of Science; October 23rd, 2017. This burst of proteomic studies is enabled by the advancements in high-throughput instrumentation techniques aimed at separation of complex protein mixtures and identification of the individual protein species as well as by advancements in genomics leading to publication of reference genome sequences for important crop species in recent years (summarized in Kosová et al., 2015). Moreover, several review papers on plant stress proteomics were published in the recent years including summarizing reviews on plant abiotic stress proteomics (Kosová et al., 2011), proteomics of major abiotic stresses such as drought, salinity and extreme temperatures (Ahmad et al., 2016), proteomics of low temperature stress (Janmohammadi et al., 2015; Johnová et al., 2016), dehydration stress (Johnová et al., 2016), heavy metal stress (Ahsan et al., 2009; Hossain and Komatsu, 2013), plant biotic stresses (Sergeant and Renaut, 2010) with a special focus on fungal pathogens (Rampitsch and Bykova, 2012a) and Fusarium head blight disease (Yang et al., 2013a). Moreover, specialized reviews were published on plant root proteome response to abiotic stress (Ghosh and Xu, 2014), plant post-translational modifications under abiotic stress (Wu et al., 2016), plant phosphoproteomics (Rampitsch and Bykova, 2012b), redox proteomics (Rinalducci et al., 2008; Mock and Dietz, 2016), S-nitrosoproteomics (Romero-Puertas et al., 2013), subcellular proteomics under stress (Hossain et al., 2012), chloroplast proteome under abiotic stress (Ning and Wang, 2016), crop proteomics (Salekdeh and Komatsu, 2007), plant proteome responses to salinity (Zhang et al., 2012; Kosová et al., 2013a,b), stress responses of major crops (Tan et al., 2017) including rice (Agrawal et al., 2009), maize (Pechanova et al., 2013), wheat and barley (Komatsu et al., 2014; Kosová et al., 2014), soybean (Wang and Komatsu, 2016; Yin and Komatsu, 2017), common bean (Zargar et al., 2017), Solanaceae species (Ghatak et al., 2017), stress proteomics of crops grown in temperate climate (Kosová et al., 2015), and others.
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FIGURE 1. Number of publications found in Web of Science database as a reply to a query “plant proteome and stress” (black columns) for plants and “proteome and stress” (gray columns) for all organisms, respectively, for the years 2000, 2005, 2010, and 2015.



Protein biological functions reflect diversity and versatility of life. The aim of this review is to summarize major factors determining stress-related protein accumulation as well as their cellular localization and final biological function. The crucial stress-related factors determining protein accumulation include the dynamics of the given stress treatment, the joint effect of multiple stress factors as well as genotypic background underlying differential gene expression between stress-tolerant and stress-susceptible genotypes. The major factors determining protein biological functions include protein cellular localization, protein posttranscriptional and post-translational modifications (PTMs), and protein interactions with other protein and non-protein compounds. Finally, functional studies should complement high-throughput proteome analysis and can thus contribute to uncover protein role in plant stress response. All these factors represent the major aims of plant stress proteomics studies and are discussed in the manuscript (Figure 2).
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FIGURE 2. A schematic representation of the major factors determining protein accumulation and protein biological function.





STRESS-RELATED FACTORS DETERMINING PROTEIN ACCUMULATION


Environmental Factors

Brief Characteristics of the Major Abiotic Stress Factors

Generally, stress factors represent environmental constraints which induce disturbances in cellular homeostasis including imbalances in plant water regime (reduced water uptake by roots; dehydration stress) as well as imbalances in cellular metabolic pathways, especially aerobic respiration and photosynthesis, leading to enhanced formation of reactive oxygen species (ROS; oxidative stress). However, there are also several effects of the individual stress factors which are specific for the different stress factors (Kosová et al., 2011).

Drought means a decreased soil water potential which causes reduced water uptake by roots. Plant response at molecular level lies in osmotic adjustment, i.e., a decrease in osmotic potential of cell cytoplasm due to an enhanced accumulation of several osmolytes and hydrophilic proteins (e.g., LEA proteins). In leaves, drought leads to stomatal closure associated with reduced CO2 uptake resulting in imbalances between photosynthetic electron transport processes and carbon assimilation. As a consequence, cellular dehydration is also associated with enhanced ROS formation resulting in an induction of several ROS scavenging enzymes such as several thioredoxin (Trx) isoforms in drought-treated sugar beet (Hajheidari et al., 2007). At proteome level, drought-induced imbalances in cellular metabolism including photosynthesis result in alterations of several photosynthesis-related proteins (RubisCO large subunit, FBP aldolase) leading to an establishment of new homeostasis (Perlikowski et al., 2014).

At molecular level, heat as enhanced temperature causes enhanced kinetics of biomolecules leading to an enhanced risk of protein misfolding. Thus, plant response includes an induction of several heat-shock transcription factors (HSFs) and downstream heat-shock proteins (HSPs). Moreover, heat causes enhanced water evaporation from soil surface as well as enhanced leaf transpiration thus usually resulting in water deficit under field conditions. Heat thus also causes dehydration stress and oxidative stress (Kosová et al., 2015).

In contrast, low temperatures (cold and frost) cause decreased kinetics of biomolecules leading to reduced cell membrane fluidity and a decreased rate of enzymatic reactions. Frost leads to formation of ice crystals in soil thus leading to reduced water uptake by roots resulting in cellular dehydration. As a response, plant induces an accumulation of several osmolytes and hydrophilic proteins such as dehydrins. Temperature stress (both heat and cold) also leads to an imbalance between photosynthetic electrontransport processes and carbon assimilation processes resulting in enhanced photoinhibition and thermal energy dissipation (Kosová et al., 2015).

Salinity stress represents enhanced levels of salt ions in soil water solution. As a consequence of enhanced ion levels, decreased soil water potential reveals a so-called osmotic effect on plant cells which leads to an accumulation of several osmolytes in the process of osmotic adjustment. In addition, enhanced ions in plant water solution induce a so-called ionic effect which progresses with stress duration and leads to penetration of toxic ions such as Na+ into plant cells. Plant response lies either in active ion exclusion or intracellular compartmentation into vacuoles leading to tissue tolerance. Both processes require energy and are thus associated with enhanced levels of several ATP-dependent ion transporters such as Na+/H+-ATPases, V-ATPases, and inorganic pyrophosphatases (PPi ases). Osmotic effect is rapid and common to all dehydration stresses while ionic effect is time-progressive and specific to salinity stress (reviewed in Munns, 2002; Munns and Tester, 2008).

Flooding stress leads to anaerobiosis in plant roots thus inducing fermentation processes. Fermentation leads to an enhanced accumulation of organic acids resulting in acidic pH of cell cytoplasm which adversely affects activity of several cellular enzymes. Recently, Komatsu and her colleagues published several proteomic studies on soybean root tip response to flooding including studies with a focus on several cellular organelles (nucleus, nucleolus, mitochondria, endoplasmic reticulum, plasma membrane, cell wall). For example, alterations in U3 snoRNP ribonucleoprotein and NOP1/NOP56 complex indicating changes in ribosome biosynthesis and thus novel protein biosynthesis were found in nuclear proteome of soybean root tips at initial phases of flooding (Yin and Komatsu, 2015, 2016).

Heavy metal stress also reveals toxic ionic effects due to metal ion penetration into the cells resulting in either ion exclusion or vacuolar compartmentation as utilized in plant hyperaccumulators for phytoremediation (Ahsan et al., 2009; Hossain and Komatsu, 2013).

Dynamics of Stress Treatment, Dynamics of Stress Response

Stress treatment as well as stress response are dynamic processes leading to an establishment of novel cellular homeostasis. According to Levitt (1980) and further researchers (see reviewed in Kosová et al., 2011), the following phases of plant stress response can be distinguished: an alarm phase, an acclimation phase, a resistance phase, an exhaustion phase, and a recovery phase or death. Each phase of plant stress response can be characterized by its unique proteome composition (Table 1). Therefore, it is important to precisely define environmental conditions and stress treatments applied in proteomic experiments. Moreover, regarding phenotype-based differential plant stress tolerance, it is becoming obvious that the same ambient stress conditions can cause differential stress response at cellular level as indicated by different plant-related physiological and biochemical characteristics. For example, different plants grown under the same conditions can significantly differ in physiological and biochemical characteristics such as tissue relative water content (RWC) or tissue Na+ levels under drought and salinity stresses, respectively (Flowers and Colmer, 2008; Tardieu, 2012). Stress adaptability therefore results from a complex combination of traits that influence ratio between supply and demand in a given environmental scenario (Passioura, 2012; Vadez et al., 2013). In agriculture, the major attention is paid to the effects of environmental stress on crop yield which impact, however, depends on the type of crop and growing purpose. An example of yield-related characteristics reflecting the effects of environmental stress can be drought-tolerance indices in wheat (Ali and El-Sadek, 2016). Proteomic studies have revealed that relatively low differences in ambient environments can result in profound alterations at proteome level if stress timing is well estimated. For example, a comparison of spring barley crowns grown under two levels of soil water capacity (30 and 35% SWC) led to differential response in proteins related to energy metabolism and protein degradation indicating an active plant acclimation upon 35% SWC while profound imbalances in energy metabolism and enhanced protein damage upon 30% SWC (Vítámvás et al., 2015). Therefore, in proteomic experiments, it is important (however, very often not mentioned at all) to provide relevant characterization of plant physiological and biochemical status not only by a description of ambient conditions, but also by providing plant-related characteristics (e.g., plant growth-related characteristics, phenological stage, plant and soil water regime-related characteristics, cellular levels of salt ions, mineral nutrients, heavy metals, etc.) reflecting stress impact at cellular level and different plant strategies to cope with stress (reviewed in Passioura, 2006; Tardieu and Tuberosa, 2010; Tardieu et al., 2011; Poorter et al., 2012a,b; Claeys et al., 2014; Blum, 2016). This creates a significant problem in detailed comparisons of published data or using proteomic meta-data analysis, especially in research comparing adaptable vs. susceptible genotypes.



Table 1. Brief characteristics of the individual phases of plant stress response (alarm phase, acclimation phase, resistance phase, exhaustion phase, recovery phase) with respect to plant stress tolerance, physiological response, and proteome response.
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In the following text, brief characteristics of the individual phases of plant stress response at proteome level are given. An alarm phase can be characterized by initial stress factor treatment leading to disturbances in cellular homeostasis and thus inducing stress signaling resulting in alterations in gene expression. Changes in ambient conditions are sensed by receptors at plasma membrane inducing signaling pathways transferring stress signal from plasma membrane to nucleus and leading to the changes in gene expression. Unlike transcriptomic studies, only few proteomic studies focused on the investigation of the initial phases of plant stress response since relatively few changes were found at the proteome level at that phase. For example, Arabidopsis chloroplast proteome was investigated 1 day after the beginning of cold treatment (5°C), but only minimum alterations were found (Goulas et al., 2006). A decreased abundance of Ca2+ sensing receptor was found in maize chloroplasts after 4 h of salt treatment (Zörb et al., 2009). In contrast, alterations in several photosynthesis-related proteins (OEE1, PSB28, PSI type III chlorophyll a/b binding protein, Trx m-type) were found in cold-treated forage grass Festuca pratensis at 26 h of cold treatment (Kosmala et al., 2009). The susceptibility/adaptability of individual cultivars is connected to alarm phase, as very susceptible cultivars respond extremely on each environmental stimulus. The tolerant cultivars respond more slowly and can show later signs of stress (delayed stress onset; Lawlor, 2013). This different responsiveness strategy can likely be universal across all other phases.

An acclimation phase can be characterized by profound changes in protein metabolism including both protein biosynthesis and protein degradation resulting in enhancement of plant stress tolerance. During stress acclimation phase, alterations in gene expression lead to profound changes in several metabolic pathways (protein metabolism, carbohydrate metabolism, lipid metabolism, energy metabolism, secondary metabolism, phytohormone metabolism, etc.,) as well as an accumulation of stress-related proteins (proteins with chaperone and protective functions such as LEA, dehydrins; PR proteins, ROS scavenging and detoxification enzymes). Metabolic alterations are aimed at a synthesis of novel stress-related compounds while a degradation of several other ones. Alterations in energy metabolism are aimed at an enhancement of energy production in an immediately available form such as ATP since processes associated with an enhanced biosynthesis of stress-related compounds reveal enhanced energy requirements. An accumulation of several protective proteins, detoxification-related and ROS scavenging enzymes mitigates harmful effects of stress on cellular microenvironment such as increased dehydration and oxidative stress as well as increased amounts of toxic byproducts of cellular metabolism as a consequence of imbalances in cellular homeostasis (Kosová et al., 2011, 2015).

Resistance phase is characterized by achieving a maximum acquired stress tolerance under given ambient conditions. At molecular level, resistance phase can be characterized by efficient adjustment of cellular metabolism to altered ambient conditions as well as by sufficient levels of stress-protective proteins minimizing harmful effects of stress on cellular structures and metabolisms (Kosová et al., 2011).

Exhaustion phase is characterized by a decline in acquired stress response and can be achieved when stress treatment lasts too long or is too severe leading to exploiting plant resources necessary for maintenance of enhanced stress tolerance. Exhaustion phase can be characterized by rapid imbalances in cellular homeostasis, imbalances in cellular metabolism, transition from more efficient aerobic processes to less efficient anaerobic processes, and emerging signs of cellular damage including programmed cell death (PCD)-related changes (Kosová et al., 2011; Maršálová et al., 2016).

Recovery phase follows cessation of ambient stress treatment and can be characterized by an establishment of novel cellular homeostasis under non-stress conditions. Recovery phase is often overlooked in plant stress proteomics studies; however, it is equally important as stress treatment since efficient recovery affects further plant growth and development. During recovery phase, several stress-related compounds are degraded and novel compounds are synthesized, and these processes are associated with enhanced energy requirements. Enhanced abundances of 8 out of 12 glycolysis enzymes as well as photosynthesis-related proteins were found in drought-tolerant Australian spring wheat Excalibur at 24 h after rewatering indicating efficient restoration of energy metabolism after stress (Ford et al., 2011). In some cases of recovery, physiological parameters at whole plant level indicate return to control conditions while proteomic analysis reveals profound alterations in plant cellular environment under recovery with respect to control conditions prior to stress treatment as it was observed in chloroplast proteome of tomato plants subjected to 19 days of water withholding (drought stress) followed by 6 days of watering (recovery) (Tamburino et al., 2017). Decreased levels of proteins associated with photosynthesis including photosystem components (plastocyanin, chlorophyll a-b binding protein 4), Calvin cycle enzymes (PGK, PRK) and ATP synthase complex subunits (ATP β,γ) after 6 days of recovery indicate an ongoing decline in cellular energy metabolism following severe stress and a long way to reestablishment of cellular processes (Tamburino et al., 2017).

Stress Treatments in the Field: The Impacts of Multiple Stress Factors

Under field conditions, plants are usually exposed to combinations of multiple stress factors whose joint impact is not merely additive, i.e., it does not equal to the sum of the effects of the individual stress factors when acting separately (Mittler, 2006; Suzuki et al., 2014). Moreover, several stress factors also reveal secondary stress effects; for example, heat often leads to a dehydration stress since high temperatures enhance water evaporation and leaf transpiration. However, several different stress factors reveal some common features at cellular level. Under aerobic conditions, stress treatment leads to disturbances in cellular homeostasis resulting in enhanced ROS production (oxidative stress). Several abiotic stress factors also lead to reduced plant water uptake thus causing cell dehydration (dehydration stress). Drought can be accompanied by a strong oxidative stress due to photoinhibition of the components of photosynthetic electron transport chain. Flooding is associated with hypoxia (anoxia) leading to a shift in cellular metabolism from aerobic to anaerobic processes resulting in cytoplasm acidification due to an accumulation of organic acids as products of fermentation (Oh and Komatsu, 2015). Enhanced aluminum in soil is associated with soil acidity leading to changes in the soil mineral availability which results in an increased level of glutathione and other detoxification agents in rice roots (Yang et al., 2007).

At proteome level, the following stress factors comparisons either in different treatments or stress combinations within a single treatment were studied: a comparison of drought and salinity on salt-susceptible wheat cultivar Jinan 177 and a salt-tolerant T. aestivum × Thinopyrum ponticum hybrid Shanrong 3 (Peng et al., 2009), combined drought and heat treatments in Chinese arid shrub Carissa spinarum (Zhang et al., 2010), parallel and combined drought and heat treatments in a Syrian barley landrace Arta and an Australian cultivar Keel (Rollins et al., 2013), freezing combined with either drought or waterlogging in winter wheat (Li et al., 2014), a comparison of contrasting water stress treatments of drought and flooding on soybean seedlings (Oh and Komatsu, 2015).

Comparative proteome analysis of drought and salinity revealed larger changes in proteome composition induced by salinity than drought due to an ionic effect of salt stress (Peng et al., 2009). Similarly, heat caused larger alterations in proteome composition than drought in barley as well as in arid shrub Carissa spinarum due to the adverse effects of heat on plant photosynthetic apparatus (Zhang et al., 2010). In susceptible barley, heat led to a decrease in several photosynthesis-related proteins as well as an increase in thermostable RubisCO activase B isoform (Rollins et al., 2013). In relatively tolerant Carissa spinarum, heat induced several proteins involved in protection of photosynthetic apparatus such as thermostable RubisCO activase isoform, several sHSP and chaperonin proteins (Zhang et al., 2010). A comparison of the effects of two contrasting types of water stress—drought and waterlogging—on soybean root proteome revealed some similarities as well as differences in soybean root proteome response to these contrasting stresses (Oh and Komatsu, 2015). Both stresses induced an accumulation of glycolysis enzymes indicating an activation of carbohydrate catabolism and energy release; in addition, waterlogging induced fermentation enzymes and proteins related to cell wall modification while drought induced proteins involved in redox metabolism and alleviation of oxidative stress. Differential effects of these stresses can be found in S-adenosylmethionine synthetase (SAMS). In soybean roots, three isoforms of SAMS were found revealing differential dynamics in response to drought and waterlogging, respectively (Oh and Komatsu, 2015).

Moreover, a pretreatment with mild stress factor can help a plant to mitigate adverse effects of another stress. The corresponding effects deserve to be studied at proteome level. For example, mild drought or waterlogging applied prior to freezing can enhance freezing tolerance in winter wheat due to a positive effect of the mild stress on activation of cellular redox metabolism resulting in lower damage of photosynthetic apparatus under the subsequent freezing (Li et al., 2014). Similarly, a positive effect of an inoculation of barley plants with a mutualistic symbiont Piriformospora indica on mitigation of drought stress was found (Ghabooli et al., 2013). At proteome level, P. indica inoculation led to an increase in proteins involved in energy metabolism including photosynthesis as well as proteins involved in redox metabolism thus increasing barley tolerance to water stress (Ghabooli et al., 2013). Recently, a positive effect of arbuscular mycorrhizal fungus Glomus masseae on drought-treated wheat roots was reported leading to modulation of proteins related to sugar metabolism and cell wall rearrangement thus resulting in reduction of osmotic stress and maintenance of cellular integrity (Bernardo et al., 2017).

Summary: Abiotic stresses induce an active plant stress response at proteome level which is aimed at either maintenance of optimum cell environment (stress avoidance) or at an active acclimation to altered stress conditions (stress tolerance). Plant stress response is a dynamic process where several phases (alarm, acclimation, resistance, exhaustion, and recovery phase) with specific proteome composition can be distinguished. Relatively small differences in stress treatments can result in significant differences in plant proteome indicating either stress acclimation or stress damage. Combined stress treatments as occurring in the field reveal unique impacts on plant proteome which cannot be described as a mere sum of the distinct stress treatments.



Genetic Factors: Stress-Tolerant vs. Stress-Susceptible Genotypes

Several proteomic studies focused on a comparison of proteome response to a given stress between a tolerant and a susceptible plant genotype or related species (Table 2, Supplementary Table S1A). Unfortunately, some authors often use genotypes with not well-documented differences at physiological level or they use only one physiological trait to describe it, making the result less usable in further studies. Simply, lower water use or higher biomass upon stress do not mean superior stress tolerance because of interactions between genotype × environment × management (Vadez, 2014; Vadez et al., 2014). For example, a comparison of drought-treated inbred vs. hybrid maize plants revealed an adverse effect of higher plant biomass and larger leaf area on a balance between photosynthesis and leaf transpiration rates leading to lower water use efficiency (WUE) and drought tolerance in the hybrid with respect to its parents (Holá et al., 2017). Comparison of changes in proteome composition under stress with respect to control conditions reveals higher numbers of differentially abundant proteins between control and stress conditions in stress-susceptible materials than in stress-tolerant ones. This indicates more profound disturbances in cellular homeostasis in the susceptible plants. For example, a comparison of differentially abundant proteins in salt-treated Arabidopsis thaliana vs. salt-treated Thellungiella halophila with respect to control conditions revealed 88 differentially abundant proteins in glycophyte A. thaliana while only 37 differentially abundant proteins in halophyte T. halophila under the same conditions (Pang et al., 2010). The possible reason for these differences between tolerant and susceptible species may lie in the fact that the given stress conditions do not cause such large disturbances in cellular homeostasis in tolerant halophytes than in susceptible glycophytes. The explanation of these differences may also lie in the fact that proteomic studies in stress-tolerant plants often identified constitutively enhanced abundance of several protective proteins, e.g., LEA proteins such as dehydrins, germin-like proteins GLP, universal stress protein USP (Vítámvás et al., 2010; Benešová et al., 2012; Kosová et al., 2013c) as well as several detoxification enzymes which efficiently remove toxic byproducts of cellular metabolism (Askari et al., 2006; Maršálová et al., 2016). Enhanced levels of ROS scavenging enzymes APX, Cu/Zn-SOD, and Mn-SOD were found in drought-tolerant maize and sunflower genotypes with respect to the susceptible ones, respectively (Benešová et al., 2012; Ghaffari et al., 2013), in salt-tolerant T. aestivum × Lophopyrum elongatum amphiploid with respect to its parental common wheat cv. Chinese Spring (Jacoby et al., 2013) as well as in differentially cold-tolerant winter wheats (Xu et al., 2013). In contrast, enhanced levels of APX and MDAR were found in salt-susceptible barley roots with respect to salt-tolerant ones since salinity treatment caused larger disturbances in redox homeostasis (both ionic and toxic effects of salt) in the susceptible genotype than in the tolerant one (Witzel et al., 2009). Differential levels of lactoylglutathione lyase (glyoxalase) involved in detoxification of methylglyoxal as a byproduct during glycolysis and threonine biosynthesis were found in barley root (Witzel et al., 2009) and barley crown (Maršálová et al., 2016) under salinity and in oilseed rape leaves under drought (Urban et al., 2017). Enhanced levels of cyanate hydratase involved in degradation of cyanate, a toxic byproduct of ethylene biosynthesis, were found in a halophytic plant Suaeda aegyptiaca (Askari et al., 2006). Due to constitutively increased levels of several stress-protective proteins in tolerant genotypes, a higher stress-inducible increase of some stress-responsive proteins such as HSP70 and thioredoxin h (Trx h) was found in susceptible genotypes with respect to tolerant ones under stress treatment (Manaa et al., 2011). Correspondingly, enhanced levels of stress-responsive transcription factors (TFs) such as NACα (Maršálová et al., 2016), bHLH (Vincent et al., 2007), and MYB-like (Wendelboe-Nelson and Morris, 2012) were found in tolerant plants with respect to the susceptible ones. Stress treatment thus causes larger disturbances in cellular homeostasis in susceptible plants than in tolerant (or stress-adapted) ones. Studies of physiological characteristics have shown that tolerant plants usually reveal also lower impacts of environmental stress factors on plant-related characteristics such as RWC (drought) or tissue Na+ content (salinity) with respect to the susceptible plants when exposed to the same ambient environment (Flowers and Colmer, 2008, 2015).



Table 2. Examples of major proteins (protein groups) revealing differential abundance between stress-susceptible and stress-tolerant plant genotypes. More details on proteomic experiments dealing with stress response in differentially stress-responsive genotypes are given in Supplementary Table S1A.
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The differences in the impact of stress on tolerant and susceptible plants are also reflected in cellular metabolism. Larger disturbances in cellular homeostasis represent a higher risk of oxidative stress (ROS formation) thus adversely affecting aerobic metabolism, especially photosynthesis and ATP biosynthesis. A decrease in proteins of photosynthetic electron transport chain such as components of oxygen evolving complex (OEC) and photosystem II reaction center (RC PSII) as well as in RubisCO subunits and Calvin cycle enzymes was found in susceptible plants (Caruso et al., 2008; Gharechahi et al., 2014; Holá et al., 2017). In contrast, tolerant plants were able to adjust to altered environment and thus they revealed increased levels of crucial photosynthetic proteins such as OEC components of PSII as well as RubisCO subunits and RubisCO-related proteins such as RubisCO activase and carbonic anhydrase (Askari et al., 2006; Ge et al., 2012; Guo et al., 2012; Budak et al., 2013; Kausar et al., 2013; Witzel et al., 2014). Following RubisCO carboxylation activity, enhanced abundance of Calvin cycle enzymes was also found in tolerant plants. Similarly, an enhanced level of mitochondrial malate dehydrogenase (mtMDH) catalyzing dehydrogenation of malate to oxaloacetate was found in highly frost-tolerant winter wheat Mironovskaya 808 with respect to less tolerant winter wheat Bezostaya 1 under long-term cold (Vítámvás et al., 2012) as well as in salt-tolerant T. aestivum × Lophopyrum elongatum amphiploid with respect to its parental common wheat cv. Chinese Spring (Jacoby et al., 2013) indicating more efficient mitochondrial respiration in the more tolerant genotypes. Due to efficient elimination of oxidative stress and enhancement of aerobic metabolism, tolerant genotypes can cover enhanced demands on energy during active stress acclimation process and/or likely use this in more efficient recovery. These differences are reflected in enhanced levels of proteins involved in ATP biosynthesis, especially the components of mitochondrial or plastid ATP synthases, in tolerant plants (Cheng et al., 2016). In contrast, in susceptible genotypes, an enhanced risk of oxidative stress leads to disturbances in energy metabolism indicated by opposite patterns of different isoforms of proteins involved in energy metabolism such as glycolytic enzymes (Rasoulnia et al., 2011; Vítámvás et al., 2015). Moreover, an enhanced risk of oxidative damage can lead to a shift from aerobic metabolism to anaerobic fermentation processes which are, however, less efficient in ATP production.

Other genotypic differences in stress-treated plants include differences in proteins involved in several metabolic pathways such as protein metabolism including both protein biosynthesis and proteasomal degradation (Maršálová et al., 2016), proteins involved in S-adenosylmethionine (SAM) metabolism (Faghani et al., 2015) as well as proteins involved in hormone biosynthesis such as gibberellin (GA) (Wang et al., 2008) and jasmonic acid (JA) (Pang et al., 2010).

Moreover, differences between tolerant and susceptible plants subjected to stress treatments were also observed in regulatory proteins. Tolerant plants which were able to acclimate to stress conditions reveal enhanced levels of those regulatory proteins which contribute to maintenance of fully acclimated state or are involved in stimulation of cell division indicating restoration of plant growth and development. Stress treatments lead to alterations in the levels of several small glycine-rich proteins (sGRPs) which are involved in regulation of transcription and transcript processing including alternative splicing of mRNAs leading to synthesis of different protein isoforms under stress with respect to control. An increased abundance of several sGRPs was found in plants exposed to several abiotic stress factors such as in transgenic Arabidopsis thaliana, poplar, and Nicotiana tabacum under salt and flooding stresses, respectively (Kwak et al., 2005; Durand et al., 2010; Wang et al., 2012). Another example of regulatory proteins revealing genotypic differences represents a pentatricopeptide repeat protein (PPR) in two drought- and salinity-treated grapevines (Vincent et al., 2007); PPR proteins are known to localize to organellar genomes where they are involved in posttranscriptional regulation of gene expression due to their RNA binding activities (Barkan and Small, 2014).

A lower damage of plant tissues and lower energy costs on stress acclimation in tolerant genotypes in comparison to susceptible ones could also result in a relatively more positive effect on novel protein biosynthesis, plant growth, and development in tolerant genotypes compared to susceptible ones when subjected to stress. An increase in eIF3 and mitochondrial EF-TuM was found in drought-tolerant maize genotype CE704 subjected to 6 days of dehydration while a decrease in eEF1D was found in drought-susceptible maize genotype 2023 under the same conditions (Benešová et al., 2012). Differences in eIF5A3 level between salt-susceptible common wheat cultivar Jinan 177 and salt-tolerant T. aestivum × Thinopyrum ponticum introgression hybrid Shanrong 3 indicate a higher antisenescence ability of the hybrid with respect to its parental cultivar under salinity (Wang et al., 2008). In contrast, susceptible plants can reveal enhanced levels of apoptosis-related proteins indicating regulated degradation of damaged cells. Translationally controlled tumor protein (TCTP) is known to be involved in negative regulation of p53-induced apoptosis due to its binding to p53 leading to a downregulation of its activity (Chen et al., 2013). Genotypic differences in TCTP levels were found in differentially tolerant drought-treated barley cultivars (Mostek et al., 2015) as well as in salt-susceptible H. vulgare and salt-tolerant H. marinum under high salinity of 300 mM NaCl (Maršálová et al., 2016). Environmental stresses also profoundly affect plant development leading to regulation of timing of vegetative-to-reproductive phase transition. In temperate climates where long-term periods of low temperatures occur during winter several plants had evolved a requirement of a long-term period of low temperatures prior to their transition to flowering, a phenomenon known as vernalization (Sung and Amasino, 2005; Kosová et al., 2008). At proteome level, differential response to 21 day-cold treatment was found between a winter and a spring cultivar of common wheat. Results showed an accumulation of several regulatory proteins such as germin E and lectin VER2, involved in maintenance of vegetative phase in the winter wheat while an induction of proteins involved in transition to flowering in the spring wheat including eIF5A-2, glycine-rich RNA-binding protein, and adenine phosphoribosyltransferase involved in cytokinin biosynthesis (Rinalducci et al., 2011a,b; Kosová et al., 2013d).

Last but not least, genotypic differences were also found in structural proteins including storage proteins such as legumin-like protein in cold-treated winter wheat crowns (Vítámvás et al., 2012), membrane transport-related proteins such as annexin (Mostek et al., 2015), porin (Alvarez et al., 2014), V-ATPase (Mostek et al., 2015), and cell wall modification-related proteins such as β-expansin (Alvarez et al., 2014), and lignin biosynthetic enzymes caffeoyl-coenzyme A O-methyltransferase CCOMT (Sugimoto and Takeda, 2009) and caffeic acid O-methyltransferase COMT (Riccardi et al., 2004; Vincent et al., 2005).

However, it has to be kept in mind that “stress tolerance” vs. “stress susceptibility” are relative terms depending on the given environmental conditions and the dynamics of stress treatment. Moreover, an eco-geographic origin of the individual genotype or cultivar plays a significant role in the aspect of its phenotypic response. In fact, stress-tolerant and stress-susceptible genotypes can differ in biological strategies applied when to cope with stress and can even show opposite trends in mild vs. severe stress or for different developmental stages. Thus, any stress treatment should be based on previous detailed review of target population of environment (Tardieu, 2012) and application supported by hypothesis-driven occurrence (Vadez et al., 2013). For example, in winter oilseed rapes, the different water-related strategy (water-savers, water-spenders) influenced significantly the rate of water uptake from the pot, and, consequently, the differential protein abundances (Urban et al., 2017). In the water-savers group, proteins related to nitrogen assimilation, ATP metabolism and redox homeostasis increased under stress, while in the water-spenders category, carbohydrate/energy, photosynthesis, stress related and rRNA processing proteins were increased upon stress. However, both groups contain drought-adaptable cultivars. Thus, if it has to be decided which cultivar or genotype is “tolerant,” the rate of stress onset, duration of stress, and actual plant developmental stage have to be specified.

Examples of proteins revealing differential abundances between stress-tolerant and stress-susceptible plants is given in Table 2. More detailed information on the proteomic experiments carried out in genotypes with differential stress response is provided in Supplementary Table S1A.

Summary: Different plant genotypes or crop cultivars within a given plant species reveal differential adaptability to environment including stress treatments which is reflected by their differential ability to survive and recover following stress. Differential adaptability can be described by the terms of “susceptibility” vs. “tolerance,” respectively, which are, however, relative terms depending on the given genotypes and stress treatments. Proteomics approaches could help the researchers to uncover differences in plant stress response at molecular level prior than they can be detected at the whole plant level by determination of physiological characteristics. Recent studies revealed that at proteome level, tolerant genotypes reveal constitutively enhanced levels of several detoxification-related and stress-protective proteins thus it can be hypothesized that tolerant plants can better cope with stress-induced imbalances in cellular homeostasis than susceptible ones. As a consequence, stress treatment leads to lower level of oxidative stress in tolerant plants with respect to susceptible ones thus enabling the tolerant plants to efficiently adjust energy metabolism to enhanced demands of stress acclimation process. As a result, tolerant plants are able to efficiently acclimate to stress conditions and to restore their growth and development while susceptible plants reveal signs of cellular damage caused by adverse effects of stress.




STRESS-RELATED FACTORS DETERMINING PROTEIN BIOLOGICAL FUNCTION

The major factors determining protein biological function include cellular localization, posttranscriptional and post-translational modifications, and protein interactions.


Protein Cellular Localization

Cellular fractionation represents an efficient means how to reduce complexity of cellular proteome. Separation techniques working with total proteome extracts usually do not ensure clear separation of all individual proteins present in the mixture leading to the situation that relatively low-abundant organellar proteins are overlaid by relatively high-abundant cytosolic proteins. Plant cell is composed of cell wall (extracellular matrix, ECM) as a part of apoplast and cytosol as a part of symplast connected with other cells via plasmodesmata. Apoplast and symplast are separated by plasma membrane representing a dynamic interface between these environments. Symplast contains organelles with double membrane envelopes such as nucleus, plastids and mitochondria, and vesicular compartments surrounded only by a single membrane such as components of secretory pathway including endoplasmic reticulum (ER), Golgi complex and trans-Golgi network (TGN), vacuoles, peroxisomes, glyoxisomes, and other vesicular structures. Each organelle plays a specific role in plant stress acclimation: nucleus is a site of stress signal transformation to gene expression, and chloroplasts and mitochondria are sites of aerobic metabolism, which are crucial for energy supply during stress acclimation. Classical approaches to cellular fractionation via differential centrifugation result in separation of four major cell fractions - nuclear, plastidial, mitochondrial, and microsomal. However, proteomic studies focused on organellar response to stress are still relatively scarce when compared to total proteome studies. A summary of the major proteins revealing alterations in their relative abundance under stress in the individual compartments is provided in Figure 3 (Table 3). More detailed information on proteomic experiments focused on subcellular proteomics in stress-treated plants is provided in Supplementary Table S1B and in specialized reviews on organellar proteomics under stress (Hossain et al., 2012).
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FIGURE 3. A schematic summary of the major stress-responsive proteins in the individual plant cell compartments. 2-Cys Prx, 2-cysteine peroxiredoxin; AOC, allene oxide cyclase; APX, ascorbate peroxidase; AOX, alternative oxidase; ENO, enolase; FBP ALDO, fructose-1,6-bisphosphate aldolase; GPX, glutathione peroxidase; GRP, glycine-rich protein; HSF, heat-shock (transcription) factor; HSP, heat-shock protein; LOX, lipoxygenase; MDAR, monodehydroascorbate reductase; MDH, malate dehydrogenase; OEC, oxygen-evolving center; PGK, phosphoglycerokinase; POX, peroxidase; PRK, phosphoribulokinase; SHMT, serine hydroxymethyltransferase; SNO, S-nitrosylation; SOD, superoxide dismutase; TF, transcription factor; Trx, thioredoxin.





Table 3. Examples of major proteins (protein groups) revealing differential abundance in cellular organelles (cell wall, plasma membrane, nucleus, chloroplast, mitochondria, tonoplast, endoplasmic reticulum) under stress.
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Cell Wall

Cell wall, also known as extracellular matrix (ECM), represents not only apoplastic mechanical envelope of the cell, but also a dynamic structure actively involved in stress sensing and signaling. Plant stress proteomic studies dealing with ECM fraction were mainly focused on two contrasting stresses—dehydration (drought) and flooding. Extracellular matrix proteome in rice shoots under dehydration stress revealed alterations in proteins involved in stress signaling (nucleoside diphosphate kinase, NDPK, involved in γ-phosphate transfers and G-protein signaling), proteins involved in detoxification and ROS scavenging (APX, thioredoxin, glyoxalase I, chitinase), chaperones (DnaK, CPN60, and HSP20) as well as proteins involved in cell wall modification such as enzymes of phenylpropanoid biosynthetic pathway and methyltransferases involved in methylation of lignin components (Pandey et al., 2010). Moreover, several cytosol-related proteins were also identified in ECM including proteins involved in carbohydrate metabolism as pentose phosphate pathway (phosphoribulokinase, transketolase). They are proposed to be involved in biosynthesis of sugars as a part of osmotic adjustment under dehydration stress or to be involved in ROS scavenging due to production of NADPH (Pandey et al., 2010).

Alterations in proteome composition of soybean root cell walls exposed to flooding indicate a reduced cell wall lignification which is probably associated with decreased levels of Cu/Zn-superoxide dismutase (Cu/Zn-SOD), four germin-like proteins, lipoxygenases and glycoprotein precursors. The results indicate a suppression of lignification due to a downregulation of ROS and jasmonate biosynthesis under flooding (Komatsu et al., 2010). In contrast, enhanced levels of proteins involved in production of apoplastic ROS, namely H2O2, such as oxalate oxidase, germins, APX, Cu/Zn-SOD, Trx m were found in elongation zone of maize root cell walls (Zhu et al., 2007) as well as chickpea seedlings shoot cell walls (Bhushan et al., 2007) subjected to dehydration stress, respectively. Apoplastic ROS are involved in enhanced cell wall loosening necessary for elongation root growth as well as for cross-linking of monolignols and other phenolics during cell wall lignification process. Cell wall lignification is associated with an enhanced abundance of β-D-glucosidases involved in release of monolignols essential for lignin biosynthesis (Bhushan et al., 2007).

Plasma Membrane

Plasma membrane is the primary site of stress sensing and its transformation into signaling. Alterations in ambient conditions are sensed by receptors at plasma membrane; for example, temperature decrease leading to alterations in membrane fluidity results in conformational changes in plasma membrane-located two-component histidine-type kinases (Murata and Los, 1997; Suzuki et al., 2000); or alterations in Na+ levels induce signaling associated with an active Na+ efflux via SOS1/SOS2/SOS3 complex (Zhu, 2002). Recently, several proteomic studies dealt with plasma membrane fraction under stress. Nouri and Komatsu (2010) investigated proteomic response of soybean plasma membrane to osmotic stress using both gel-based (2-DE) and gel-free (LC-MS/MS) approaches. Three H+-ATPase isoforms involved in ion efflux and revealing an increase under hyperosmotic stress were identified. The study has also identified several proteins regulating H+-ATPase activity including calnexin, one protein phosphatase, phototropin, and three isoforms of protein kinases. Similarly, several isoforms of H+-ATPase and H+-pyrophosphatase (H+-PPi-ase) were found in plasma membranes in aleurone layers of germinating barley embryos (Hynek et al., 2009). A study on plasma membrane fraction isolated from flooding-treated soybean indicated a role of 14-3-3 proteins and Ser/Thr protein kinase in regulating activity of plasma membrane H+-ATPase and maintenance of ion homeostasis (Komatsu et al., 2009).

Nucleus

Nucleus represents the major organelle involved in plant phenotype remodeling in response to environmental stress since it is involved in stress signal transformation into changes in gene expression. The study on nuclear proteome in drought-treated chickpea revealed the major protein functional groups belonging to gene expression, signal transduction, chaperones, chromatin remodeling, ROS scavenging enzymes, proteins involved in nucleocytoplasmic transport, and other regulatory proteins (Pandey et al., 2008).

Proteins involved in signal transduction include 14-3-3 proteins as well as secondary messengers involved in Ca2+ signaling such as calreticulin and calnexin. Alterations were found in several signaling- and regulatory-related proteins such as receptor-activated protein kinase C1 (RACK1), epsilon2-COP, beta-catenin, and others, revealing interactions with other proteins such as 14-3-3ζ, cAMP signaling pathway, and others determining the final protein function (Komatsu et al., 2014). Proteins involved in stress-induced gene expression include several ABA-dependent and ABA-independent transcription factors such as bZIP, bHLH, MYB, MYC, NAC, etc., (Bae et al., 2003). Proteins involved in chromatin remodeling include proteins involved in DNA methylation such as cytosine methyltransferase as well as proteins involved in histone PTMs such as histone deacetylase (HDAC) revealed alterations under stress (Pandey et al., 2008; Subba et al., 2013). It is also known that differential expression of various histone isoforms such as H2A (a canonical isoform H2A vs. a cold-responsive isoform H2A.Z) affects chromatin remodeling under low-temperature stress leading to transcriptome reprogramming (Janská et al., 2011). Differential H2A isoforms and decreased H1 and H3 were also found in nuclear proteome of soybean after the onset of flooding indicating profound chromatin remodeling (Yin and Komatsu, 2016). Nucleus also represents a site of formation of ribosomal subunits; therefore, several ribosomal proteins were identified among proteins responding to cold in A. thaliana nuclei (Bae et al., 2003). Several snoU3 RNA-associated proteins and NOP1/NOP56 complex which are involved in 60S ribosomal subunit biogenesis were found declined in flooded soybean indicating suppressed novel protein biosynthesis (Yin and Komatsu, 2016). Furthermore, stress also induced an accumulation of chaperones from HSP70 and HSP90 families to protect other proteins from disassembly under stress (Bae et al., 2003; Pandey et al., 2010). In addition, alterations in proteins involved in nucleocytoplasmic transport via nuclear pores such as Ran-binding protein (RanBP) were found under drought stress (Pandey et al., 2008).

Stress treatments also lead to alterations in protein PTMs. An analysis of nuclear phosphoproteins in soybean root tip during flooding led to identification of 27 phosphoproteins including zinc-finger/BTB domain-containing protein 47, glycine-rich protein, and rRNA processing protein Rrp5 which were regulated by ABA and phosphorylated in response to flooding (Yin and Komatsu, 2015).

Chloroplasts

Chloroplasts as sites of photosynthetic machinery are profoundly affected by stress treatments. Photosynthetic apparatus is very susceptible to alterations in cellular redox homeostasis affected by stress. Oxidative stress, especially a severe one such as ozone treatment, leads to decreased levels of components of photosynthetic apparatus including both photosynthetic electron transport chain and carbon assimilation proteins. In contrast, proteins involved in ROS scavenging and carbohydrate catabolism increased under oxidative stress which corresponds to decreased starch and increased sucrose levels (Ahsan et al., 2010; Hüner et al., 2012). The most crucial components of photosynthetic electron transport chain revealing alterations in response to stress are proteins of OEC complex involved in electron release from water, components of cytochrome b6f complex as well as components of electron acceptor complexes ferredoxin-NADP reductase and NAD(P)H-quinone oxidoreductase. Following electron acceptors, components of CF1-CF0 ATP synthase also revealed alterations under stress, especially the subunits of CF1 component including the subunits α, β, γ, ε, and λ. Stress also leads to alterations in proteins associated with carbon fixation including RubisCO subunits, RubisCO activase A and carbonic anhydrase. Alterations in photosynthetic electrontransport chain lead to profound alterations in chloroplast redox homeostasis and detoxification metabolism which result in enhanced levels of redox-related enzymes such as 2-cysteine peroxiredoxins (2-Cys Prx), thioredoxin m (Trx m) isoform, and lactoylglutathione lyase (glyoxalase I) levels as found in Arabidopsis chloroplast proteome under cold (Goulas et al., 2006). Alterations in crucial components of photosynthetic electrontransport chain such as the final electron acceptor ferredoxin-NADPH oxidoreductase and in subunits of CF0-CF1 ATP synthase complex were found in maize chloroplasts at early stages of salt treatment (Zörb et al., 2009).

Furthermore, stress also affects other plastidial functions such as plastidial glycolysis and proteosynthesis. Alterations in plastidial isoforms of GAPDH as well as plastidial translation elongation factor EF-Tu were found in wheat chloroplast proteome under salinity (Kamal et al., 2012). An increase in enzymes such as monogalactosyl diacylglycerol (MGDG) synthase involved in the biosynthesis of thylakoid membrane glycolipids were found in maize chloroplasts at early phases of salt stress indicating alterations in thylakoid membrane composition in response to stress (Zörb et al., 2009). Structural proteins are also affected by stress; as an example, fibrillins as the major protein components of plastoglobuli reveal alterations in response to drought in Festuca arundinacea (Kosmala et al., 2012), however, in oilseed rapes, fibrillins were found significantly accumulated in all cultivars upon drought (Urban et al., 2017). Last, but not least, protoporhyrinogen IX oxidase was found enhanced in maize chloroplasts under salt stress (Zörb et al., 2009); the enzyme catalyzes a conversion of chlorophyll precursor protoporhyrinogen which is known to act as a photosensitizer involved in ROS (singlet oxygen 1O2) production under stress. Enhanced protoporhyrinogen IX oxidase thus reduces the amount of protoporhyrinogen decreasing a risk of ROS formation (Zörb et al., 2009).

An analysis of tomato chloroplast proteome under drought stress and subsequent recovery revealed the importance of chloroplast as an environmental sensor of stress signals leading to specific chloroplast-to-nucleus (retrograde) signaling pathways and a crosstalk with nucleus-based (anterograde) ABA-dependent signaling network (Tamburino et al., 2017).

Mitochondria

Mitochondria as a major site of aerobic respiration face an enhanced risk of oxidative stress during stress acclimation. Therefore, enhanced levels of several ROS scavenging enzymes (Mn-SOD) were observed in mitochondrial proteome under stress (Taylor et al., 2005; Jacoby et al., 2010). Stress also led to enhanced levels of Krebs cycle enzymes such as malate dehydrogenase (MDH), components of F1Fo ATP synthase complex as well as alternative oxidase (AOX) which transfers electrons directly from ubiquinone pool to oxygen thus omitting cytochrome complexes of respiratory pathway (Jacoby et al., 2013). Unlike cytochromes, AOX is resistant to cyanide as a potential byproduct of plant metabolism under stress. Moreover, AOX activity prevents an overreduction of terminal electron acceptor thus preventing superoxide formation. Mitochondrial redox homeostasis is maintained by several thioredoxins (Trx) and peroxiredoxins (Prx). Besides ROS, NO can also modify several target proteins in mitochondria including ATP synthase CF1 β subunit, HSP90 and peroxiredoxins. It was found that S-nitrosylation of PrxII F in salt-treated pea resulted in a decrease of the protein biological activity (Camejo et al., 2013). Anoxia leads to increased levels of γ-aminobutyrate and tricarboxylic acid (TCA) cycle intermediates and, in contrast, to a decrease in components of mitochondrial electrontransport chain (ETC), especially complexes III, IV, and V, as found in soybean mitochondria under flooding (Komatsu et al., 2011). Stress also leads to altered levels of ion transporters such as voltage-dependent anion channel (VDAC), outer mitochondrial membrane porin (Jacoby et al., 2010), mitochondrial outer and inner membrane translocases Tom and Tim (Komatsu et al., 2011) as well as proteins with protective functions such as GroES chaperonin, chaperones and heat shock proteins in mitochondria thus preventing damage of protein complexes in respiratory chain (Taylor et al., 2005; Jacoby et al., 2013).

Endoplasmic Reticulum

Endoplasmic reticulum (ER) is a major site of protein biosynthesis as well as folding and PTMs of nascent proteins. Investigation of ER-enriched fraction isolated from soybean root tips exposed to flooding revealed alterations in proteins involved in protein biosynthesis and PTMs, namely glycosylation, such as luminal-binding protein 5, arabinogalactan protein 2, and methyltransferase PMT2 (Komatsu et al., 2012). Moreover, an increase in 3-ketoacylCoA reductase 1 involved in fatty acid biosynthesis as well as in stress- and defense-related proteins such as stress-induced protein SAM22 (Starvation-associated message 22) and osmotin-like proteins were found. In addition, enhanced levels of proteins involved in anaerobic metabolism such as glycolysis (GAPDH, ENO) and fermentation (ADH1) as well as proteins involved in PCD induction (apoptosis-inducing factor homolog A) were found in ER-enriched fraction under flooding which is typical for anaerobiosis and aerenchyma formation (Komatsu et al., 2012).

Tonoplast

Vacuole plays an important role in plant salinity tolerance due to Na+ intracellular compartmentation. The rate of Na+ vacuolar sequestration is affected by the activity of tonoplast-located V-ATPase, which functions as an ATP-dependent Na+/H+ antiporter. In their study on Arabidopsis los2 mutant lacking functional cytoplasmic enolase, Barkla et al. (2009) have shown a role of glycolytic enzymes aldolase (ALDO) and enolase (ENO) associated with tonoplast fraction for the activity of V-ATPase due to ATP supply.

Summary: Each cellular compartment reveals specific biological functions which correspond with specificities of their proteomes. Different protein isoforms located in different cellular compartements can reveal either analogous functions (e.g., cytosolic Cu/Zn-SOD, mitochondrial Mn-SOD, chloroplast Fe-SOD) or entirely different functions (e.g., cytosolic vs. nuclear enolase) depending on their interactions.



Role of Protein Isoforms and Post-Translational Modifications (PTMs)

Protein biological function is also determined by protein isoforms and post-translational modifications (PTMs). Protein isoforms differ in their sequence (primary structure) while PTMs represent chemical modifications of amino acid residues which can range from small molecules (NO) to whole peptides (ubiquitin, SUMO). Protein isoforms arise either from a single gene as products of posttranscriptional modifications such as alternative splicing, RNA editing, and others, or they can be products of orthologous or paralogous genes. Protein PTMs are reversible and can alter throughout protein life cycle, e.g., reversible phosphorylation of protein kinases or ubiquitination of proteins targeted to degradation. Protein isoforms and PTMs often differ in their molecular weight or isoelectric point making them distinguishable by 1-DE and 2-DE. Currently, over than 300 kinds of protein PTMs were described (Wu et al., 2016); however, only few of them were studied with respect to plant stress treatments. Stress-related PTMs mostly include phosphorylation, glycosylation, ubiquitination, sumoylation, and modifications induced by reactive molecular species (RMS) such as protein carbonylation and nitrosylation, etc., which result in significant alterations of protein function. Analysis of Web of Science publication database revealed that currently, the most studied protein PTMs upon stress represent phosphoproteomic studies (73 studies found as a reply for a query “plant phosphoproteome and stress” in October, 2017), followed by redox proteomics, glycoproteomics, and recently also by protein S-nitrosylation while other PTMs remain largely untouched in stress-treated plants.

Phosphoproteome analysis of drought-treated wheat seedling leaves revealed phosphorylated signaling proteins belonging to ABA-induced SnRK and PP2C signaling pathways, calcium-dependent protein kinase (CDPK), mitogen-activated protein kinase (MAPK) pathway, and calcium-dependent signaling proteins such as phosphatidylinositol-4,5-diphosphate. Other phosphoproteins identified include phosphorylated transcription factors such as ABA-dependent transcription factors ABI5, MYB1R1, and bHLH as well as ABA-independent transcription factors such as zinc finger CCCH domain containing proteins. Other phosphoproteins include proteins involved in transport such as aquaporins (AQPs) and proton ion pumps (H+-ATPases), proteins involved in stress defense such as zinc finger ABI5, three E3 ubiquitin ligases isoforms, ROS scavenging-related proteins glutamate decarboxylase 1 and glutathione peroxidase, and LEA proteins such as WCOR615, WCOR719 and WRAB17 (Zhang et al., 2014). Phosphorylation-regulated proteins involved in signaling and signal transduction also play important roles in plant-pathogen interactions affecting the extent of infection as revealed by a phosphoproteomic study on wheat infected with Septoria tritici (Yang et al., 2013b). Pathogen is sensed by plant receptor-like kinases and G proteins on plasma membrane. The initial signal is then transduced by MAPK and CDPK signaling cascades to nucleus where transcription factors such as WRKY involved in expression of genes associated with defense response are activated by phosphorylation. Similarly, alterations in phosphorylation patterns were also found in several signaling proteins produced by fungal pathogen such as protein kinase A, 14-3-3 protein, G protein subunit α, Ras GTPase, several MAPKs and an ABC transporter indicating that phosphorylation might play an important role in plant-pathogen interactions. Differential phosphorylation of dehydrin-5 protein and LEAIII proteins (WRAB17) was found in differentially-tolerant drought-treated common wheat and durum wheat cultivars, respectively (Brini et al., 2007; Zhang et al., 2014) which might indicate differential protein cellular localization between cytoplasm and nucleus (Rorat, 2006).

Redox proteomics: Possibilities of PTM modifications by reactive species of oxygen (ROS), nitrogen (RNS), carbonyl (RCS) and sulfur (RSS) are given in recent review by Mock and Dietz (2016). A proteomic study on three Iranian drought-treated wheat cultivars led to an identification of three different isoforms of thioredoxin h (Trx h) revealing different abundance patterns in response to drought stress as well as several other proteins known as potential targets of Trx h activity indicating an importance of plant redox response for protein protection under drought (Hajheidari et al., 2007). Apart from highly studied ROS, the effects of nitric oxide (NO) as a stress signaling molecule and the resulting S-nitrosylation of cysteine residues which affects protein biological activity becomes recently studied. For example, S-nitrosylation of RubisCO subunits in Brassica juncea exposed to cold leads to a decrease in RubisCO carboxylation activity (Abat and Deswal, 2009).

Protein glycosylation plays an important role in plant response to pathogens. Differential patterns of non-glycosylated vs. glycosylated isoforms of xylanase inhibitors with non-glycosylated forms increased more strongly than their glycosylated counterparts were found in wheat treated with F. graminearum ΔTri mutant (Dornez et al., 2010). In wheat, DNA-damage inducible protein was found to undergo O-glycosylation under F. graminearum infection (Zhou et al., 2006). O-glycosylation may play an important role in response to low-temperature stress as reported for some dehydrin proteins isolated from cold-treated floral buds of blueberry (Levi et al., 1999) and pistachio (Yakubov et al., 2005); however, biological function of these glycosylated proteins remains unknown.

Examples of protein isoforms differential functions: Cellular redox metabolism, especially in chloroplasts and mitochondria, represents a finely tuned network of redox reactions, which are aimed at minimizing harmful damage by RMS, especially under stress. Cellular redox homeostasis thus represents a result of a coordinated action of several isoforms of redox proteins with specific, but overlapping functions enabling fine tuning of redox metabolism. For example, more than 20 Trx and Trx-like protein isoforms (Trx-f1, Trx-f2, Trx-m1-4, Trx-x, Trx-y1, Trx-y2, Trx-z, atypical Cys-His rich Trx), NTRC (NADPH-dependent Trx reductase C), protein disulfide isomerase-like (APR-1-3), thiol-based peroxidases and ascorbate peroxidases were identified in A. thaliana chloroplasts (Meyer et al., 2005; Dietz, 2016). The individual redox proteins are involved in reactions with thiol groups of target proteins in photosynthetic electron transport chain thus revealing specific, but overlapping functions which are still far from being fully understood (König et al., 2012). Similarly, several small HSP proteins (sHSPs) with overlapping chaperone functions were identified in heat-treated wheat grains (Skylas et al., 2002; Majoul et al., 2004) indicating an enhanced need of protein protection against heat-induced damage.

Other protein isoforms may differ in their tissue localization or induction by different stresses. Three isoforms of SAMS were identified in soybean revealing differential patterns in relative abundance both at transcript and protein levels in different seedling parts (root, cotyledon, hypocotyl) under drought and flooding, respectively (Oh and Komatsu, 2015; Wang et al., 2016). SAMS is known to be involved in methylation of lignin components; thus, the different abundances of different SAMS isoforms may underlie differences in plant cell growth and lignification of cell walls.

It is known that protein enzymatic activity depends on temperature. Therefore, alterations in protein isoforms of several enzymes differing in their thermostability were found on 2-DE (2D-DIGE) gels under temperature stress including both high and low temperatures. In Arabidopsis chloroplast fractions under cold, alterations in relative abundance of RubisCO large and small subunits were found under cold with respect to control indicating alterations in isoform composition of the whole RubisCO holoenzyme thus affecting its final activity under altered temperature (Goulas et al., 2006). Alterations in protein isoform composition become obvious, especially under heat. For example, cereals from the tribe Triticeae encode two RubisCO activase isoforms - a conventional RubisCO activase A and a thermostable RubisCO activase B. In heat-treated barley, thermostable RubisCO activase B revealed an increase while thermo-unstable RubisCO activase A revealed a decrease upon the same treatment (Rollins et al., 2013). A study in Chenopodium album revealed a higher thermostability of chloroplast APX and Cu/Zn-SOD isoforms than mitochondrial APX and Mn-SOD isoforms (Khanna-Chopra et al., 2011).

Protein isoforms can reveal either similar or entirely different biological functions. A few examples of distinct biological functions of protein isoforms are given below. Eukaryotic translation initiation factor eIF5A in cytosol is known to act as a translation initiation factor involved in regulation of protein biosynthesis. However, its nuclear isoforms eIF5A1 and eIF5A2, differing in hypusination level, were reported to differentially regulate cell cycle leading to either apoptosis (PCD) or cell division (Thompson et al., 2004). In a comparative proteomic study on salt-treated glycophytic H. vulgare and halophytic H. marinum, different eIF5A isoforms were found with eIF5A1 isoform in H. vulgare while eIF5A2 isoform in H. marinum (Maršálová et al., 2016). The presence of eIF5A1 in H. vulgare corresponds with enhanced levels of several apoptosis-related proteins found in H. vulgare under high salinity. Flooding stress-related translocation of cytochrome c from mitochondria into cytoplasm via VDAC leads to cytochrome c interaction with caspases and induction of PCD (Komatsu et al., 2011).

Similarly, nuclear isoforms of cytosolic proteins FBP aldolase, enolase, and glyceraldehyde-3-phosphate dehydrogenase (GAPDH) known as glycolytic enzymes are involved in important regulatory processes in nucleus. Nuclear isoform of fructose-bisphosphate aldolase (FBP aldolase) is known to act as a DNA-binding protein involved in regulation of expression of its own gene as well as other genes (Ronai et al., 1992). Nuclear isoform of GAPDH is known to act as a tRNA-binding protein involved in tRNA export (Singh and Green, 1993). It has also been reported that FBP aldolase may be involved in an integration of intra- and extracellular signals associated with growth, development, and sugar biosynthesis (Li et al., 2012) while non-phosphorylating isoform of GAPDH may be involved in regulation of ROS levels (Bustos et al., 2008). Nuclear isoform of enolase encoded by Los2 locus in A. thaliana functions as a transcriptional repressor of STZ/ZAT10 which is a repressor of cold-inducible CBF pathway; nuclear isoform of enolase thus acts as an indirect positive regulator of CBF pathway and CBF-regulated COR gene expression (Lee et al., 2002). Tonoplast-associated isoforms of aldolase and enolase are involved in activation of V-ATPase in salt-treated Mesembryanthemum crystallinum plants leading to Na+ vacuolar accumulation (Barkla et al., 2009). It can thus be concluded that biological function of a given protein is determined by PTM as well as cellular localization.



Functional Proteomics and Interactomics: From Proteome Description to Protein Biological Function

Proteomic analysis enables the researchers to identify proteins, which reveal quantitative or qualitative differences between control and stress treatments. These proteins might play a crucial role in plant stress response. Biological function of a given protein is dependent on its PTM, cellular localization as well as interaction partners. Therefore, functional studies of these proteins are required to characterize their role in plant stress response. Functional studies using knock-out mutants, enzyme assays, tools for protein-protein interaction study, etc., provide valuable data on protein biological functions which can complement the data on protein relative abundance obtained by high-throughput proteomic analysis.

In winter cereals, transition to flowering is regulated by a period of low temperatures, a phenomenon known as vernalization. An interactomics study in winter wheat using two independent methodical approaches, yeast two-hybrid GAL4 system and split-GFP fluorescent complementation in Nicotiana benthamiana, has confirmed physical interactions between proteins involved in flowering regulation (TaVRT1/VRN1, TaVRT2, VRN2, TaFT1/VRN3, TaHd) as well as between other protein groups such as proteins involved in signaling (two phospholipases C, a receptor-like protein kinase, G protein) and microtubule remodeling (α-tubulin and TaTil, a lipocalin known to be involved in microtubule polymerization) which opens new ways to study their functions under cold (Tardif et al., 2007).

Protein interactions play also crucial roles in plant-pathogen interactions. For example, wheat treatment with Fusarium graminearum ΔTri mutants led to changes in wheat xylanase inhibitors (Dornez et al., 2010). Fusarium graminearum ΔTri mutants are unable to produce mycotoxin deoxynivalenol (DON) thus they are less infectious than wild type pathogen. Differences in the level of plant xylanase inhibitors induced by pathogen were found. Another example is a study on triticale infected by F. culmorum where significant increases in β-amylase and α-amylase inhibitor from triticale were found. Data on alterations in protein relative abundance are accompanied by determination of α-amylase and β-amylase enzymatic activities leading to the hypothesis that the activity of plant β-amylase as well as high levels of plant α-amylase inhibitor involved in an inhibition of pathogen α-amylase activity represent important components of plant-pathogen interaction system at molecular level (Perlikowski et al., 2016).

Summary: Protein isoforms and PTMs differ in their primary sequence or amino acid residues modifications, respectively, making them distinguishable on 2DE gels. Different protein isoforms and PTMs derived from a single gene can reveal same, similar, or entirely different biological functions depending on their cellular localizations and protein-protein interactions. Interactomics studies are necessary to understand protein biological functions in the given molecular context.




CONCLUDING REMARKS

Proteins play a crucial role in plant stress response leading to stress-adapted phenotype. However, it is becoming evident that protein role in plant stress response is determined by several factors which include the impacts of environmental stress treatments, genotypic differences affecting stress impacts on plant cellular homeostasis as well as differential protein biological functions determined by protein isoforms, PTMs, cellular localizations, and protein-protein interactions. The major points on the stress-related factors determining protein accumulation and biological function which have to be considered when interpreting proteomic data are summarized below as well as in Figure 4.

• Abiotic stresses reveal both common and specific effects on plants. Several abiotic stresses lead to oxidative stress, several stresses (frost, heat, drought, salinity) lead to cellular dehydration.

• Plant stress response is a dynamic process where several phases (alarm, acclimation, resistance, exhaustion, recovery) with specific proteome composition can be distinguished.

• The impacts of combined stress treatments do not equal to the sum of the effects of the individual stress treatments and thus they need to be studied.


[image: image]

FIGURE 4. Summary of the major factors determining proteome composition and protein biological functions in stress-treated plants.



Comparison of stress-susceptible vs. stress-tolerant plants:

• The impacts of stress on plants have to be assessed using plant-related characteristics (e.g., water content in plant tissues) rather than environment-related characteristics (e.g., water content in soil).

• Tolerant plants reveal constitutively enhanced levels of several stress- and detoxification-related proteins thus the stress treatment causes weaker disturbances in their cellular homeostasis.

• Tolerant plants can adjust energy metabolism to enhanced demands of stress acclimation process due to activation of photosynthesis and aerobic respiration.

• Susceptible and tolerant plants also reveal differences in development-related proteins under stress: at molecular level, susceptible plants reveal cellular damage leading to activation of PCD-related processes while tolerant plants reveal restoration of active growth and development.

Protein isoforms and PTMs:

• Protein isoforms reveal differences in their primary sequence while protein PTMs represent differential modifications of amino acid residues.

• Protein isoforms can reveal same, similar or completely different biological functions which depend on their cell localization, PTMs or protein-protein interactions.

• Interactomics studies are necessary to understand protein biological functions in the given molecular context.
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ABBREVIATIONS

ADH, alcohol dehydrogenase; AOX, alternative oxidase; APX, ascorbate peroxidase; AQP, aquaporin; CCOMT, caffeoyl-coenzyme A O-methyltransferase; CBF, C-repeat binding factor; CDPK, calcium-dependent protein kinase; COMT, caffeic acid O-metyltransferase; COR, cold-regulated (protein); ECM, extracellular matrix; eIF, eukaryotic translation initiation factor; ENO, enolase; ETC, electrontransport chain; FBP ALDO, fructose 1,6-bisphosphate aldolase; GAPDH, glyceraldehyde-3-phosphate dehydrogenase; GLP, germin-like protein; GRP, glycine-rich protein; HDAC, histone deacetylase; HSF, heat-shock transcription factor; HSP, heat-shock protein; LEA, late embryogenesis abundant (protein); MAPK, mitogen-activated protein kinase; MDAR, monodehydroascorbate reductase; MDH, malate dehydrogenase; MGDG, monogalactosyldiacylglycerol; NDPK, nucleoside diphosphate kinase; OEC, oxygen evolving complex; PCD, programmed cell death; PGK, phosphoglycerokinase; PPR, pentatricopeptide repeat protein; PRK, phosphoribulokinase; Prx, peroxiredoxin; PTM, posttranslational modification; RCS, reactive carbonyl species; RMS, reactive molecular species; RNS, reactive nitrogen species; ROS, reactive oxygen species; RSS, reactive sulfur species; RubisCO, ribulose-1,5-bisphosphate carboxylase; SAM, S-adenosylmethionine; SAMS, S-adenosylmethionine synthetase; SAM22, starvation-associated message 22; SOD, superoxide dismutase; SOS, salt overly sensitive (gene); TCA, tricarboxylic acid (cycle); TCTP, translationally-controlled tumor protein; TPI, triose phosphate isomerase; Trx, thioredoxin; USP, universal stress protein; VDAC, voltage-dependent anion channel.
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Pisum fulvum, a wild relative of pea is an important source of allelic diversity to improve the genetic resistance of cultivated species against fungal diseases of economic importance like the pea rust caused by Uromyces pisi. To unravel the genetic control underlying resistance to this fungal disease, a recombinant inbred line (RIL) population was generated from a cross between two P. fulvum accessions, IFPI3260 and IFPI3251, and genotyped using Diversity Arrays Technology. A total of 9,569 high-quality DArT-Seq and 8,514 SNPs markers were generated. Finally, a total of 12,058 markers were assembled into seven linkage groups, equivalent to the number of haploid chromosomes of P. fulvum and P. sativum. The newly constructed integrated genetic linkage map of P. fulvum covered an accumulated distance of 1,877.45 cM, an average density of 1.19 markers cM−1 and an average distance between adjacent markers of 1.85 cM. The composite interval mapping revealed three QTLs distributed over two linkage groups that were associated with the percentage of rust disease severity (DS%). QTLs UpDSII and UpDSIV were located in the LGs II and IV respectively and were consistently identified both in adult plants over 3 years at the field (Córdoba, Spain) and in seedling plants under controlled conditions. Whenever they were detected, their contribution to the total phenotypic variance varied between 19.8 and 29.2. A third QTL (UpDSIV.2) was also located in the LGIVand was environmentally specific as was only detected for DS % in seedlings under controlled conditions. It accounted more than 14% of the phenotypic variation studied. Taking together the data obtained in the study, it could be concluded that the expression of resistance to fungal diseases in P. fulvum originates from the resistant parent IFPI3260.

Keywords: DArT, Pisum fulvum, genetic linkage map, QTL, rust resistance, Uromyces pisi


INTRODUCTION

The cultivated pea (Pisum sativum L. subsp. sativum) is one of oldest domesticated crops. Since its domestication about 10,000 years ago it has been improved for important agronomic traits, being today the cool season grain legume most cultivated in Europe and the second in the world (Rubiales et al., 2015). However, pea yield is still relatively unstable due to its limited adaptability to a wide range of environmental conditions and its susceptibility to diseases and pests. Among the biotic stresses, the rusts have been acquiring more and more economic importance since the mid-eighties. Uromyces pisi (Pers.) Wint. is the main causal agent of pea rust in temperate regions (Barilli et al., 2009a,b) although in tropical and subtropical regions as India or China, it has been reported to be caused by the fungus Uromyces viciae-fabae (Pers.) J. Schröt [syn. U. fabae (Pers.) de Bary] (Singh and Sokhi, 1980; Kushwaha et al., 2006). In years of epidemic the rust causes the drying of leaves and severely affects the development of pods, with consequent yield losses that can reach up to 50% (Barilli et al., 2009a).

Unfortunately, there is little resistance available in the cultivated P. sativum, being insufficient to achieve an effective control. Only some levels of incomplete resistance have been identified after an exhaustive screening of U. pisi resistance in a large germplasm collection identifying the highest levels of resistance in P. fulvum Sibth. & Sm. (Barilli et al., 2009a,b,c). Not without difficulty, crosses between P. sativum and P. fulvum have been possible and, in fact, resistance genes to Bruchus pisorum and Erysiphe pisi have already been transferred from P. fulvum to P. sativum by natural hybridization (Fondevilla et al., 2007; Byrne et al., 2008). Similarly, resistance to other biotic stresses such as Didymella pinodes or Orobanche crenata has been identified in P. fulvum, and crosses have also been carried out to transfer the resistance genes to the cultivated pea (Rubiales et al., 2005, 2009; Fondevilla et al., 2008, 2017).

The use of modern breeding tools will facilitate the efficient exploitation of all the potential offered by P. fulvum for P. sativum breeding. DNA-based genetic markers provide powerful tools for the identification and localization of genes that control traits of agronomic importance, whose subsequent introgression into commercial varieties facilitates the advancement of plant breeding programs. Despite the important source of resistance provided by P. fulvum so far there has been relatively little research on the development and application of molecular genetic tools in wild peas compared to the best studied P. sativum in which several types of markers have already been related to several disease resistance regions (Pavan et al., 2013; Carrillo et al., 2014; Coyne et al., 2015; Sudheesh et al., 2015; Tayeh et al., 2015; Boutet et al., 2016).

The association of molecular markers with U. pisi resistance has been previously studied in the F2 population derived from the intraspecific cross between the P. fulvum accessions IFPI3260 × IFPI3251 (Barilli et al., 2010). A previous genetic map of 1283.3 cM that included 146 markers (144 RAPDs and 2 STSs markers) distributed in 9 linkage groups (LGs) was developed. It was observed that rust resistance was governed by a major QTL that explained 63% of the total phenotypic variation located in the LG 3 and flanked by the RAPD markers OPY111316 and OPV171078. To our knowledge, there is no other report on QTLs for U. pisi resistance in pea. Vijayalakshmi et al. (2005) and Rai et al. (2011) studied in a BC1F2 population the resistance to U. fabae Pers. de-Bary, the pathogen responsible for rust disease in pea in sub-tropical regions, reporting that it was governed by a major and a minor QTL identified in the LG 7 as Qruf (22.4–58.8% of phenotypic variation; flanked by SSR markers AA446 and AA505) and Qruf1 (11.2–12.4% of phenotypic variation; flanked by SSR markers AD146 and AA416).

As mentioned above, several pea linkage maps based on different type of markers have been constructed. Most of these are gel-based markers and have limited ability to rapidly analyse a large number of marker loci. Although some of these limitations can be overcome by using specialized hardware such as high-throughput capillary electrophoresis equipment that can improve the ability of allelic discrimination, reproducibility, and speed, there are still limitations related to the sequential nature, the requirement to have DNA sequence information to expand the currently available marker toolkits and the high costs of use these marker technologies. Mainly this last factor has made the use of molecular markers directly in wild species impractical. In this scenario, the Diversity Arrays Technology (DArT) in combination with next-generation sequencing platforms (Kilian et al., 2012; Raman et al., 2014) known as DArTseq™, provides a good choice as a high throughput marker genotyping platform that can develop a relatively large number of polymorphic markers to build dense genetic maps with low-cost investments. The thorough coverage of the genome and the high-density genetic maps based on DArTseq™ technology increase the power of QTL detection (Thudi et al., 2011). Additional advantages of DArTseq™ technology are its suitability for polyploid species as well as the possibility of developing rapidly for virtually any genome. As a result, DArTseq-derived markers are currently used in more than 400 species (http://www.diversityarrays.com/), being very popular among crops with the non-sequenced genomes. The DArTseq markers include genome-wide profiling of a large number of SNPs and detection of insertion/deletion polymorphisms which is easily expandable for genetic scope (Kilian et al., 2012). So far, the DArT markers have been used in legumes for the mapping of pigeon peas (Cajanus cajan L.) (Yang et al., 2011), chickpeas (Cicer arietinum L.) (Thudi et al., 2011), lupins (Lupinus albus L.) (Vipin et al., 2013), common beans (Phaseolus vulgaris L.) (Valdisser et al., 2017), and soybeans (Glycine max L.) (Vu et al., 2015).

Therefore, the goals of this work have been the development of the first integrated high-density genetic linkage map of P. fulvum and the identification of QTLs of resistance to pea rust.



MATERIALS AND METHODS


Plant Material

A mapping population of 84 F7 RILs derived from the cross IFPI3260 (resistant) × IFPI3251 (susceptible) was used to construct an integrated SilicoDArT + SNP + SSR + STS based linkage map and was screened for rust (U. pisi) resistance.



Phenotyping Analysis for Rust Resistance under Field and Controlled Conditions

Seeds of the pea susceptible check cv. Messire and 84 F7 RILs from the cross P. fulvum IFPI3260 (resistant) × IFPI3251 (susceptible) segregating for rust resistance and their parental lines were sown in fields located at Córdoba (Spain) during the 2013/2014, 2014/2015 and 2015/2016 growing seasons. Each accession was represented by a single row of 1 m in which 15 plants were sown and which was separated from the adjacent row by 0.7 m. The assays for each season included three replications of each accession arranged in a completely randomized design. Plots were artificially inoculated at the end of March to ensure high and uniform levels of rust infection. Prior to field inoculation, stock spores of the local U. pisi isolate Up-Co01 conserved at −80°C were heat shocked at 40°C for 5 min and multiplied on susceptible pea cv. Messire. These seedlings were spray-inoculated with an aqueous urediniospores suspension (±1.0 × 105 urediniospores ml−1) to which Tween-20 (0.03%, v: v) was added as a wetting agent and incubated for 24 h at 20°C in complete darkness and 100% relative humidity. Later, they were transferred to a growth chamber at 20°C with a photoperiod of 14 h of light and 10 h of darkness and a light intensity of 148 μmol m−2 s−1. After 2 weeks, the fresh urediospores were collected using a vacuum spore collection device and used for field inoculation. The plants were inoculated after sunset to benefit from the darkness and high relative humidity of the night. At maturity, disease severity (DS) and infection type (IT) were assessed. DS was visually estimated as the percentage of canopy covered by rust pustules. IT was assessed using the 0–4 scale of Stackman et al. (1962), where IT 0 = no symptoms, IT; = necrotic flecks, IT 1 = minute pustules barely sporulating; IT 2 = necrotic halo surrounding small pustules, IT 3 = chlorotic halo and IT 4 = well-formed pustules with no associated chlorosis or necrosis.

In addition, the response of the plant material was studied in seedlings under controlled conditions. Two seeds were sown in each pot (35 × 35 cm) with a 1:1 mixture of sand and peat. Three replicates were performed with 8 plants (4 pots) per accession and replicate in a completely randomized design. Seedlings were inoculated when the third leaf was completely expanded (± 12 days after germination). The inoculation was carried out by dusting the plants with the urediospores of U. pisi isolate Up-Co01 (2 mg spores pot−1) diluted in pure talc (1:10, v:v) using a spore settling tower. The plants were incubated for 24 h at 20°C in complete darkness and at 100% relative humidity. Then they were transferred to a growth chamber at 20°C with a photoperiod of 14 h of light and 10 h of darkness and 148 μmol m−2 s−1 of irradiance at plant canopy. DS and IT values were recorded 10 days after the inoculation as above mentioned. DS values measured in both field and controlled conditions were normalized by the arcsine transformation [y = arcsine (√DS)]. Pearson's linear correlations between rust resistance parameters were performed using Statistix (version 8.0; Analytical Software, Tallahassee, USA).



DNA Extraction and Quantification

The eighty-four P. fulvum F7 RILs of the mapping population and the parents of the cross were grown under controlled conditions at IAS-CSIC. Around 1 g of the young leaf tissue from the 3rd to 4th node of each seedling was excised, immediately frozen in liquid nitrogen and stored at −80°C. Genomic DNA was isolated from the frozen leaves using a modified cetyltrimethylammonium bromide (CTAB)/chloroform/isoamylalcohol method (Doyle and Doyle, 1987). DNA quantification was performed by agarose gel electrophoresis (0.8 %), and it was adjusted to 50 ng/μl for DArT and SNP genotyping and to 5 ng/μl for SSR genotyping.



Genotyping of Individual DNA Samples Using DArTseq Technology

A high-throughput genotyping method using the DArT-Seq™ technology at Diversity Arrays Technology Pty Ltd (Canberra, Australia) was implemented to genotype the F7 RIL population of P. fulvum. Essentially, DArT-Seq™ technology relies on a complexity reduction method to enrich genomic representations with single copy sequences and subsequently perform next-generation sequencing using HiSeq2000 (Illumina, USA). DArT-Seq detects both SNPs and presence–absence sequence variants, collectively referred to as DArT-Seq markers (Raman et al., 2014). DArT-Seq was optimized for P. fulvum by selecting the most appropriate complexity reduction method (PstI-MseI restriction enzymes). DNA samples were processed in digestion/ligation reactions as described by Kilian et al. (2012), but replacing a single PstI-compatible adapter with two different adapters corresponding to two different restriction enzymes (RE) overhangs. The PstI-compatible adapter was designed to include Illumina flowcell attachment sequence, sequencing primer sequence, and staggered, varying length barcode region. The reverse adapter contained the flowcell attachment region and MseI-compatible overhang sequence. Only “mixed fragments” (PstI–MseI) were effectively amplified in 30 rounds of PCR using the following reaction conditions: 1 min at 94°C for initial denaturation; 30 cycles each consisting of 20 s at 94°C for denaturation, 30 s at 58°C for annealing and 45 s at 72°C for extension; and finally a 7 min extension step at 72°C. After PCR, equimolar amounts of amplification products from each sample of the 96-well microtiter plate were bulked and applied to c-Bot (Illumina) bridge PCR followed by sequencing on Illumina Hiseq2000. The sequencing (single read) was run for 77 cycles. Sequences generated from each lane were processed using proprietary DArT analytical pipelines. In the primary pipeline, the FASTQ files were first processed to filter poor-quality sequences, applying more stringent selection criteria to the barcode region compared to the rest of the sequence. Thus, the assignments of the sequences to specific samples carried in the “barcode split” step were more consistent. Approximately 2,500,000 (±7%) sequences per barcode/sample were used in marker calling. Finally, identical sequences were collapsed into “fastqcall files.” These files were used in the secondary pipeline for DArT P/L's proprietary SNP and SilicoDArT (Presence/Absence Markers in genomic representations) (present = 1 vs. absent = 0) calling algorithms (DArTsoft14). The analytical pipeline processed the sequence data.

Parameters for the DArT marker assaying pipeline for quality control (Kilian et al., 2012) such as: (i) the reproducibility of 100%, (ii) the overall call rate (percentage of valid scores in all possible scores for a marker) over 95%, (iii) the polymorphic information content (PIC) between 0.3 and 0.5 and (iv) the Q-value (the logarithm of the minimum false discovery rate at which the test may be called significant) above 2.5 were used for selecting high-quality SilicoDArT and derived SNPs markers for genetic mapping.



Genotyping with Simple Sequence Repeats (SSRs), Sequence Tagged Site (STS) and Single-Nucleotide Polymorphism (SNP) Markers

A set of 46 genic and genomic SSRs (15 fluorescently labeled SSRs and 31 M13-labeled SSRs) previously described by Loridon et al. (2005) was screened using the two parental lines and the 84 F7 RILs. A multiplex PCR (markers labeled with different dyes) was carried out to amplify SSRs following optimal PCR conditions previously published by Loridon et al. (2005). Then 2 μl of the PCR product were taken from each marker of the multiplex set and pooled together for simultaneous detection of the amplified alleles. Seven μl of formamide and 0.2 μl of fragment-size standard GeneScanTM 500 LIZ were added to the pooled PCR product and run on an ABI 3730 DNA genetic analyzer (Applied Biosystems). The data were collected automatically by the detection of the different fluorescences and analyzed using GeneMapper v4.0 software (Applied Biosystems).

In addition 10 STS markers reported by Gilpin et al. (1997) were surveyed for polymorphism using the protocol described by Barilli et al. (2010). When no polymorphism was detected, PCR products from both parents were digested with a range of restriction endonucleases which recognized 4- and 5- base sequences (BioLabsinc, Ipswich, MA, USA). A 0.2 μl aliquot of restriction enzyme, 12 μl of sterile water, and 2.5 μl of the buffer required for each enzyme were added to 10 μl of the PCR reaction, and the digestion was incubated overnight at 37°C. View of PCR products and gel images analyses were performed as described by Barilli et al. (2010).

Finally, 26 SNP markers developed using the BeadXpress Primer Design (Illumina, San Diego, CA, USA) (Deulvot et al., 2010) and previously described by Carrillo et al. (2014), were analyzed using the high-throughput genotyping method Illumina GoldenGate assay as described by Bordat et al. (2011).



Linkage Mapping and QTL Mapping

The scores of all polymorphic DArTseq markers, SSR, STS, and SNP markers were converted into genotype codes (“A,” “B”) according to the scores of the parents. Linkage groups were obtained using the software JoinMap version 4.1 (Van Ooijen, 2006). The maximum likelihood mapping algorithm, which was optimized for constructing dense genetic maps using this software (Jansen et al., 2001), was first used for grouping all of the polymorphic markers. Then, the method of regression mapping (Haley and Knott, 1992) was used for map construction with approximately 1,000 markers with appropriate genetic distance and the marker position and the order of markers for three rounds to merge the tightly adjacent markers into bins. The markers in adjacent loci with genetic distance below 0.2 cM were classified into a bin during the first two rounds of mapping. Moreover, one marker with sequence information and with the least missing genotype from each bin was chosen as a “bin representative” for the next round of genetic mapping. For the last (the third) round of mapping, the makers in adjacent loci pairs with genetic distances below 0.1 cM were classified into a bin to avoid incorrect classification when the markers were decreased in the map. The Kosambi mapping function (Kosambi, 1943) was used to convert recombination frequencies into map distances, and only “Map 1” was used for further analysis. The LG maps of each chromosome were drawn and aligned using MapChart v2.3 (Voorrips, 2002). The threshold for the goodness of fit was set to ≤ 5.0, with a recombination frequency of <0.4. Linkage groups were separated using a LOD score ≥ 3.0. Markers with a mean Chi-Squared value of recombination frequency > 4.0 were discarded. The DArT markers were named with the numbers corresponding to unique clone ID following Kilian et al. (2012).

Several previously described anchor markers were used to find the correspondence between P. fulvum and P. sativum linkage groups and assign them to pea chromosomes. For the same purpose, the sequences from DArT-seq-derived markers were compared with Medicago truncatula genomic backbone by using Phytozome v.12 (https://phytozome.jgi.doe.gov/pz/portal.html) to perform a synteny analysis using three parameters recently defined by Salse et al. (2009). These parameters increase the stringency and significance of BLAST sequence alignment by parsing BLASTX results and rebuilding HSPs (High Scoring Pairs) or pairwise sequence alignments to identify accurate paralogous and orthologous relationships. This analysis allowed searching for sequence similarity-based homology between legume species providing an alternative approach to finding correspondence between linkage groups.

QTL analysis for rust resistance was conducted using composite interval mapping (CIM) and multiple interval mapping (MIM) in MapQTL 6.0 package (Van Ooijen, 2011). Markers to be used as cofactors for CIM were selected by forward–backward stepwise regression. Significance thresholds of log of odds (LOD) corresponding to a genome-wide confidence level of P < 0.05 were determined for each trait using the permutation test of MapQTL 6.0 with 1000 iterations, according to Barilli et al. (2010). Skewness and Kurtosis coefficients were calculated following Lynch and Walsh (1997). The coefficient of determination (R2) for the marker most tightly linked to a QTL was used to estimate the proportion of the total phenotypic variation explained by the QTL.




RESULTS


Rust Resistance

Pisum fulvum accessions showed compatible interaction (high IT) against U. pisi although they differed in DS, confirming previous findings (Barilli et al., 2009a,b). Analysis of variance of each trial, either under field or controlled conditions revealed highly significant genotypic effects for DS resistance criteria among the RIL families (P < 0.05). The parental accessions showed contrasting DS responses, with IFPI3260 being highly resistant (DS < 5%) and IFPI3251 highly susceptible (DS > 30% in field and DS = 63% in controlled conditions) (Figure 1). Distribution of residuals after analysis of variance was normal in each year and tested conditions according to Shapiro-Wilk (P > 0.01). Variances of genotypes and replicates were homogeneous according to Bartlett's test (P > 0.05). The coefficient of Skewness in field conditions was of 0.86, 0.87, and 0.83 for seasons 2013/14, 2014/15, and 2015/16, respectively, which indicated that the population distribution tended to the resistance as the parent IFPI3260. Distributions of the estimated adjusted means are represented in Figure 1 for DS for each year and condition evaluated. DS values ranked between 0.75 and 45% under field conditions and 5–63.3% under controlled conditions. They did not differ from the normal distribution, confirming the quantitative inheritance of the partial resistance. In addition, transgressive segregants with increased resistance and susceptibility compared with the parentals were observed for DS resistance criteria over years and conditions. Pearson's linear correlation coefficients (Table 1) were highly significant between DS values evaluated within years in the field, as well as under controlled conditions.
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FIGURE 1. Frequency distribution of rust severity (%) among the F7 RIL progenies derived from the P. fulvum cross (IFPI3260 × IFPI3251) under controlled conditions (DSchamb) and under field conditions at Córdoba (Spain) in the growing seasons 2013/14 (DSfie14), 2014/15 (DSfie15), and 2015/16 (DSfie16).





Table 1. Pearson's linear correlation coefficient between the response to U. pisi (disease severity = DS) assessed in seedlings under controlled conditions and in adult plants under field conditions at Córdoba (Spain) during 2013/14, 2014/15, and 2015/16 growing seasons.
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Genotyping and Linkage Mapping

A total of 9,569 high-quality SilicoDArT and 8,514 SNPs markers were identified. Of these, a set of 8,538 SilicoDArT markers (89.2%) and 3,483 SNPs markers (40.9%) were selected for mapping after quality filtering. Thirty-five of the set of 46 SSRs markers previously described for P. sativum by Loridon et al. (2005) amplified in P. fulvum, which corresponded to a potential transferability rate of 76% for this marker type. However, only 12 markers were polymorphic. This meant that only 26.1% of the SSR markers tested showed utility for mapping in our population. The remaining 21 yielded non-specific amplification and were excluded from further analysis. The mapping dataset was complemented with 20 of the 26 SNP markers (76.9%) developed using the BeadXpress Primer Design (Illumina, San Diego, CA, USA) (Deulvot et al., 2010), as well as with 5 of the 10 STS markers (50%) reported by Gilpin et al. (1997), which provided reliably scorable polymorphism. As a result, 37 non-DArT-based markers were added to a set of 12,021 DArTseq derived markers that scored co-dominantely (Tables 2, 3). All the non-DArT-based markers mapped in the expected LGs according to previous publications (Loridon et al., 2005; Deulvot et al., 2010; Bordat et al., 2011; Carrillo et al., 2014; Tayeh et al., 2015). Markers were distributed across 7 LGs using LOD thresholds ranging from 3 to 10 and a recombination frequency (r) threshold < 0.4 (JoinMap vs. 4) (Supplementary File 1). Each assigned group included at least two markers common to other published P. sativum genetic maps.



Table 2. Map features of IFPI3260 × IFPI3251 linkage map.
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Table 3. Summary and description of the reference markers used to generate de P. fulvum composite map, including their linkage group assignment and position in the P. fulvum map and their correspondence to the P. sativum linkage groups and chromosomes.
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The newly constructed integrated genetic linkage map of P. fulvum covered a total length of 1877.45 cM, with an average density of 1.19 markers cM−1 and an average adjacent-marker gap distance of 1.85 cM (Table 2). The total number of mapped loci per linkage group ranged from 1347 on LGVI to 2068 on the LGII, and the average was 1,723 loci LG−1. The longest individual linkage group map was for the LGII (349.48 cM), the shortest was for the LGIV (219.54 cM) (Figure 2), and the average LG length was 268.21 cM. The density of markers in the individual linkage groups ranged from 1.76 markers cM−1 in the LGVII to 2.09 markers cM−1 in the LGVI. Map distances between two consecutive markers varied from 0 to 13.04 cM, while the gap average between markers varied from 1.66 cM in the LGVII and 2.05 cM in the LGVI (Table 2).
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FIGURE 2. Distribution of the DArT-seq-based and no-DArT-seq markers within each linkage group (LG) forming the map derived from the cross between P. fulvum IFPI3260 × IFPI3251. The x axis shows the LG and the y axis shows the genetic distance (cM).



Thirty-seven previously described markers (Table 3), as well as 98 sequences from P. fulvum DArTseq-derived markers that were BLASted with M. truncatula genome (Supplementary File 2), allowed to define the correspondence between P. fulvum and P. sativum linkage groups and the pea chromosome assignment, as follows: 2 SSR markers (AA317 and AA160) as well as 20 DArTseq-derived markers linked the P. fulvum LGI to the P. sativum LG7; 5 previously reported markers, as well as 14 DArTseq-derived markers linked LGII to LG5; 16 previously reported markers, as well as 12 DArTseq-derived markers linked LGIII to LG3; 4 markers (P482-HhaI, AA102, peptrans_SNP1 and peptrans_SNP2) and 5 DArTseq-derived markers related LGIV to LG2; 4 previously reported markers (AA335, ARBA3199_567, PsDHN1_124, and PsDHN1_320) and 10 DArTseq-derived markers related the LGV to the P. sativum LG6; 3 SNP markers (agps2_SNP3, ARBA8726_644, and subt_SNP2) and 18 DArTseq-derived markers linked the LGVI to the P. sativum LG1; finally, 3 previously mapped markers (P393-HhaI, GTPaseact_SNP1 and gpt2_SNP1) and 10 DArTseq-derived markers showed that the LGVII corresponds with the LG4. The LGVI displayed an inverted markers order compared to Bordat et al. (2011) and Carrillo et al. (2014). Pea chromosome assignment following Ellis and Poyser (2002) was reported in Table 3.



QTL Mapping

The scoring of disease severity under controlled and field conditions allowed the identification of genomic regions involved in pea rust resistance. Quantitative trait loci analysis using CIM and MIM methods revealed 2 genomic regions associated with the resistance of adult plants to U. pisi under field conditions located in the LGs II and IV. Results were consistent along all the growing seasons considered. The QTL UpDSII showed a LOD score range of 3.28–4.51 and explained 20.7–29.2% of rust severity variation at the adult plant stage (Table 4, Figure 3A). UpDSII was localized between 163.7 and 164.2 cM from the beginning of the LGII, between the derived DArT marker 3567800 and the previously known SSR marker AD280. The distance to the left and to the right flanking markers ranged between 0.9–1.4 and 1.2–1.7 cM, respectively. The second consistent QTL, UpDSIV, showed a LOD score ranging from 3.00 to 3.47 and explained 19.8–22.1% of the variation of the rust severity at the adult plant stage (Table 4, Figure 3B). UpDSIV was localized between 25.4 and 26.7 cM from the beginning of the LGIV, between the derived DArT markers 3563695 and 3569323 (for DSfie14 and DSfie15), and 3560101_51:A>T and 3536169 (for DSfie16) (Table 4). The distance to the left and to the right flanking markers ranged between 1.5–4.7 and 0.9–1.5 cM, respectively. Both QTLs explained together 43.8, 40.5, and 51.3% of pea rust severity variation in DSfie14, DSfie15, and DSfie16, respectively.



Table 4. Position and effects of the quantitative trait loci (QTLs) for resistance to U. pisi in P. fulvum IFPI3260 × IFPI3251 RIL population based on the percentage of disease severity (DS%) scored in the field during three growing seasons (2013/14, 2014/15, 2015/16) at Córdoba (Spain) as well as under controlled conditions, applying composite interval mapping (CIM) and multiple interval mapping (MIM) in MapQTL 6.0.
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FIGURE 3. Likelihood plots of the consistent quantitative trait loci (QTLs) for seedling and adult plant leaf rust resistance assessed under controlled conditions and field conditions for the linkage groups (LGs) II (A) and IV (B) of the genetic map of the IFPI3260 × IFPI3251 RIL population using MapQTL. Significant LOD thresholds were detected based on 1,000 permutations. Absolute positions (in cM) of the molecular markers along LGs are shown on the vertical axes. DSfie14, DSfie2015 and DSfie2016: % of disease severity at Córdoba (Spain) during seasons 2013–2014, 2014–2015, and 2015–2016, respectively; DSchamb: is the % of disease severity under controlled conditions.



These results were also confirmed under controlled conditions after performing the QTL analysis for resistance to U. pisi in wild pea seedlings. In fact, the consistent QTL UpDSII (LOD = 4.42) located in the LGII was localized at 165.4 cM from the beginning of the LGII (peak QTL position coinciding with the SSR marker AD280), between the derived DArT markers 3534625 and 3539148. The distance to the left and the right flanking markers was of 1.3 and 1.5 cM, respectively (Figure 3A). The second consistent QTL, UpDSIV, was also located at 25.4 cM from the beginning of the LGIV (LOD = 3.05) between the derived DArT markers 3563695 and 3569323, as previously found (Figure 3B). The distance to the left and to the right flanking markers was of 4.2 and 1.4 cM, respectively and explained 19.9% of the phenotypic variation (Table 4). In addition, a third QTL associated with rust resistance in controlled conditions was found in the LGIV (named UpDSIV.2) (Table 4). UpDSIV.2 showed a LOD score of 3.0 and explained 14.1% of the phenotypic variation. The distance to the left and to the right flanking markers was of 2.8–0.2 cM, respectively. All the three QTLs explained together 62.2% of pea rust severity variation in DSchamb (Table 4). Sequence information of all flanking markers is listed in Supplementary File 1.

The resistance-enhancing allele originates from the resistant parent IFPI3260 as shown by the negative value of the additive genetic effect (ranging from −13.11 to −2.93) (Table 4).




DISCUSSION

Genetic linkage maps are highly valuable tools for the identification of candidate genes/QTLs that can be used in map-based cloning and marker-assisted breeding programs. Dense genetic maps based on sequence-derived markers, such as diversity arrays technology (DArTseq™) markers accelerate the process of fine mapping and map-based cloning of genes/QTLs. DArT-derived markers have been extensively used in recent years to build comprehensive genetic maps in legumes such as chickpea, pigeonpea, peanut and soybean (Vu et al., 2015; Ahmad et al., 2016). To the best of our knowledge, the present study is the first extensive published linkage map reported in wild pea (P. fulvum). The RIL mapping population was generated from a cross between two parental lines belonging to the P. fulvum specie showing excellent genetic diversity and providing a high frequency of polymorphisms of great utility for the construction of the linkage map. In fact, a total of 12,021 (66.5%) markers were found polymorphic in the panel of 84 RILs. In addition, the selected wild pea DArTseq markers showed a good average polymorphic information content (PIC) value of 0.42 (values ranging from 0.30 to 0.50), which indicated that those markers should be considered useful or informative (Kilian et al., 2012). Therefore it is very evident that DArT markers can be developed and typed quickly and economically compared to other marker technologies (Ahmad et al., 2016).

The map of P. fulvum constructed in this work is composed by 7 LGs that cover a total length of 1,877.4 cM and an average adjacent-marker distance of 1.8 cM. It includes 12,021 polymorphic DArT markers that together with 37 previously published markers of diverse nature (SNP, SSR and STS working as anchor markers) has been used as a bridge allowing us to combine our linkage map with recently published P. sativum consensus maps (Loridon et al., 2005; Bordat et al., 2011; Carrillo et al., 2014; Tayeh et al., 2015) and determine the orientation of the 7 LGs found. The comparison of these bridge markers of our IFPI3260 × IFPI3251 P. fulvum map with the previous P. sativum maps has revealed a general high consistency of marker order with only minor exceptions, as it was the change of the order of some marker within the same LG, or the case of the LGVI that showed an inverted order of anchoring markers with respect to those previously reported in P. sativum (Loridon et al., 2005; Carrillo et al., 2014). Such differences in the order of the markers among P. fulvum and P. sativum linkage maps were not unexpected, since genetic mapping only provides an indication of the relative positions and genetic distances of the markers among themselves (Loridon et al., 2005) and structural rearrangements of the chromosomes could be relatively common between P. fulvum and P. sativum (De Martino et al., 2000). Nonetheless, the inconsistency of the position on the map of these few SSRs could be explained by the presence of closely linked DArT loci (Kilian et al., 2012; Lan et al., 2017).

Over 85% of the 12,061 mapped markers showed marker–marker linkage tendency (in groups of at least two markers), which collapsed into 994 bins. These markers were likely to represent mostly gene-rich regions, as DArT method of complexity reduction targets the hypomethylated regions of the genome. This is consistent with the observations found in the genetic maps of many other species such as chickpea and rapeseed (Thudi et al., 2011; Raman et al., 2014) as an example. Mapping of DArT array markers to the Eucalyptus reference genome using the unique sequence tag of each marker has suggested that PstI-based DArT markers are predominantly at the low-copy, gene-rich regions (Petroli et al., 2012). However, most of the observed clustering of marker could be explained by the limited resolution of our mapping population because its size was small (below 100 individuals).

The total genetic length of the presented map is 46.3% larger than the map (1,283.3 cM) previously constructed using the F2 IFPI3260 × IFPI3251 RIL population in which 146 markers including 144 RAPD and 2 STS (Barilli et al., 2010) were mapped, but smaller than the maps of P. sativum published so far. In fact, the total lengths of some of them has even reached 2,416 (Timmerman-Vaughan et al., 2004) or 2,555 cM (Sudheesh et al., 2015). The map length obtained in the present study suggests that high-density and high-quality DArT genotyping data obtained after minimizing genotyping errors and missing data have contributed greatly to a better estimation of the distance among the markers.

The distribution of the markers was reasonably uniform along the map. In fact, the marker density of each individual linkage group ranged from 1 marker/1.764 cM (LGVII) to 1 marker/2.087cM (LGII), with a total average of 1 marker/1.89 cM with is a 9-fold increase compared to the previous published P. fulvum map (Barilli et al., 2010). It has been suggested that uniformly distributed loci every 10 cM over the entire genome is effective for MAS and QTL identification (Stuber et al., 1999). In this contest, the high level of genome coverage achieved in this map will be particularly useful for selecting markers for use in whole-genome breeding strategies and for saturating genomic regions of interest in other mapping populations. In addition, although around 12,000 markers were identified in this study, more markers are available for further work since more than 18,000 clones from P. fulvum were obtained. Thus, the P. fulvum DArT platform has been shown to be useful for the application in genome-wide screening for QTL discovery. It could also be expected to demonstrate its usefulness for recurrent parent background recovery in marker assisted backcrossing, for isolation of genes via map based cloning, comparative mapping and genome organization studies. The availability of better saturated molecular maps that can be achievabled using DArTSeq technology, as an example, will certainly provide breeders and geneticists with a much-desired tool for identifying genomic regions of interest, which in turn will increase the efficiency of marker-assisted breeding according to Ren et al. (2015).

The present work is also the first report of a QTL analysis for phenotypic traits on a high-density linkage map in a F7 derived RIL population of P. fulvum using the DArTseqTM technology. Pea rust caused by U. pisi is a major challenge to pea growers in temperate regions but complete resistance to this disease has not been identified so far (Barilli et al., 2009b,c). However, high incomplete resistance has been reported in wild Pisum accessions, especially in P. fulvum accession IFPI3260 that shows good levels of resistance at both seedling and adult plant stages and to different isolates of U. pisi (Barilli et al., 2012), being a suitable source of resistance to this disease. In the present study, no hypersensitive resistance reaction to U. pisi was observed. Neither the resistant parent nor the RILs were free of rust infection in the 3-year field experiments at Córdoba (Spain) and neither under controlled conditions. The resistance traits scored showed a continuous distribution in the RIL population, which indicated the quantitative nature of their inheritance. This is in agreement with the previous findings in which partial resistance was not associated with hypersensitive response against U. pisi. (Barilli et al., 2009a,b,c) or U. fabae (Singh and Sokhi, 1980; Vijayalakshmi et al., 2005; Chand et al., 2006; Ren et al., 2015) in Pisum spp. Most of the RIL families revealing a level of resistance skewed toward low disease severity rates which suggested that the combination of both parental lines could enhance the level of resistance provided by the resistant accession IFPI3260.

Two major and a minor QTLs distributed over two linkage groups were found to be associated with the DS%. Two consistent QTLs, UpDSII and UpDSIV, were located in the LGs II and IV, respectively. A minor QTL named UpDSIV.2 was also located in the LGIV. This was not in agreement with the previous QTL analysis performed on the F2 RIL population derived from the same cross, where a single genomic region associated with the resistance to U. pisi was identified and a QTL (Up1) explaining more than 60% of phenotypic variation under controlled conditions was described on LG 3 (Barilli et al., 2010). This discrepancy between both analyses could presumably be due to the advancement in the generation of the segregating populations, the number and nature of markers involved and/or software processing. The previous QTL Up1 was located in a genomic region poorly saturated in markers and the RAPD markers associated were not robust and transferable (Barilli et al., 2010).

The present study has demonstrated that the genetics of pea rust resistance is somewhat complex and controlled by several QTLs. The QTLs UpDSII and UpDSIV were consistently identified by DS% in both adult plants over 3 years at the field and in seedling plants under controlled conditions. Whenever they were detected, their contribution to the total phenotypic variance was substantially high (19.8–29.2). Previous studies in legumes have shown good correlations between rust disease assessments in seedlings under controlled conditions and adult plants in the field, suggesting the existence of genetic factors that control the effectiveness of the resistance at different developmental stages and environments (Singh et al., 2015; Rai et al., 2016). For U. fabae resistance in P. sativum, Rai et al. (2016) reported that major QTLs Qruf and Qruf2 were common to all the resistance traits evaluated including the disease severity in the seedling and in the adult plants in different environments.

The minor QTL UpDSIV.2 was environmentally specific and was only detected for DS% in seedlings under controlled conditions. It accounted more than 14% of the phenotypic variation studied. Minor QTLs are observed quite frequently in disease resistance studies, but they are prone to inconsistent expression (Pilet-Nayel et al., 2002; Cobos et al., 2005). The three QTLs (UpDSII, UpDSIV, and UpDSIV.2) showed all negative additive effect. This indicated that the resistance alleles came from the resistant parent, which is supported by the presence of transgressive segregants with a lower disease severity.

Our results have indicated that, taken together, the identified QTLs have explained a very high percentage of the phenotypic variance throughout the population (40.5–51.3% of pea rust severity variation in the field and 62% in controlled conditions), suggesting that an efficient selection could be possible with a few markers tightly linked to the resistant QTLs. The SSR marker AD280 and the DArT-derived marker 3567800 were located at less than 1.5 cM, delimiting a region fairly close to UpDSII. Similarly, the DArT-derived markers 3563695 and 3569323 were located at less than 5 cM of the QTL UpDSIV, as well as the markers 3536422 and 3538798 to the QTL UpDSIV.2. For the QTLs UpDSII and UpDSIV the peak LOD could move 1 cM depending on the year or the conditions of rust evaluation, with some minor changes in the linked markers. This is not unusual, since molecular mapping of disease resistance QTLs in legumes has often revealed the same QTL located in comparable genomic regions but having different markers closely linked depending on how the disease intensity was scored or if the evaluation were carried out in different years (Hamon et al., 2011; Carrillo et al., 2014; Rai et al., 2016). Although the mapping population of our study was evaluated in three different years and different conditions, the genomic positions of the QTLs were comparable in all the cases not without observing that the markers closely linked to the QTLs varied in some of the cases.

Disease resistance genes are commonly organized in complex clusters or loci (Loridon et al., 2005). These regions of the linkage maps are often rich in genes conferring resistance to different pathogens and/or to different races of the same pathogen. After connecting our P. fulvum map with the previously published P. sativum linkage maps (Loridon et al., 2005; Bordat et al., 2011; Carrillo et al., 2014), we have found that the QTLs MpV.2 and MpII.1 conferring resistance to Didymella pinodes (Carrillo et al., 2014) as well as the QTLs Ae-Ps5.2 and Ae-Ps2.2 conferring resistance to Aphanomyces euteiches (Hamon et al., 2011) were co-localized with UpDSII and UpDSIV, respectively. This suggested that the genomic regions of the LGs II and IV of P. fulvum where UpDSII and UpDSIV are likely to control disease resistance and to harbor clusters of disease resistance genes in pea. The identification of such genomic regions involved could be useful in resistance breeding programs through marker assisted selection (MAS).

In this sense, the additional advantage offered by DArTseq™ markers is that they can be readily converted into PCR-based markers (Fiust et al., 2015) in cases where there are still no low-cost markers that closely flank a potential QTL. Also, there is a great possibility of identifying candidate genes that could be used in the foreground selection of favorable alleles since DArTseq produces a large number of markers within gene regions. The identification of potential candidate genes is the first step to identify the genes that control U. pisi resistance in pea. However, additional studies such as functional analysis are needed to finally validate the role of the gene in resistance. The suitability of these genes as candidates for resistance to U. pisi would facilitate an efficient MAS.



CONCLUSIONS

The results obtained from the present study indicated that DArTseq™ provides high-quality markers that can be used to construct dense genetic linkage maps for plants even when no sequence information is available. A total of 37 polymorphic species-specific SSR, STS and SNP markers and 12,021 DArTseq™ based markers were used to develop a reasonably well saturated genetic linkage map of the interspecific P. fulvum RIL population derived from the cross between IFPI3260 × IFPI3251, allowing a precise and fine QTL mapping of important phenotypic traits related to U. pisi resistance in wild pea. The rust resistance loci identified in the LGs II and IV have been a novel report. The expression of the resistance to U. pisi in P. fulvum originated from the resistant parent IFPI3260. DArTseq™ will be very useful both in pea breeding programs and in parallel ongoing projects in legumes.
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Plant size, shape and color are important parameters of plants, which have traditionally been measured by destructive and time-consuming methods. Non-destructive image analysis is an increasingly popular technology to characterize plant development in time. High throughput automatic phenotyping platforms can simultaneously analyze multiple morphological and physiological parameters of hundreds or thousands of plants. Such platforms are, however, expensive and are not affordable for many laboratories. Moreover, determination of basic parameters is sufficient for most studies. Here we describe a non-invasive method, which simultaneously measures basic morphological and physiological parameters of in vitro cultured plants. Changes of plant size, shape and color is monitored by repeated photography with a commercial digital camera using neutral white background. Images are analyzed with the MatLab-based computer application PlantSize, which simultaneously calculates several parameters including rosette size, convex area, convex ratio, chlorophyll and anthocyanin contents of all plants identified on the image. Numerical data are exported in MS Excel-compatible format. Subsequent data processing provides information on growth rates, chlorophyll and anthocyanin contents. Proof-of-concept validation of the imaging technology was demonstrated by revealing small but significant differences between wild type and transgenic Arabidopsis plants overexpressing the HSFA4A transcription factor or the hsfa4a knockout mutant, subjected to different stress conditions. While HSFA4A overexpression was associated with better growth, higher chlorophyll and lower anthocyanin content in saline conditions, the knockout hsfa4a mutant showed hypersensitivity to various stresses. Morphological differences were revealed by comparing rosette size, shape and color of wild type plants with phytochrome B (phyB-9) mutant. While the technology was developed with Arabidopsis plants, it is suitable to characterize plants of other species including crops, in a simple, affordable and fast way. PlantSize is publicly available (http://www.brc.hu/pub/psize/index.html).

Keywords: Arabidopsis thaliana, PlantSize, color imaging, rosette size, chlorophyll content, anthocyanin content, heat shock factor A4A, stress responses


INTRODUCTION

Plant phenotype is determined by the genetic background and environmental conditions. Interaction of the genotype and environmental factors influences plant growth and development, physiological and molecular traits. Characterization of phenotypes therefore requires precise description and monitoring of multiple structural and physiological traits. Standard methods are available to measure plant size, shape, and structure at different levels, and get information about numerous physiological and molecular characters. While classical methods are generally precise and reliable, they usually destroy the plant, and provide information at the endpoint of the experiment. Besides, standard physiological techniques often require numerous analytical steps and measurements, making large-scale analysis difficult or impossible. Analysis of large number of plants is therefore a time-consuming and error-prone procedure.

To circumvent such limitations, non-destructive methods have been developed to analyze different morphological and physiological parameters. Such methods are usually based on imaging technologies, which allow serial measurements, and simultaneous detection of several morphological and physiological parameters (Furbank and Tester, 2011; Dhondt et al., 2013; Rungrat et al., 2016). Analysis of color photographs by computer applications is a key component of such non-destructive measurements, which generates numerical data from the digital images allowing the application of complex statistical evaluation (Spalding and Miller, 2013; Sozzani et al., 2014). Numerous softwares have been developed to analyze different parameters of model and crop plants1. Measurements include size and structure of different organs such leaves and shoots (Bylesjo et al., 2008; Weight et al., 2008; Jansen et al., 2009; Dhondt et al., 2014; Apelt et al., 2015; Tome et al., 2017), grass stalk structure (Heckwolf et al., 2015), seedling size and phenotype (Walter et al., 2007), hypocotyl (Wang et al., 2009), root architecture (Brooks et al., 2010). Applications are available to characterize certain physiological parameters such as chlorophyll content (Majer et al., 2010; Liang et al., 2017) or chlorophyll fluorescence (Jansen et al., 2009; Awlia et al., 2016; Rungrat et al., 2016). To handle large number of plants, automatic phenotyping platforms have been developed, which are able to acquire large sets of data, characterizing plant growth and physiological status in a non-destructive manner (Dhondt et al., 2013; Feher-Juhasz et al., 2014; Junker et al., 2014; Mutka and Bart, 2014; Awlia et al., 2016). While phenotyping platforms have usually been developed for crop plants, such technologies have also been adapted for the analysis of smaller model plants such as Arabidopsis thaliana (Arvidsson et al., 2011; Dhondt et al., 2014; Apelt et al., 2015; Awlia et al., 2016). Complex phenotyping systems are available from several commercial companies such as LemnaTec2, Photon Systems Instruments (PSI3) or WIWAM4. Such automatic phenotyping, however, rely on sophisticated and expensive equipment, and personnel experienced in image analysis, not available for most research laboratories.

In vitro conditions offer homogeneous, well-controlled environment to study plant growth and development. Non-destructive image analysis can be adapted to in vitro systems to measure growth and physiological parameters of different plants, including the most commonly used model, Arabidopsis thaliana. Rosette of young Arabidopsis can be considered as a two-dimensional structure, which is proportional to the biomass of the plant. 2D digital imaging can therefore be used to record rosette parameters and monitor growth under variable conditions. Images can be evaluated by open-source applications such as ImageJ (Schindelin et al., 2015) and Fiji (Schindelin et al., 2012), or by particular computer applications, which have been developed to analyze plant images and get quantitative information on plant size and development (De Vylder et al., 2012; Vanhaeren et al., 2015). Recently an automatic custom-made in vitro growth imaging system (IGIS) has been developed, which can perform multiple measurements and is suitable to monitor plant growth in sterile cultures (Dhondt et al., 2014).

Photosynthetic capacity in plants is closely related to chlorophyll content in leaves, which is therefore an important physiological indicator. Chlorophyll content has traditionally been determined by chemical extraction and spectrophotometric measurements (Lichtenthaler and Buschmann, 2001). Non-destructive methods has already been developed which permit the estimation of chlorophyll contents without sacrificing leaves or whole plants. SPAD chlorophyll meter readings are based on transmittance of red and infrared light through the leaves (Markwell et al., 1995; Adamsen et al., 1999; Uddling et al., 2007; Ling et al., 2011). Spectral reflectance is another valuable tool to determine chlorophyll content in plants (Gitelson et al., 2003). Analysis of RGB color components of digital photographs was employed to determine chlorophyll contents in different plants and environmental conditions (Adamsen et al., 1999; Majer et al., 2010; Riccardi et al., 2014; Awlia et al., 2016; Liang et al., 2017). While non-invasive optical methods are useful to estimate leaf chlorophyll contents, calibration for different species and leaf types is essential to get reliable results (Richardson et al., 2002). Hue values of leaf color were previously shown to correlate with chlorophyll content and are suitable to estimate photochemical yield of photosystem II (Majer et al., 2010; Sass et al., 2012; Minervini et al., 2017).

While most imaging applications are useful to get reliable data on a particular parameter, an affordable imaging software with complex analytical capability is still missing. Here we describe a novel imaging system, which is based on the analytical tool PlantSize, and is suitable for fast and reproducible analysis of important morphological parameters and color components. Several examples illustrate the utility of the software, which include the characterization of transgenic Arabidopsis lines overexpressing the heat shock factor A4A and the insertion mutant hsfa4a. The software is freely available with documentation and detailed user guide.



MATERIALS AND METHODS

Plant Growth and Development

If otherwise not stated, Arabidopsis plants were grown on agar-solidified half strength MS culture medium containing 0,5% sucrose (1/2MS) as described (Szabados et al., 2002). For growth assays, seeds were germinated on 1/2MS medium and 5-days-old seedlings were transferred to fresh culture media in square Petri dishes, arranged in a matrix. Plants were grown in controlled growth chambers, under 120 mE illumination using 12/12 h light/dark cycle.

Stress Treatments

Growth assays were performed by transferring 5-days-old seedlings to agar-solidified culture media supplemented by 100 mM NaCl or 0.2 μM paraquat. High stress treatments were made on in vitro-grown 2-weeks-old plants by transferring them to culture media solidified by 0,4% agar and supplemented with different concentrations of NaCl (150, 200 mM), CdCl2 (0,1 mM), hydrogen peroxide (3 mM), sprayed with paraquat (1, 3, 5 μM) or hydrogen peroxide (10, 20 mM). Plants were cultured in these conditions for 3 days and images were taken at daily intervals.

Determination of Chlorophyll and Anthocyanin Contents

For chlorophyll determination, plants with different tones of green were collected, and their fresh weights were determined individually. Plants were extracted with 95% ethanol at 4°C, overnight. Chlorophyll content was determined as described (Lichtenthaler and Buschmann, 2001), measuring absorbances at 470, 648, and 664 nm using Multiskan G0 spectrophotometer (Thermo Scientific). Absorbance was measured between OD 0.3 and 0.8. Chlorophyll concentrations were calculated with equations as reported by Lichtenthaler and Buschmann (2001).

Chlorophyll a (μg/mL) = 13.36 A664.1 – 5,19 A648.6

Chlorophyll b (μg/mL) = 27.43 A648.6 – 8.12 A664.1

Carotenoids (μg/mL) = (1000 A470 – 2.13 Chl a – 97.64 Chl b)/209

Total chlorophyll (μg/mL) = Chl a + Chl b

Chlorophyll concentrations were calculated based on fresh weight (mg FW).

For anthocyanin determination fresh weights of plants were measured, which were frozen in liquid nitrogen and grinded. Plant material was resuspended in distilled water (200 μL/plant) and centrifuged in microcentrifuge at 13000 rpm, 4°C, for 10 min. Supernatant was removed and total anthocyanin content was determined by the pH-differential method as described (Giusti and Wrolstad, 2001). Two 100 μL samples were separated into two microcentrifuge tubes and pH were adjusted to pH1.0 and pH4.5 by adding 400 μL 0.025M potassium chloride buffer (pH 1.0) and 0.4M sodium acetate buffer (pH 4.5), respectively, and incubated on ice for 15 min. Absorbance of both samples were determined at 520 and 700 nm, using Multiskan G0 spectrophotometer (Thermo Scientific). Difference of absorbance was calculated as follows: Adiff = (A520–A700) pH1.0 – (A520–A700) pH4.5. Concentration of monomeric anthocyanins were calculated using the following formula: Adiffx83,5 (mg/liter). Anthocyanin concentrations were normalized to fresh weight (mg FW).

Calibration of the System

To calibrate the imaging system for plant size determination, 10–12-days-old Arabidopsis plants were photographed and subsequently carefully removed from the culture medium, to measure fresh and dry weights individually. Dry weights were determined after dehydration in 80°C oven for 24 h. For calibration, rosette sizes (pixels) and fresh and/or dry weights of 250 individual plants were compared.

To calibrate the system for chlorophyll or anthocyanin determination, 4-weeks-old in vitro grown plants were subjected to different stress conditions (0,1 mM CdCl2, 3 mM hydrogen peroxide, 0.2 or 0.5 M saccharose. Plants with different tones of green or purple coloration were photographed and collected individually for chlorophyll or anthocyanin determination. Chlorophyll and/or anthocyanin content of individual plants were measured and compared to HUE values of the same plants, photographed before sample collection. For calibration of chlorophyll and anthocyanine content, three hundred plants were used which gave satisfactory results.

Calibration is recommended before using the PlantSize software in a new environment or experimental setup. Culture conditions might influence morphological parameters such as leaf thickness, plant shape. Imaging with different light sources, conditions determine color and subsequently influence HUE values, which are employed to quantify chlorophyll and anthocyanin contents. Therefore, such parameters will have to be calibrated by the user for the plants to be analyzed and imaging conditions used. Calibration with two to three hundred plantlets seem to give satisfactory results to establish correlation between the parameters measured.

Image Capture

Plant growth was monitored in time by taking photographs at regular intervals (usually every 3 days) over a 2 weeks assay period. Color images were taken by photographing the plates with white, transmission illumination of a transilluminator (Stratagene) or on white surface using homogeneous upper incandescent illumination. When growth over 10–14 days was monitored, closed Petri dishes were photographed upside down on transilluminator, which eliminates problems of humidification of the lids. For short time monitoring (up to 3 days) Petri dishes were photographed without lid from above, using a white, homogeneous surface. In our experiments Canon PowerShot SX20 digital camera was used without any filter, but any other digital camera able to take 3000 × 4000 pixel images can be employed. In a typical experiment the following settings were used: ISO: 100, shutter speed: 1/30 s, Aperture: F/5.6, Manual focus, Exposure mode: macro. Image resolution was adjusted to 3000x4000 pixels. Images were saved in jpeg format. Depending on the experimental conditions, light source and intensity, settings should be optimized before large-scale measurements.

Image Analysis

The PlantSize software was developed for multiple image analysis using MATLABs (version 2016b) with the Image Processing ToolboxTM (The MathWorks Inc., Natick, MA, United States)5. Image processing with PlantSize is described in Supplementary Data 1. System requirements are the following:

– 4 GB RAM (recommended)

– Windows 64 bit (Windows7 or Wimndows10)

– Screen with 1920 × 1080 pixel resolution.

– MATLAB Runtime version R2016b installed: http://www.mathworks.com/products/compiler/mcr/index.html. Online help is available: http://www.mathworks.com/help

– Installed PlantSize.exe software6. Potential users are encouraged to check for updates and consult with the developer.

Steps of image analysis are the following. Detailed description of the image analysis is described in Supplementary Data 2.

(1) Start PlantSize. A welcome window appear, Click “OK.”

(2) Import image file into PlantSize software: File Menu > LOAD function, select for the desired image file (.jpg), load the image into the Main menu (Supplementary Figure S2).

(3) Project’s name: You can set the name of the project (optional). If not, the exported file will have the name of the image.

(4) Date: you can set the date (optional).

(5) Name: you can define the name of the analysis (optional).

(6) Define the number of rows and columns which generates the matrix for analysis: Divisor X (column), Divisor Y (row).

(7) Define names of rows: it is recommended to arrange a plant genotype in the same row of the matrix. Enter the corresponding names to the Rows.

(8) Press Select the area for analysis. The system automatically creates an evenly distributed grid for analysis. Alternatively you can define the number of each row and column. Logically define the grid according to the matrix of your plants.

(9) Color space: The Red-Green-Blue (RGB) color space is converted to HUE, Saturation and Value color space (HSV) using the Image Processing ToolboxTM. (The MathWorks Inc., Natick, MA, United States) (Sass et al., 2012).

(10) Segmentation: Background is removed and objects (plants) are defined with the saturation and value sliders, which set the sensitivity of the system. “Green” slider defines saturation value, “Gray” slider will set intensity in grayscale. The software will recognize plants according to the green and gray settings. Define settings at the beginning of a set of measurement, which will automatically applied to each image.

(11) Request of Interest (ROI) function (Magnify window): if necessary a cell can be enlarged and the polygone around the rosette can be defined. Close the enlarged cell by double click.

(12) Calculation: press “OK” button. The adjusted mask is accepted and parameters are calculated.

(13) If you press “Show values” button, the numerical values associated with each grid (plant) will appear.

(14) Save data: File Menu > Save. Data will be saved in.xls format, exported to the same folder with the image.

(15) If multiple images are analyzed, do not close PlantSize, but open the next image file. Each dataset will be exported to the same file to different sheets.

(16) Exported numerical data can be further analyzed by MS Excel or other statistical applications.

Features

Images of up to 36 plants were analyzed simultaneously in our experimental conditions. Number of plants depend on the size of the plants, the imaged area, the capacity of separation individual plants without cropping of leaves. When necessary, individual plants can de dissected manually, but that is a rather time-consuming process.

Numerical data are exported to a MS Excel formatted file. PlantSize generates data on the following characters: rosette size (Pixel Area, Weight), chlorophyll content (μg Chl./pixel), anthocyanin content (μg Anth./pixel), Convex area (pixels), and Convex ratio (%). Convex area shows how large is the area within convex hull, convex ratio compares convex area and rosette size. These calculations provide data about the shape of the leaves and rosette (Vanhaeren et al., 2015). Subsequent data processing can be performed in MS Excel. Saved data can be imported or copied into MS Excel or other statistical software to perform statistical analysis, what can include calculation of averages, standard deviation, standard error, significance, etc. We have applied analysis of variance (one way ANOVA) with Tukey test of significance for each trait (p-value < 0.05).



RESULTS

The Image Analysis System

To facilitate the rapid and easy evaluation of plant growth, a Matlab-based image analysis application was created and optimized to analyze basic characteristics of Arabidopsis plants, cultured in in vitro. Protocols for quantitative analysis of rosette size, shape and color were developed, which allowed the simultaneous determination of growth rates, convex areas and percentages as well as measurement of chlorophyll and anthocyanin contents. For image analysis, plants were grown in square petri dishes on agar-solidified culture medium, arranged in a matrix (up to 6 × 6 = 36 plants / Petri dish were tested, Supplementary Figure S1). Images were imported to PlantSize and were processed to generate numerical data of various parameters describing size, shape and color of the plants identified on the image (Figure 1A and Supplementary Figure S2). In a typical time-series experiment consisting of 4 treatments and 6 Petri dishes/treatment, 24 Petri dishes were photographed in one time point. With 5 time points, 120 photographs were generated having 4320 plants images, which could easily be processed by PlantSize, simultaneously generating numerical data of several important features.
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FIGURE 1. Use of PlantSize to measure rosette sizes of Arabidopsis plants. (A) Dialog box of PlantSize with imported images of young wild type and mutant Arabidopsis plants. (B) Linear correlation of fresh weights and rosette sizes of individual Arabidopsis plants, grown on standard culture medium. Note high level of correlation between rosette sizes (shown in pixel numbers) and fresh weights (FW) of individual plants. (C) Change of average fresh weights of wild type Arabidopsis plants in 14 days growth period. (D) Change of average rosette sizes of wild type Arabidopsis plants in 14 days growth period, as determined by PlantSize. (E) Linear correlation of average fresh weights and average rosette sizes displayed on C,D.



Analysis of Rosette Sizes

Image analysis permits the non-destructive determination of plant sizes and estimation of growth rates. To calibrate our image analysis system, wild type Arabidopsis plants were grown on standard culture medium and plants of different sizes were photographed and analyzed (Supplementary Figures S1, S2). Rosette sizes of individual plants were determined by PlantSize and compared to fresh weights. Linear correlation between these parameters could be observed (R2= 0.95, Figure 1B), confirming that rosette size measured in pixels is a reliable feature to characterize plant growth over time. In this particular experiment 1 mg difference in fresh weight corresponded to approximately 1600 pixels in rosette sizes (at 3000 × 4000 pixels image size). Non-destructive imaging allows monitoring plant growth over time. We have grown plants for 14 days, comparing changes in fresh weights (FW) and rosette sizes. Logarithmic growth of FW and pixel numbers could be established, showing high degree of correlation when average values were compared (R2= 0.99) (Figures 1C–E).

To validate our system with other established methods, rosette sizes were measured with PlantSize and Image J7, a free software, used frequently to measure sizes of digital images (Schindelin et al., 2015). High degree of correlation was found in leaf areas determined with PlantSize and ImageJ (Supplementary Figure S3), showing that data obtained by these applications are comparable. PlantSize, however, can perform simultaneous analysis of numerous plants (up to 36 plants were tested in the present version), measuring not only size but other parameters as well, which is a clear advantage for high throughput analysis.

Imaging systems are often used to monitor plant growth in different environmental conditions. To quantitate the effect of salinity on Arabidopsis, plant sizes were determined periodically on culture media supplemented by 0 to 150 mM NaCl. Rosette sizes, growth rates, fresh and dry weights were compared to characterize growth-reducing effect of salt (Figure 2). While salt had clear inhibitory effect on rosette growth, considerable variation could be observed in all NaCl concentrations tested (Supplementary Figure S4). Rosette sizes and growth rates were significantly reduced even by mild salt stress, while fresh and dry weights were significantly affected only by 100 mM or higher concentations of NaCl. These data suggest, that leaf area, calculated by PlantSize, is a more sensitive and reliable parameter than fresh or dry weights, and is well suitable to monitor the detrimental effects of adverse conditions such as salinity, in non-destructive way.
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FIGURE 2. Repression of Arabidopsis growth by increasing concentrations of salt. Five days-old seedlings were transferred to media supplemented by different concentrations of NaCl. Growth was monitored either by rosette imaging or weight measurements. (A) Rosette sizes of Arabidopsis plants determined by imaging and PlantSize analysis. (B) Average growth rates of plants calculated by the “Logest” function of Excel. (C,D) Average fresh weights (FW) and dry weights (DW) of plants grown on saline media. Bars on diagrams indicate standard deviation, ∗shows significant differences to control tested by one-way ANOVA (p < 0.05).



Estimation of Chlorophyll and Anthocyanin Content

Image-based phenotypic analysis offers a non-destructive technology to estimate the amount of colored compounds in living tissues, such as chlorophyll and anthocyanin, by detecting differences in color intensity and spectrum. To calibrate our system for color analysis, in vitro-grown Arabidopsis plants were subjected to different treatments, known to degrade chlorophyll by promoting the formation of reactive oxygen species (CdCl2, H2O2, NaCl, Figure 3A). Leaf HUE of color images were previously used to estimate chlorophyll content, and shades of green were shown to correspond to HUE values between 0.15 and 0.25 (Majer et al., 2010). Chlorophyll contents were determined in individual plants and compared to HUE degrees of color images taken previously of the same plants. When HUE values were plotted to chlorophyll contents expressed as μg/mgFW, a saturating exponential curve fitted best to the correlation (not shown). Similar, non-linear relationship of leaf Hue values and leaf chlorophyll content was observed previously, reporting non-linearity at low chlorophyll concentrations (Majer et al., 2010). Linear correlation could, however, be observed in a concentration range (from 0.2 to 1.0 μgChl/pixel), when HUE values were plotted to chlorophyll contents based on pixel numbers of rosette sizes (Figure 3B). Salt, oxidative and heavy metal stresses were found to reduce chlorophyll content and shift HUE of leaf color (Figures 3C,D and Supplementary Figure S5). Reduced chlorophyll correlated well with lower HUE, when average values of 20 plants were compared (Figure 3E). These data show, that reliable estimation of the chlorophyll content can be obtained in Arabidopsis plants by non-destructive imaging using the PlantSize software.
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FIGURE 3. Correlation of chlorophyll contents with Hue values. Fourteen days-old Arabidopsis plants treated by different stresses: 0,1 mM CdCl2, 3 mM H2O2, 150 mM NaCl, known to affect chlorophyll content. Plants were photographed after 3 days, and images were analyzed by PlantSize. (A) Images of treated plants. (B) Linear correlation of Hue values and chlorophyll contents of individual Arabidopsis plants (pixel numbers were used according to Figure 1B). (C,D) Average chlorophyll contents and HUE values of treated plants. (E) Correlation of average chlorophyll contents and average HUE values. Bars on diagrams show standard deviation, ∗Indicates significant differences to control tested by one-way ANOVA (p < 0.05).



Anthocyanin accumulation is a characteristic defense reaction of higher plants, which commonly takes place in response to extreme environmental conditions (Tanaka et al., 2008). To calibrate the imaging system, anthocyanin levels and Hue values of color images were compared in 4-weeks-old Arabidopsis plants, subjected to treatments, known to induce anthocyanin accumulation (heavy metal, oxidative stress, high sugar, etc. Figure 4A). Reverse correlation was observed between leaf HUE values and anthocyanin contents, although variability between individual plants was high (Figure 4B). While anthocyanin content increased with stress, average HUE values of these plants were reduced (Figures 4C,D). Non-treated control plants had a narrow green spectrum corresponding to chlorophyll content, while anthocyanin accumulation resulted in a shift from turquoise to red spectrum, and correlated with lower HUE values (-0.02 – 0.24, Supplementary Figure S5). Inverse correlation was obvious when averages of anthocyanin content and HUE were plotted (R2 = 0.98, Figure 4E). These data show, that anthocyanin content can be estimated in living plants based on spectral changes in leaf color. Our data show, that shifts in leaf HUE values can provide a reliable estimation of changes in chlorophyll and anthocyanin contents. Very narrow range of HUE was found to correspond to changes in chlorophyll and anthocyanin contents. Reverse linear correlations could be established between HUE and chlorophyll or anthocyanin contents, permitting the use of the simple linear model by the PlantSize tool. The PlantSize-based method offers a simple analytical tool to reveal tendencies in size and color associated with different environmental effects.
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FIGURE 4. Estimation of anthocyanin accumulation in Arabidopsis plants. Fourteen days-old Arabidopsis plants were treated by 0,1 mM CdCl2, 3 mM H2O2, 200 mM, and 500 mM sucrose, known to stimulate anthocyanin accumulation. Plants were photographed after 3 days and images were analyzed by PlantSize. (A) Images of plants with different anthocyanin content. (B) Reverse correlation of Anthocyanin contents and HUE values of individual Arabidopsis plants (pixel numbers were used according to Figure 1B). (C,D) Average anthocyanin contents and average HUE values of treated plants. (E) Reverse correlation of average anthocyanin contents and HUE values. Bars on diagrams indicate standard deviation, ∗shows significant differences to control tested by one-way ANOVA (p < 0.05).



Stress Responses of the HSFA4A Overexpression Lines and the hsfa4a Mutant

The heat shock factor A4A (HSFA4A) was previously implicated in responses to salt and oxidative stress, showing that regulated overexpression of HSFA4A could confer salt tolerance to Arabidopsis plants (Perez-Salamo et al., 2014). To test the utility of our system, rosette growth, chlorophyll and anthocyanin accumulation of transgenic lines with constitutive overexpression of HSFA4A transcription factor, as well as a hsfa4a knockout mutant were compared to wild type plants subjected to different stresses. Analysis of rosette sizes revealed that growth of wild type and HSFA4A overexpressing plants were similar in standard growth conditions, while HSFox plants were more tolerant to salt (Figures 5A,B). To investigate changes in chlorophyll and anthocyanin contents of these lines, 2-weeks-old, in vitro grown plants were transferred to media containing 150 mM NaCl, and photographed in three consecutive days. Evaluation of color images by PlantSize revealed shifts in HUE values, suggesting changes in chlorophyll and anthocyanin contents. Salt stress reduced chlorophyll content in all plants, which was less dramatic in the HSFox2 plants when compared to wild type (Col-0). Anthocyanin accumulation of salt-treated plants was 20–50% lower in HSFA4A overexpressing plants than in Col-0 wild type ones (Figures 5C,D).
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FIGURE 5. Heat shock factor A4A (HSFA4A) modulates stress tolerance. (A) 5-days-old HSFA4A overexpressing seedlings (lines HSFox1, HSFox2) and wild type plants were transferred to culture medium supplemented by 100 mM NaCl. Growth was monitored by periodic imaging and evaluated by PlantSize. (A) Relative rosette sizes of plants grown on standard culture medium (1 corresponds to pixel No. on day 0). (B) Plant growth on saline medium. (C,D) 14-days-old plants were transferred to medium containing 150 mM NaCl and photographed at daily intervals. Changes in chlorophyll (C) and anthocyanin (D) contents were calculated from shifts in HUE values of the color images. Relative values are shown, where 1 corresponds to values of non-treated plants (day 0). Error bars indicate standard deviation, ∗shows significant differences to control tested by one-way ANOVA (p < 0.05).



When hsfa4a mutant and corresponding wild type plants were treated by different stresses (150 mM NaCl, 3 mM H2O2, 0,1 mM CdCl2), rosette sizes of the mutant were more reduced by salt and cadmium. While chlorophyll levels did not differ significantly, anthocyanin accumulation was more pronounced in the mutant upon these treatments (Supplementary Figure S6). Differences in plant size and color could be recorded by our image analysis system, suggesting stress hypersensitivity of the hsfa4a mutant.

Analysis of Rosette Shape of phyB-9 Mutant and Wild Type Plants

Phytochrome B belongs to the family of plant photoreceptors that mediate physiological and developmental responses to light. The knockout phyB-9 mutation was shown to affect hypocotyl elongation, chlorophyll content and flowering (Reed et al., 1993; Reed et al., 2000). This mutant was used to verify the utility of our image analysis system to reveal differences in rosette shape and size. In standard growth conditions rosette size of phyB-9 was 40% smaller than wild type, due to elongated petioles and narrow leaves (Figures 6A,B). While Convex areas of the two genotypes were similar, Convex percentage of phyB-9 was 40% smaller than Col-0, indicating differences in rosette shape (Figures 6C,D). Imaging revealed 10–15% lower chlorophyll content in phyB-9 than in wild type plants (Figure 6E). These data demonstrate, that the PlantSize-based image analysis system is suitable to measure subtle differences in plant development, including shape and color.
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FIGURE 6. Phenotype of phyB-9 mutant and wild type plants. Wild type (Col-0) and phytochrome B mutant (phyB-9) plants were cultured on standard culture medium and photographed 14 and 17 days after germination. (A) 17 days-old Col-0 and phyB-9 plants. Note differences in rosette shape and color. (B–E) Comparison of rosette size, shape and color of 14- and 17-days-old plants. (B) Rosette sizes in pixels. (C) Convex size in pixels. (D) Convex % of wild type and phyB plants. (E) Chlorophyll content determined from HUE. Relative values are shown, which were normalized to chlorophyll content of wild type plants 14 days after germination. Error bars show standard deviation, ∗indicates significant differences to control tested by one-way ANOVA (p < 0.05).



Technical Recommendations, Limitations of the Technology

While important parameters of young Arabidopsis plants could be efficiently quantified with the PlantSize application, the technology has certain limitations.

Imaging of closed Petri dishes can be problematic by condensation of water of the lid. Water condensation can often be avoided by appropriate culture conditions. If water condensation is problem in long-term experiments, imaging of the plates upside down can generate images for estimation of rosette sizes. In such arrangement color determination is not possible and root system might mask part of the leaves. According to our experience, the slightly reduced values in rosette sizes does not represent serious problem in Arabidopsis, which has thin roots. Moreover, similar alterations affect wild type and mutant, treated and control plants. Our experience showed, that removal of the lid for few seconds during photography is possible without risking contamination when short-term experiments are performed (up to 3 days).

Measurement of rosette sizes provides reliable results until individual plants and leaves are separated. Manual adjustment can be used to separate individual plants in some scenarios, which is however, a time-consuming process. In our conditions plant growth was therefore monitored for no more than 14 days, which was usually enough to generate reliable data to estimate growth rates of young plants (Col-0 ecotype was used in most experiments).

Estimation of chlorophyll and anthocyanin content through changes in HUE value/pixel is simple method, which calculates average HUE values of different pigments. Due to reverse linear correlation between chlorophyll and anthocyanine contents and HUE values (when plotted to pixel numbers of rosette sizes) with only a narrow overlap, a simple linear model could be used to estimate chlorophyll and anthocyanine contents.

Our system was optimized for 3000 × 4000 pixel image size, which should be taken into consideration during imaging. Different image sizes will require adjustments and further calibration of the PlantSize program.



DISCUSSION

The image analysis system was developed to facilitate the easy and fast evaluation of basic characters of plants, which can be precisely measured by non-destructive imaging without the need to invest into expensive hardware and software. Use of non-destructive methods in plant phenomics is increasingly attractive due to possibility to perform multiple measurements, acquire data on individual plants in multiple time points. Methods based on image analysis facilitate measuring of the observed parameters in time, calculation of kinetics, description of phenotypic and physiological plasticity, generation of timelaps presentations (Grosskinsky et al., 2015; Vanhaeren et al., 2015).

High capacity commercial phenotyping platforms produced by several companies such as LemnaTech8 or PSI9 offer automatic handling of large number of plants and imaging with multiple sensors, and complex image analysis. Several computer applications have been created for more simple purposes, to facilitate the analysis of particular morphological and physiological features (Table 1). While earlier softwares require manual acquisition of images, and analyze individual plants (Bylesjo et al., 2008; Schindelin et al., 2015), more recent applications are capable to perform simultaneous measurements of several plants, which is needed for high throughput analysis (De Vylder et al., 2012; Green et al., 2012; Minervini et al., 2017; Tome et al., 2017). Specific computer application have already been developed to estimate chlorophyll content on base of HUE or RGB values of color images, they typically do not give information on morphological features (Majer et al., 2010; Liang et al., 2017).

TABLE 1. Comparison of PlantSize with other imaging tools, developed for quantification of different plant parameters.

[image: image]

The PlantSize application is able to perform simultaneous analysis of a number of plants (up to 36 plants were tested in the present version) and has the capability to simultaneously analyze size, shape and color of the plants. The PlantSize-based system therefore offers simultaneous analysis of the most commonly studied morphological parameters describing size and shape and provides information on chlorophyll and anthocyanin contents of the same plant. Our technology is rather simple and does not need heavy investment, as it relies on standard laboratory equipment, a digital camera and a standard desktop computer. The technology is therefore available for all research and biotechnology laboratories, which needs high throughput image analysis, but cannot afford an expensive phenotyping platform.

Using image analysis with PlantSize, differences in growth rates of wild type and transgenic plants could be revealed in control or saline conditions (Figure 5). Differences in plant shape and sensitivity to various stress conditions of different mutants could also be characterized (Figure 6 and Supplementary Figure S6). Analysis of several morphological and physiological traits was shown to be important to reveal differences in responses to early or late phases of salt stress of different Arabidopsis genotypes (Awlia et al., 2016). That system, however, employs a complex phenotyping platform with several sensors and a complex software able to analyze simultaneously multiple data and traits.

To demonstrate the utility of our system, effect of heat shock factor A4A on plant growth was investigated by evaluating changes of rosette sizes, chlorophyll and anthocyanin accumulation of HSFA4A overexpressing plants or the hsfa4a knockout mutant in several stress conditions. Results confirmed earlier observations suggesting that HSFA4A can modulate responses to environmental stresses (Perez-Salamo et al., 2014). Capacity to evaluate differences in rosette shape and color was demonstrated by comparing rosette area, convex area and percentage and chlorophyll content of phyB-9 mutants and wild type plants. Our method is suitable to reveal small but significant differences in plant sizes, shapes and color, which can contribute to the functional characterization of important regulatory genes such as the transcription factor HSFA4A or the light receptor phytochrome B.

The technology has been optimized for Arabidopsis. In vitro grown seedlings and small plants of other species can also be analyzed if images are generated with white background. Adaptation of the methods to other plants species, however, requires optimization of the experimental conditions and calibration of PlantSize. The PlantSize application is freely available and can be downloaded with documentation, which includes recommendations for installation and calibration of the software10. Potential users should check for updates of the software, and might consult with L, Sass for technical advice (sass.laszlo@brc.mta.hu).
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Dynamic quantification of drought response is a key issue both for variety selection and for functional genetic study of rice drought resistance. Traditional assessment of drought resistance traits, such as stay-green and leaf-rolling, has utilized manual measurements, that are often subjective, error-prone, poorly quantified and time consuming. To relieve this phenotyping bottleneck, we demonstrate a feasible, robust and non-destructive method that dynamically quantifies response to drought, under both controlled and field conditions. Firstly, RGB images of individual rice plants at different growth points were analyzed to derive 4 features that were influenced by imposition of drought. These include a feature related to the ability to stay green, which we termed greenness plant area ratio (GPAR) and 3 shape descriptors [total plant area/bounding rectangle area ratio (TBR), perimeter area ratio (PAR) and total plant area/convex hull area ratio (TCR)]. Experiments showed that these 4 features were capable of discriminating reliably between drought resistant and drought sensitive accessions, and dynamically quantifying the drought response under controlled conditions across time (at either daily or half hourly time intervals). We compared the 3 shape descriptors and concluded that PAR was more robust and sensitive to leaf-rolling than the other shape descriptors. In addition, PAR and GPAR proved to be effective in quantification of drought response in the field. Moreover, the values obtained in field experiments using the collection of rice varieties were correlated with those derived from pot-based experiments. The general applicability of the algorithms is demonstrated by their ability to probe archival Miscanthus data previously collected on an independent platform. In conclusion, this image-based technology is robust providing a platform-independent tool for quantifying drought response that should be of general utility for breeding and functional genomics in future.

Keywords: high-throughput phenotyping, drought response, stay-green, leaf-rolling, RGB image analysis


INTRODUCTION

Rice, a staple food that feeds half of the world's population (Yang et al., 2013), is one of the most water-hungry crops (Xia et al., 2006). Widespread pollution, climatic change, and a growing population further aggravate the water shortage problem. Thus, water scarcity has become an urgent global and environmental problem (Hussain and Mumtaz, 2014; Trenberth et al., 2014). Furthermore, water availability varies geospatially and across seasons, making drought a key restraining factor in rice production (Uga et al., 2013). When drought stress occurs during the reproductive stage, rice yield is very significantly reduced (Venuprasad et al., 2009; Vikram et al., 2011).

Drought resistant varieties assist in maintaining and improving rice yield under such conditions. Therefore, as in many crops, one of the major targets in breeding is to develop drought resistant varieties. To accelerate the identification of novel drought resistant varieties in breeding programs, a rapid species-agnostic method for evaluation of drought-resistance under diverse conditions is a necessary prerequisite. Since cost-effective solutions are likely to be based on visible attributes, we explored the readily observable (macroscopic) reactions of leaves to drought.

As with many species of grass, rice leaves roll, and change their overall geometry in response to drought conditions and then recover when water is available (Begg et al., 1980; Tardieu, 2013). Therefore, leaf rolling and general leaf geometry could be useful indicators and have already been widely used to identify drought resistant varieties (Richards et al., 2010). Variation in leaf rolling has been recorded using visual scores (O'Toole and Cruz, 1980; Turner, 1997). Color change is another commonly reported reaction, as leaves tend to become yellow when subjected to drought. Therefore, prolonged persistence of green color (sometimes also referred to as the stay-green trait) could be an appropriate indicator for identifying drought tolerance varieties (Fang and Xiong, 2015). In maize, the stay-green trait was considered to be closely related to yield (King and Purcell, 2001). Similar to leaf-rolling, the stay-green trait is traditionally evaluated using a manual visual score (Kholová and Vadez, 2013; Sukumaran et al., 2016).

The visual scores can only provide qualitative measurement of drought response. Most importantly, visual scores as evaluated by different people may be different, suggesting that the visual scores are subjective and error-prone. Continuous quantification of the drought response through measurement of leaf rolling and stay-green could, therefore, provide a useful means to monitor drought response. This would have particular advantages for large dispersed breeding trials.

Optical imaging and computer-assisted feature extraction have the advantages of being non-destructive, potentially high-throughput and objective. They have been widely applied in phenotyping plant growth and development (Spalding and Miller, 2013; Duan et al., 2015; Montagnoli et al., 2016; Rebolledo et al., 2016), seeds (Duan et al., 2011), root systems (Lobet et al., 2017), plant disease symptoms (Mutka and Bart, 2014), and plant abiotic stress (Altamimi et al., 2016; Fisher et al., 2016; Malinowska et al., 2017).

Honsdorf et al. (2014) calculated 8 imaging parameters, along with 3 harvest parameters and 4 indices, to evaluate the kinetics of growth under early drought stress and detect drought tolerance QTL in Barley. Petrozza et al. (2014) used non-invasive imaging to evaluate the plant water content, plant health state, state of the photosynthetic apparatus and digital biomass to characterize the response to drought stress in tomato. Born et al. (2014) adopted terahertz time-domain spectroscopy to measure the leaf water content for monitoring plant drought stress response. Stay-green or senescence was also calculated and used to evaluate drought responses (Petrozza et al., 2014; Malinowska et al., 2017). However, to the best of our knowledge, there is little research on quantification of leaf-rolling using these nondestructive approaches. Sirault et al. (2015) applied smoothing splines to skeletonized images of transverse wheat leaf sections to quantify the inter-genotypic variation for hydronastic leaf rolling in wheat. Neilson et al. (2015) estimated the degree of leaf rolling in sorghum by comparing projected plant area in the late afternoon (when the plants are least hydrated) with area early the following morning (when hydration would be expected to be maximal). They concluded that the decrease of projected leaf area was related to the degree of leaf-rolling over the diurnal cycle and the method seems effective over this time period. These and other related papers using pot experiments to study drought response and drought tolerance were listed in the Supplementary Presentation 1.

In this paper, we present a novel method to non-intrusively quantify drought response in vivo by analyzing simple color images of rice under both controlled and field conditions. Specifically, we

(1) Provide an image analysis pipeline for analyzing images, extracting drought-related features that provide continuous and quantitative measurements related to the drought response,

(2) Test the ability of the method to discriminate between drought resistant and drought sensitive accessions,

(3) Test the ability of the method to dynamically quantify drought response under controlled and field conditions and finally

(4) Show that the method can be easily adopted to quantify drought response and determine the initial date of leaf-rolling for Miscanthus and maize, indicating that the method is applicable to gramineous crops in general.



MATERIALS AND METHODS


Experimental Design for Dynamic Quantification of Rice Drought Response Under Controlled Conditions

The experimental design is shown in Figure 1A. To dynamically quantify rice drought response under controlled conditions, 40 accessions (20 drought resistant accessions and 20 drought sensitive accessions, Supplementary Presentation 2) with 4 replications of each genotype were grown in the greenhouse during summer, 2013. Each accession was deemed as drought resistant or drought sensitive by 3 experts evaluated manually based on its leaf-rolling and stay-green ability. The germination dates of the 40 accessions were staggered to ensure synchronized flowering. Seeds were sown in the field. Twenty-day-old seedlings were transplanted to pots containing 4.5 kg soil and transferred to a controlled environment. When an accession grew to the booting stage (panicle elongation), the plant was imaged by RAP (Rice Automatic Phenotyping, Yang et al., 2014) to collect image features before application of stress. Irrigation was then stopped to allow drought stress to occur. Soil water content was measured using TRIME-PICO32 (IMKO Micromodultechnik GmbH, Ettlingen, Germany) on the basis of time domain reflectometry (TDR). When the soil water content reduced to 15% (TDR value), the plants were watered to maintain the soil water content at 15% (TDR value) for 5 days. Then images of plants under stress conditions were collected using RAP. The time interval between the two imaging times was approximately 1 week, depending on the decline in soil water. The 4 image-derived features, whose behavior seemed related to drought response (1 feature related to stay-green and 3 shape descriptors, hereafter referred to as 4 drought-related features), were extracted and tested for their ability to discriminate known drought resistant accessions from drought sensitive accessions (see section Discrimination Between Drought Resistant and Drought Sensitive Accessions).
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FIGURE 1. The experimental design for dynamic quantification of drought response for (A) rice under controlled conditions, (B) rice under field conditions, and (C) Miscanthus under controlled conditions.



To further study the drought response from a dynamic standpoint, 38 accessions (Supplementary Presentation 2) that displayed pronounced leaf-rolling were planted at 18/August, 2015 as a single plants and subjected to drought stress from DAP 52 (days after planting) to DAP 70. All the plants were imaged daily by RAP from DAP 58 to DAP 70. The 4 drought-related features were extracted and analyzed to study the drought response at daily intervals. To study the detailed dynamics of the response to drought stress and rehydration, 2 accessions, namely Maweinian and Zaoxian240 were monitored over the course of a day at approximately 30 min. intervals in summer, 2016. At the booting stage, irrigation was interrupted to allow drought stress to occur. While the soil remained visibly wet and no leaf-rolling occurred, images were taken to record the plants before stress. When the leaves of the plants started to roll, images were taken at approximately 30 min intervals to record the plants response under drought stress. After all the leaves of the plant rolled up, the plant was re-watered to collect images after rehydration at approximately 30 min intervals.



Experimental Design for Dynamic Quantification of Rice Drought Response Under Field Conditions

To test whether these drought-related features could be used to quantify drought response in the open field, 42 accessions with 2 replicates (Supplementary Presentation 2) were planted in an experimental paddy field (Figure 1B) in summer, 2016. Each accession was planted as a single 90 × 90 cm2 field-plot containing 20 plants (5 rows and 4 columns). A guard row was planted as a boundary between the field-plots to depress any edge effects. Images were taken with a consumer grade Nikon D40 camera. At the booting stage, irrigation was cut off to allow the drought stress to occur. Images were taken at five stages, which we classified as well watered (before stress, C), mild drought stress (D1), moderate drought stress (D2), severe drought stress (D3), and after rehydration (R). Specifically, when there was no water in the field but the soil kept wet (no visible leaf-rolling), images for plants before stress were collected. The time interval between different level of drought stress (D1 and D2, D2, and D3) was 5–6 days. Water was supplied again immediately after images under severe drought stress were taken. A week after rehydration, images for plants after rehydration were taken. Drought-related features were extracted from the images at all 5 stages to quantify the drought response.



Experimental Design for Dynamic Quantification of Leaf-Rolling in Miscanthus

To evaluate our method on other species grown on other phenotyping platforms, RGB side-view archival images from 39 accessions of the elephant grass Miscanthus were acquired from the large plant platform at National Plant Phenomics Centre (NPPC), IBERS, Aberystwyth University, UK (Malinowska et al., 2017). The 39 Miscanthus accessions (8 replicates for each accession) were planted at 07/ April, 2014, and moved to large plant platform at 12/ May, 2014. After transfer to NPPC, plants were grown for 2 weeks in well-watered conditions (90% relative soil water). Drought stress treatments were applied at roughly the time of emergence of the fifth leaf of the main stem. 4 replicates for each accession were treated for control (90% relative water capacity), and the other 4 replicates were treated for drought (taken to and held at 15–20% relative water capacity). Lateral side view RGB images (2 per day per plant) had been acquired daily from DAP 37 to DAP 71 and were re-used here to extract and calculate the drought related features (Figure 1C). Detailed experimental designs were listed in the Supplementary Presentation 3.



Image Capture and Analysis Under Controlled Conditions

Images of pot-grown rice plants were captured using the visible light imaging unit in the RAP (Yang et al., 2014) previously developed by our group. The RAP facility adopted an industrial conveyor to move the pot-grown rice plants to the imaging area. As the plants were rotated, side-view images from different angles were captured by a Charge Coupled Device (CCD) camera (Stingray F-504C, Applied Vision Technologies, Germany). Image acquisition was performed using NI-IMAQ Virtual Instruments (VI) Library for LabVIEW (National Instruments Corporation, USA). More details concerning the RAP system can be found in Yang et al. (2014).

The image analysis and feature extraction was performed in LabVIEW (National Instruments Corporation, USA). Image analysis consisted of 6 steps (Figure 2A):

(1) Segmentation and total projected plant area calculation: the original RGB image was transformed to HSI color space. Background pixels and plant pixels were discriminated using fixed thresholds. A binary image of the plant was obtained by setting plant pixels as 1 and background pixels as 0. Regions with areas less than a predefined threshold were removed. The number of plant pixels was computed as total projected plant area.

(2) Green component extraction and greenness projected plant area calculation: Using the binary image of the plant as a mask, a RGB image without background was generated from the original RGB image. The ExG and ExR planes of the plant's RGB image were extracted according to Equations (1, 2). The pixels were deemed as greenness pixels if their ExG value was greater than a predefined ExG threshold and their ExR value was less than a predefined ExR threshold. Greenness projected plant area was then calculated as the number of greenness pixels.
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where Nr, Ng, Nb was the normalized r, g, b plane, defined by Equations (3–5).
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where R, G, B was the R, G, B plane of the RGB image, respectively.

(3) Edge detection and plant perimeter calculation: The edge of the plant was extracted using IMAQ Edge Detection VI. The plant perimeter was calculated as the number of pixels in the plant edge.

(4) Bounding rectangle detection and bounding rectangle area calculation: The bounding rectangle of the plant was the minimum rectangle that enclosed the plant. In this study, the bounding rectangle was detected using IMAQ Particle Analysis VI. The bounding rectangle area was calculated as the product of its width and height.

(5) Convex hull detection and convex hull area calculation: The convex hull of the plant was the smallest convex set that contained the plant and detected using OpenCV. The convex hull area was computed as the pixel number of the convex hull.

(6) Drought-related feature extraction: 4 image-derived features related to drought were calculated, including 1 stay-green related feature: greenness plant area ratio (GPAR), and 3 shape descriptors: total plant area/bounding rectangle area ratio (TBR), perimeter area ratio (PAR), and total plant area/convex hull area ratio (TCR). The definitions of the 4 drought-related features were provided in Equations (6–9).
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FIGURE 2. Image analysis and feature extraction pipeline under (A) controlled conditions and (B) field conditions.



These 4 drought-related features were extracted from each image. The drought-related features for a plant at a specific time point was then computed as the average feature value across all the side-view images from different angles at a given time point. The image analysis pipeline for Miscanthus was similar to the indoor rice, allowing for differences in number of side images.



Image Analysis for GPAR and PAR of Rice Under Field Conditions

Images of rice in field-plots were taken with a Nikon D40 camera containing a 23.7 × 15.6 mm CCD matrix of 6.24 million pixels, and equipped with a 35 mm focal length lens. As shown in Figure 2B, after original images were captured in field plot, the green component was extracted also using ExG plane. With the greenness projected plant area and total projected plant area in plot, the GPAR was calculated using the greenness projected plant area divided by total projected plant area. To avoid interference of overlapping plants and to better detect leaf-rolling, the top 1/3 of the original image was isolated from the whole image and used to calculate PAR. The detail of image analysis for GPAR and PAR under field conditions was shown in the Supplementary Presentation 4.



Statistical Analysis

Statistical analyses used SPSS (Statistical Product and Service Solutions, Version 19.0, SPSS Inc., USA). To test the effect of replications, genotypes and water treatment, the one-way analysis of variance (ANOVA) with subsequent post-hoc pairwise comparison using Tukey Honest Significant Difference (HSD) was applied at 95% confidence level. Pearson coefficients were calculated to analysis the relevance of the drought-related features under controlled conditions and field conditions.




RESULTS AND DISCUSSION


Discrimination Between Drought Resistant and Drought Sensitive Accessions

To determine the ability of the 4 drought-related features in discriminating drought resistant accessions from drought sensitive accessions under controlled conditions, 40 accessions were subjected to drought stress. The digital features before and after drought stress were extracted. First, we tested whether there was a significant replication effect. There were no significant differences between the 4 replications (ANOVA, p > 0.05, Supplementary Table 1 in Supplementary Presentation 5). The mean of the 4 replications for each feature was then calculated and used for subsequent analysis. We analyzed the dynamics of the 4 drought-related features before/after stress between drought resistant and drought sensitive accessions (Figure 3). The markers and the bars in each line represent the mean value and standard deviation across the accessions, respectively. There were no significant differences between drought resistant and drought sensitive accessions for all 4 drought-related features before stress (ANOVA, p > 0.05, Supplementary Table 2 in Supplementary Presentation 5). In contrast, significant differences were observed between drought resistant and drought sensitive accessions for all 4 features after stress (ANOVA, p-value ranging from 2.261E-15 to 3.078E-12, Supplementary Table 2 in Supplementary Presentation 5). This indicated that the drought resistant and drought sensitive accessions responded to the drought treatment differently and that all the image derived features reported this difference faithfully.
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FIGURE 3. Discrimination between rice drought resistant and drought sensitive accessions.(A) General dynamics of 4 drought-related features before/after stress between drought resistant and drought sensitive accessions. The markers and the bars in each line represent the mean value and standard deviation across the accessions, respectively. (B) A drought resistant and a drought sensitive accession before and after stress.



More specifically, GPAR of both the drought resistant and drought sensitive accessions decreased after the drought stress. However, the decreasing amplitude of GPAR was much smaller for drought resistant accessions than drought sensitive accessions. PAR of the drought resistant accessions increased after drought stress while PAR of the drought sensitive accessions was relatively stable. In contrast to PAR, TBR and TCR decreased after drought stress in drought resistant accessions yet increased in drought sensitive accessions. These results show that the 4 drought-related features are capable of quantifying the differences in response to drought between drought resistant accessions and drought sensitive accessions.

Plant size is a known variable that affects water use and potentially could be a confounding factor in the interpretation of these features. To estimate the extent to which plant size affected the features, we used TDR as a direct measure of soil water to impose water stress and then compared plants of comparable biomass. When we surveyed the entire population based on biomass (dry weight), there was only a weak relationship between shoot dry weight and PAR change (R2 = 0.22, Figure 4A). And there were moderate relationships between shoot dry weight and the other 2 shape descriptors (R2 were 0.41 and 0.35 for TBR change and TCR change, respectively, Figures 4B,C). The change of a drought-related feature was calculated as the feature value after stress minus the feature value before stress. Genotypes of comparable biomass could have either high scores or low scores (Figure 5). Therefore, we concluded that the features are unlikely to be directly related to plant size, and are more likely to be affected by actual water use and the ability of the leaves to conserve water.
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FIGURE 4. Scatter plot for plant dry weight after stress (g) and (A) the PAR change, (B) TBR change and (C) TCR change. The feature change was defined as feature value after stress minus feature value before stress.
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FIGURE 5. Accessions with similar plant dry weight may have different drought tolerance. ΔPAR was PAR change, and DW was plant dry weight after stress (g).





Dynamic Quantification of Drought Response at Daily and 30 Minute Intervals

The 38 accessions were monitored at daily intervals for 13 days to study the dynamic response to drought. Supplementary Figure 1A illustrates general dynamics of the 4 drought-related features for rice. Supplementary Figure 1B illustrates the dynamics of the 4 drought-related features for a randomly selected accession PeiC122. In general, as the drought stress intensified, PAR increased while TBR, TCR and GPAR decreased, which was in agreement with theoretical predictions. Supplementary Figure 1C shows the dynamics of the first derivative of the 4 drought-related features for accession PeiC122. The first derivative of a specified feature was defined as Xi- Xi−1, where Xi was the feature value at the i-th day. From day 5(D5) to day 6(D6), the peak or valley of the first derivative of the 3 shape descriptors indicated visibly detectable leaf-rolling. As shown in Supplementary Figure 1C, visibly detectable leaf-rolling occurred at D6, which was consistent with Supplementary Figure 1D and Supplementary Video 1. Supplementary Figures 2 and 3 illustrate the detailed dynamics of the 4 drought-related features for accessions Maweinian and Zaoxian240, respectively. As expected, PAR increased as the drought stress intensified and then decreased after rehydration, while TBR, TCR and GPAR decreased as the drought stress intensified and increased after rehydration. An RGB image series for accession Maweinian at 30 min intervals is shown in Supplementary Figure 2B and Supplementary Video 2.



Comparison of the 3 Shape Descriptors in Quantification of Leaf-Rolling

As discussed in the previous sections, TBR, PAR, and TCR all provided appropriate and continuous measures of leaf-rolling when plants were subjected to drought. However, PAR tended to be more robust than TBR and TCR. As shown in Figure 6, theoretically, PAR should increase while TBR and TCR decrease as drought stress intensifies. However, TBR and TCR were more susceptible to perturbation by non-drought related factors, such as wind or cultivation induced damage. For example, in Figure 6A, a single leaf within the red dashed bounding rectangle became bent at day 4, probably due to mechanical damage. This reduced the size of the minimum bounding rectangle and the calculated convex hull. On the other hand, the reduction of the total projected plant area caused by leaf-rolling was relatively small. Therefore, instead of decreasing, TBR and TCR increased, in contrast to the aforementioned theoretical expectation. At day 6, the leaves started to roll, and TBR and TCR decreased as expected. However, the change rate of TBR and TCR were much smaller than PAR, indicating that PAR was more sensitive to leaf-rolling (Figure 6B). In addition, as shown in Figure 4, compared with TBR change and TCR change, PAR change had a weaker relationship with biomass, which indicated that PAR is less related to plant size. We conclude therefore that PAR is more robust and sensitive to leaf-rolling than either TBR and TCR. For these reasons, PAR was selected as the optimal digital proxy for leaf-rolling.
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FIGURE 6. Comparison of the 3 shape descriptors in quantification of leaf-rolling. (A) RGB image at day 1, day 4, and day 6 for a rice plant. (B) Values of the 3 shape descriptors at day 1, day 4, and day 6, with the percentage change in each feature provided to the right.





Quantification of Drought Response Under Field Conditions

To verify the ability of PAR and GPAR in quantifying drought response under field conditions, 42 accessions were cultivated in field plots and subjected to drought stress. The time series of PAR and GPAR at five time points (C: before stress, D1: mild drought stress, D2: moderate drought stress, D3: severe drought stress, and R: after rehydration) were calculated and analyzed (Figure 7). First, we tested whether there was a significant replication effect. There were no significant differences between the replications (ANOVA, p > 0.05, Supplementary Table 3 in Supplementary Presentation 5). The mean of the replications for each feature was then calculated and used for subsequent analysis. There were no significant differences between drought resistant and drought sensitive accessions for both PAR and GPAR before stress (ANOVA, p > 0.05, Supplementary Table 4 in Supplementary Presentation 5). In contrast, significant differences were observed between drought resistant and drought sensitive accessions for PAR and GPAR at time points D1, D2, D3, R (ANOVA, p value ranging from 5.572E-12 to 0.029, Supplementary Table 4 in Supplementary Presentation 5). This suggested that drought resistant and drought sensitive accessions responded to the water restriction differently in a field environment. As shown in Figure 7A, PAR of the drought resistant accessions increased as the drought stress intensified and decreased after rehydration, while PAR of the drought sensitive accessions dropped after mild drought stress and was relatively stable as the drought stress intensified and after rehydration. As shown in Figure 7B, GPAR of both drought resistant and drought sensitive accessions decreased as the drought stress intensified and increased after rehydration. However, the amplitude of variation in GPAR was much smaller for drought resistant accessions than drought sensitive accessions.
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FIGURE 7. Quantification of rice drought response under field conditions. (A) Dynamics of PAR at five time points. (B) Dynamics of GPAR at five time points. The markers and the bars in each line represent the mean value and standard deviation across the accessions, respectively. (C) A drought resistant accession and a drought sensitive accession at five time points. C, before stress; D1, mild drought stress; D2, moderate drought stress; D3, severe drought stress, and R: after rehydration.





Correlation Analysis of the Drought-Related Features Under Controlled Conditions and Field Conditions

We further examined whether the drought-related features derived under controlled conditions reflected, and were correlated with, those under field conditions. The same 42 rice accessions used in the field experiment (section: Quantification of Drought Response Under Field Conditions) with 4 replications were phenotyped under controlled conditions. The experimental design was the same as that described in section Experimental Design for Dynamic Quantification of Rice Drought Response Under Controlled Conditions. GPAR and PAR before and after stress were calculated and analyzed. Similarly, we first tested whether there was a significant replication effect. There were no significant differences between the 4 replicates (ANOVA, p > 0.05, Supplementary Table 5 in Supplementary Presentation 5). The mean of the 4 replicates for each feature was then calculated and used for subsequent analysis. There were no significant differences between drought resistant and drought sensitive accessions for GPAR and PAR before stress under controlled conditions (ANOVA, p > 0.05, Supplementary Table 6 in Supplementary Presentation 5). In contrast, significant differences were observed between drought resistant and drought sensitive accessions for all 4 features after stress (ANOVA, p value ranging from 4.862E-04 to 2.584E-03, Supplementary Table 6 in Supplementary Presentation 5).

First the change trends of GPAR and PAR both under controlled conditions and field conditions were compared. Because the rice accessions had gone through severe drought stress under controlled conditions, the time point D3 (severe drought stress) under field conditions was deemed as the corresponding time point of “after stress” under controlled conditions. As shown in Figures 8A,B, similar results were obtained under both controlled and field conditions. GPAR of both the drought resistant and drought sensitive accessions decreased after the drought stress. However, the decreasing amplitude of GPAR was much smaller for drought resistant accessions than drought sensitive accessions. PAR of the drought resistant accessions increased after drought stress while PAR of the drought sensitive accessions was relatively stable. Then we evaluated the correlation between feature changes under controlled conditions (represented by the suffix “_Control”) and feature changes under field conditions (represented by the suffix “_Field”). As is shown in Figure 8C and Supplementary Table 7 in Supplementary Presentation 5, feature change under field conditions exhibited a significant positive correlation with feature change under controlled conditions. In addition, to test the robustness of the correlation between controlled conditions and field conditions for GPAR change and PAR change, 40 rice accessions were randomly selected from the 42 rice accessions for the correlation analysis (10 repeated analysis). The results showed the range of r was 0.339–0.414 for GPAR change (Supplementary Presentation 6) and 0.315–0.371 for PAR change (Supplementary Presentation 7), respectively with all p values below 0.05. This indicated the robustness of the correlation of GPAR and PAR between controlled conditions and field conditions. We conclude, therefore, that GPAR and PAR can be extended to quantify drought response in field but the relatively low level of the correlation probably reflects root restriction in pots (Poorter et al., 2012).


[image: image]

FIGURE 8. Relevance of the drought-related features under controlled conditions and field conditions. (A) Dynamics of GPAR and PAR under controlled conditions. (B) Dynamics of GPAR and PAR under field conditions. The markers and the bars in each line represent the mean value and standard deviation across the accessions, respectively. (C) Scatter plot of feature change under controlled conditions vs. feature change under field conditions.





Quantification of Drought Response in Other Species Using PAR

To test the generality of PAR as a means to quantify the leaf-rolling in other species grown on other phenotyping platforms, 39 Miscanthus accessions were imaged daily and analyzed. PAR values for the accessions grown under two water treatments (control and drought) were obtained over 35 time points. There were no significant differences between the 4 replicates (ANOVA, p > 0.05, Supplementary Table 8 in Supplementary Presentation 5). The mean of the 4 replicates for each feature was then calculated and used for subsequent analysis. There were no significant differences between the drought and control groups before time point D20 (ANOVA, p > 0.05, Supplementary Table 9 in Supplementary Presentation 5). Significant differences between drought and control groups was first observed at time point D21 (ANOVA, p < 0.05, Supplementary Table 9 in Supplementary Presentation 5) and highly significant differences appeared since time point D22 (ANOVA, p-value ranging from 3.066E-06 to 0.019, Supplementary Table 9 in Supplementary Presentation 5).

In general, the PAR value of the control group decreases over the 35 time points (Figure 9B), because the Miscanthus plant grows rapidly and the growth rate of the plant perimeter is less than the growth rate of projected plant area. The PAR value of the drought group first decreased at a similar rate to the control and then increased, which indicated leaf-rolling (Figure 9A). The leaf-rolling performance for the drought group varied across the different Miscanthus accessions (Figures 9C,D). The leaf-rolling performance (such as initial date and variation rate of leaf rolling) may be related to the level of drought resistance. In addition, the ability of PAR to quantify leaf-rolling for maize plants was also demonstrated and a similar trend in PAR change can be obtained after drought treatment (Supplementary Presentation 8).


[image: image]

FIGURE 9. Quantification of leaf-rolling for 39 Miscanthus accessions at daily intervals. Dynamics of PAR at 35 time points for (A) drought group and (B) control group. The markers and the bars in each line represent the mean value and standard deviation across the accessions, respectively. (C) Leaf-rolling performance and PAR change for a Miscanthus accession under drought (MS3-51221) and control (MS3-51211). (D) Leaf-rolling performance and PAR change for a Miscanthus accession under drought (MS3-63221) and control (MS3-63211). (C,D) Illustrate the difference in leaf-rolling performance among two accessions and the difference in PAR change in drought/control group for each accession. The markers and the bars represent the mean value and standard deviation for the 4 replications, respectively.





Phenotyping Drought Response Using Non-destructive Imaging

Non-destructive imaging was shown to be an effective method for measuring drought response in plant. Plant area, estimated from images, is considered as a proxy for biomass and plant growth, and has been adopted to evaluate and quantify the plant response to drought stress (Honsdorf et al., 2014; Petrozza et al., 2014; Fisher et al., 2016; Malinowska et al., 2017). However, as organ occlusion becomes more pronounced (for instance, for many cereals including rice and wheat at the reproductive stages), the accuracy of projected plant area for estimating the biomass and plant growth decreases (Munns et al., 2010).

Sirault et al. (2015) applied smoothing splines to skeletonized images of transverse wheat leaf sections to quantify inter-genotypic variation for hydronastic leaf rolling in wheat. Their method was destructive and involved sampling the flag leaves, excising a 30 mm segment that needs careful orientation prior to image capture under a dissecting microscope. Although effective, this method would be difficult to scale as each observation quantifies the leaf rolling of a single leaf at a single point in time. Neilson et al. (2015) quantified the effect of leaf rolling on the diurnal variation in leaf area by imaging plants in the late afternoon (when the plants are least hydrated) and early the following morning (when hydration would be expected to be maximal). They concluded that leaf rolling caused the decrease of leaf area and the degree of leaf-rolling could be estimated by the reduction of leaf area. Their method was efficient in quantification of leaf-rolling over the diurnal cycle. However, for long term quantification with intermittent imaging, this method may lose its efficacy because the plant area increases over time as the plant grows. We present a robust image feature PAR that is largely independent of imaging frequency, as well as being platform-agnostic. The method should therefore be applicable to quantifying responses to water restriction in a broad range of cereals and related grasses, under a wide range of environments.




CONCLUSIONS

This paper demonstrates the use of high-throughput phenotyping and image analysis to dynamically quantify rice drought response in vivo in a non-intrusive manner. We propose a simple method for continuous measurement of drought response under controlled and field conditions. Three shape descriptors, namely, TBR, PAR, and TCR, were derived from the images and their behavior is related to changes in the leaf. We also present an image-derived feature, GPAR, for quantification of stay-green ability. Results showed that these 4 drought-related features were capable of discriminating drought resistant and drought sensitive accessions and dynamically quantifying the rice drought response under controlled conditions across time (at either daily or half hourly time intervals). We compared the 3 shape descriptors and concluded that PAR was more robust and sensitive to leaf-rolling than TBR and TCR. In addition, PAR and GPAR proved to be effective in quantification of drought response in the field. Notably, there was a small but significant correlation between drought responses of different genotypes in field and in pot, as measured by these features. This indicates that pot-based experiments can indeed provide an indication of drought responses of different genotypes, even though the physiology of drought is likely to be quite different under the 2 situations. Finally, we demonstrate the general applicability of the algorithms to other grass species, using our approach to test archival Miscanthus data that had previously been collected on an independent platform. In conclusion, this image-based technology provides a robust platform-independent tool for quantifying drought response and should be of general utility for breeding and functional genomics in future.
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Phenotyping with proximal sensors allow high-precision measurements of plant traits both in the controlled conditions and in the field. In this work, using machine learning, an integrated analysis was done from the data obtained from spectroradiometer, infrared thermometer, and chlorophyll fluorescence measurements to identify most predictive proxy measurements for studying Septoria tritici blotch (STB) disease of wheat. The random forest (RF) models for chlorosis and necrosis identified photosystem II quantum yield (QY) and vegetative indices (VIs) associated with the biochemical composition of leaves as the top predictive variables for identifying disease symptoms. The RF model for chlorosis was validated with a validation set (R2: 0.80) and in an independent test set (R2: 0.55). Based on the results, it can be concluded that the proxy measurements for photosystem II, chlorophyll content, carotenoid, and anthocyanin levels and leaf surface temperature can be successfully used to detect STB. Further validation of these results in the field will enable application of these predictive variables for detection of STB in the field.
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INTRODUCTION

Septoria tritici blotch (STB) caused by Zymoseptoria tritici is currently one of the most devastating foliar diseases of wheat in Northwestern Europe causing yield losses every year (Fones and Gurr, 2015; Chawade et al., 2018). It is a hemibiotrophic fungus which penetrates host leaves through stomata and grows very slowly in the intercellular spaces of the mesophyll cells. The latent phase varies between 14–28 days under field conditions and 9–14 days under laboratory conditions (Kema et al., 1996; Shetty et al., 2003; Keon et al., 2007). This symptomless period has been referred to as ‘biotrophic’ (Kema et al., 2000), however, after more detailed transcriptomic and metabolic analysis, this term has become debatable (Rudd et al., 2015; Sánchez-Vallet et al., 2015). After a latent period, the fungus switches to necrotrophic phase and the infected leaves become chlorotic and develop into necrotic irregularly-shaped blotches (lesions) in which fungal asexual fruiting sporulation structures called pycnidia develop (Steinberg, 2015; Kettles and Kanyuka, 2016).

A cultivar with a high level of resistance can provide an effective mode to control the disease severity, but so far, cultivars with complete resistance are not developed (Chartrain et al., 2004). STB is typically controlled by fungicides and due to the intensive chemical control, Z. tritici populations can rapidly evolve resistance to fungicides (Goodwin et al., 2011). For STB, best practice requires that the fungicides should be sprayed early on in the latent period, as the fungicide application has limited effectiveness in the necrotrophic phase (Fones and Gurr, 2015). Detection of STB in the latent stage can provide more efficient disease control by fungicides, thus minimizing directional selection that favors mutations encoding high level of resistance to fungicides in the Z. tritici populations.

Optical imaging techniques such as RGB, thermal, fluorescence, multi- and hyper-spectral imaging were applied to detect various plant diseases (Mahlein, 2016). Colonization of fungal pathogens cause multiple biochemical, physiological and morphological alterations in leaf tissue and it can be inferred from the reflectance of light at visible (VIS, 400–700 nm) and near-infrared (NIR, 700–2000 nm) regions of the electromagnetic spectrum. Hyperspectral imaging can be used to detect foliar diseases in early pathogenesis stage before visible symptoms appear (Kuska et al., 2015; Xie et al., 2016; Thomas et al., 2017). Hyperspectral imaging in VIS/NIR ranges was demonstrated as a powerful tool for detection and/or differentiation of foliar fungal diseases in barley (Kuska et al., 2015; Thomas et al., 2017), cucumber (Berdugo et al., 2014), sugar beet (Mahlein et al., 2012b), wheat (Ashourloo et al., 2014a,b; Cao et al., 2015; Iori et al., 2015), tomato (Xie et al., 2016), oilseed rape (Baranowski et al., 2015), and strawberries (Yeh et al., 2016).

Visible range is mainly influenced by leaf pigments like chlorophyll and carotenoid content and NIR is influenced by leaf structure, internal scattering processes and by leaf water content (Mahlein, 2016). Spectral vegetation indices (VIs) are mathematical equations and transformations derived from two or more wavelengths in the electromagnetic spectrum (Araus et al., 2001). Application of VIs is a common approach to investigate or identify changes in plant physiology and morphology. VIs were developed as proxies to evaluate various plant properties such as leaf area (Rouse et al., 1974), water content (Penuelas et al., 1995), and leaf pigment content (Gitelson et al., 2002; Sims and Gamon, 2002). Among the indices developed, NDVI (Normalized Difference Vegetation Index) is most commonly used as it can estimate nutrient requirements of plants and is thus used for optimizing fertilizer input in the fields (Raun et al., 2002). More than 100 VIs have been developed so far and summarized earlier (Devadas et al., 2008; Agapiou et al., 2012; Pietragalla et al., 2012; Lehnert et al., 2017).

Advances in sensor phenotyping technologies will generate big data. Therefore, extracting patterns and features from this big data requires machine learning (ML) tools (Singh et al., 2016). Application of the ML methods for prediction of various diseases from spectral reflectance data was reviewed recently (Lowe et al., 2017). Using spectral reflectance data, yellow rust in wheat was detected with quadratic discriminant analysis (Bravo et al., 2003; Lowe et al., 2017), multilayer perceptron (Moshou et al., 2004), and regression (Huang et al., 2007). While leaf rust was detected with maximum likelihood classification (Ashourloo et al., 2014b) and powdery mildew with Fishers linear discriminant analysis (Zhang et al., 2012). Thus, spectral reflectance phenotyping and ML methods hold promise for disease detection at early stages of infection.

Early detection of disease symptoms allows taking control measures to avoid further spread of pathogen and consequent yield losses. Disease monitoring methods are time-consuming, can be affected by subjective bias and expensive (Bock et al., 2010). Therefore, there is an increasing demand for innovative and reliable disease monitoring method (Bravo et al., 2003; Mahlein et al., 2012a). The aim of the present study was to evaluate the possibility of identifying disease progression stages of STB on wheat with proximal phenotyping and machine-learning.



MATERIALS AND METHODS

Fungal Inoculation

The Z. tritici isolate was isolated from typical STB lesions on leaves of winter wheat collected in 2015 in a field in Lomma, Sweden. The inoculum was obtained from stock conidial suspensions of the isolate stored at -80°C in a sterile 1:1 glycerol–water solution. The fungal isolate was retrieved by adding 10 μl of the spore suspension to Petri dishes containing fresh 4-4-4 agar-malt-yeast medium (YMSA) with antibiotic Kanamycin (50 μg/ml) (Saidi et al., 2012). The isolate was spread on the medium by adding 1 ml of sterile water after 1 day of growth. Petri dishes with the isolate were incubated at 20°C with 12 h photoperiod. Conidial suspensions were prepared by first flooding the surface of the 10-day-old cultures with sterile distilled water and then by scraping the agar surface with a sterilized paint brush to release conidia. The spore concentration was measured using a Neubauer counting chamber. Thereafter, 0.1% TWEEN20 (Sigma) was added to the spore suspension and the final spore concentration was adjusted to 107 spores ml-1.

Plant Material

Two independent experiments were conducted under greenhouse conditions. In the first experiment (training and validation set), 10 winter wheat cultivars/breeding lines (Stigg, Oakley, Nelson, Mariboss, Kovas DS, Julius, Hereford, SW05317, SW75638, and Target) were evaluated for resistance to STB. Whereas, in the second experiment (test set) two winter wheat cultivars (Kranich and Nimbus) were evaluated for STB resistance. For both experiments, seeds were germinated for 2 days on a moist filter paper in Petri dishes. Germinated seeds were sown in plastic pots (8 cm × 8 cm × 8 cm) filled with peat substrate Blomjord Exclusive (Emmaljunga Torvmull AB, Sweden). For each genotype, two seeds were sown per pot in three replications in a randomized block design. Plants were grown in a greenhouse at 22°C (day) and 18°C (night) with a 16 h photoperiod.

Inoculation Procedure

Seedlings were inoculated following the full emergence of the third leaf and about 21 days after planting. The conidial suspension was applied to both sides of marked second and third leaf using a flat paintbrush (bristle length 15 mm). The control plants were inoculated with water. Following inoculation, plant leaves were allowed to dry for 1 h before transferring to the humidity chamber. Plants were kept under the plastic tent at close to 100% humidity for 48 h before being returned to the greenhouse conditions.

Disease Assessment

Disease severity was visually assessed at time-points 15, 17, 18, 20, 21, and 23 for the training and validation set and at 6, 8, 10, 13, 14, 15, and 16 days post-inoculation (dpi) for the test set. Percentage of the inoculated leaf surface (from 0 to 100%) presented the following symptoms: chlorosis [the percentage of chlorotic area (CHL)] and necrosis [the percentage of necrotic area (NEC)]. The symptoms and lesion development over the assessment period were summarized by area under the disease progress curve (AUDPC). Minitab software (Version 17.1.0) was used for statistical calculations. Differences in AUDPC were investigated with ANOVA (PROC GLM) and comparisons of means with Tukey’s test.

Sensor Phenotyping

In the training and validation set, sensor phenotyping was done at time points 14, 15, 17, and 18 dpi for the infected plants while for the mock-inoculated plants, sensor phenotyping was done at 14 dpi. In the test set, sensor phenotyping was done for both mock-inoculated and infected plants at 6, 8, 10, 13, 14, 15, and 16 dpi. Earlier time-points were additionally included in the test set to evaluate the possibility to detect disease symptoms earlier in the disease progression with the developed computational models. A handheld active light fluorometer (FluorPen FP 100-MAX, Photon Systems Instruments, Czechia) with detachable leaf-clips was used for measuring QY (Photosystem II quantum yield). For QY measurements, for each plant, two leaf-clips were attached to the control or infected leaves and were dark adapted for 15 min prior to the measurements. Thereafter, the leaves were removed from the plants and spectral reflectivity (350–1150 nm) of the leaves were recorded with a resolution of 1 nm with a handheld spectroradiometer sensor Apogee PS-100 (Apogee Instruments, Inc., United States) using a reflectance probe with an internal light source (AS-003, Apogee Instruments, Inc., United States). The spectroradiometer was calibrated against a white reference standard Apogee AS-004 (Apogee Instruments, Inc., United States) prior to the measurements. The leaf temperature was measured with a infrared thermometer Apogee MI-210 (Apogee Instruments, Inc., United States). Finally, the leaves were scanned with Epson Perfection V200 scanner.

Spectral Data Analysis and Machine Learning

The obtained raw spectral reflectance data files were analyzed further to remove noise, detect outliers and calculate VIs using the open-source software Specalyzer1 and the hsdar R package (Lehnert et al., 2017). Data quality of the spectral files was inspected manually in Specalyzer. Each replicate consisting of two plants was considered as a sample. For spectral measurements from all samples, areas around the edges of the spectra were trimmed due to low signal-to-noise ratio and the region from 420 to 1000 nm was retained for further analysis. Finally, 119 previously known VIs were estimated from the spectral data in Specalyzer for further analysis (Supplementary File 1). Thus, in total, 121 variables were obtained for each sample consisting of 119 VIs, QY, and leaf surface temperature. PCA (principal component analysis) was performed in the software Simca 14.1 (Umetrics, Sweden) and the data was scaled by unit variance (UV) scaling method for PCA.

Random forest (RF) regression models were built from the training set with 121 samples from eight cultivars/breeding lines and was validated on the validation set of 30 samples from two lines (SW75638 and Target) consisting 6 uninfected and 24 infected samples. Recursive feature elimination algorithm (RFE) from the R package Caret (Kuhn et al., 2016) was used for feature selection with parameters: function “rfFuncs,” method “repeatedcv” and repeats 10. Separate prediction models were thereafter built with the features selected with RFE for chlorosis and necrosis using the R package Caret. Common parameters for building the models were the variables selected by RFE, eight cultivars from the training set, ntrees 2000, resampling method “repeatedcv,” number 10, repeats 10 and importance “True.” Percentage of chlorosis and necrosis were used as scoring parameters for model training and testing. The models were tested on a test set consisting of 94 samples with equal number of infected and uninfected samples from the winter wheat cultivars Kranich and Nimbus.



RESULTS

Genotype Variation for STB Severity

In the training set, 10 genotypes showed good variation in STB severity across all time points upon infection (Figure 1). Cultivar Stigg had less chlorotic and necrotic symptoms compared to the cultivar Hereford and the breeding line SW75638. The chlorotic symptoms were visible by 14 dpi but were more pronounced by 16 dpi in most genotypes. Necrotic symptoms appeared by 16 dpi in the susceptible genotype but Stigg did not show many necrotic symptoms even at 18 dpi. AUDPC was calculated based on scoring for chlorosis and necrosis at all timepoints to quantify resistance (Figure 2). A significant difference (p < 0.01) among the 10 winter wheat genotypes was observed in AUDPC of NEC. Target, Stigg, and Nelson revealed highest level of resistance and the most susceptible cultivars in this experiment were Hereford and SW75638 (Figure 2). A significant correlation (r = 0.86, p < 0.001) was also found between the AUDPC of CHL and NEC. In the test set, clear differences in the chlorotic and necrotic symptoms were observed among the two winter wheat cultivars Nimbus and Kranich (Figure 3). Disease symptoms appeared much earlier in Nimbus (at 13 dpi) compared to Kranich. Quantification of CHL and NEC by AUDPC in the test set showed significant differences between the two cultivars (p < 0.01, Figure 4). Cultivar Kranich exhibited a higher level of resistance compared to Nimbus in both STB disease development stages (CHL and NEC).
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FIGURE 1. Septoria tritici blotch (STB) symptoms on 10 winter wheat cultivars at (A) 14 dpi control; (B) 14 dpi infected; (C) 15 dpi infected; (D) 16 dpi infected; and (E) 18 dpi infected. Cultivars are sorted based on the necrotic symptoms.
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FIGURE 2. The area under the disease progress curve (AUDPC) for STB among the 10 different cultivars and breeding lines. Means that do not share a letter are significantly different at p < 0.05 (Tukey multiple comparison test). Ordered based on the necrotic symptoms.
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FIGURE 3. Symptoms of STB on two winter wheat cultivars. (A) Kranich, (B) Nimbus, with representative pictures of the disease symptoms after 6, 8, 10, 13, 14, 15, and 16 dpi.
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FIGURE 4. The area under the disease progress curve (AUDPC) for STB for the two cultivars Kranich and Nimbus (two sample t-test, ∗p < 0.01).



Multivariate Analysis

Clustering of samples from the training and the test set were studied by PCA of 121 variables consisting of 119 VIs, leaf surface temperature and QY measurements from each sample. In the PCA of the training set, the first and the second components explained 60.2 and 16.3% of the variation respectively (Figure 5). Most of the samples from the early time points clustered together (14 and 15 dpi), whereas, samples from the later time points (17 and 18 dpi) were more scattered. The first component explained the variability in the disease progression over time while the second component explained the inter-cultivar variation during disease progression. Thus, disease progression over time was the major variability in the data explained by the PCA. In Figure 5, it can be observed that the variability in the data increases with the disease progression. The control samples at 14 dpi have the lowest variability and are thus relatively tightly clustered followed by increasing separation among the infected samples from 14 to 18 dpi. The results from PCA indicates that the 10 cultivars in the training set have physiological differences in their response to the infection which is also corroborated by disease symptoms evaluated with AUDPC analysis (Figure 2). In the PCA plot from the test set, the two PCA components explained 56.6 and 18.3% variation respectively (Figure 6). Similar to the PCA from the training set, in the test set, the first component explained the variability in the disease progression over time, additionally, some separation was also observed among the control samples as the control samples from the later time-points separated from earlier time-points. This suggests physiological differences in the control plants occurring over a duration of 10 days (6–16 dpi). Among the infected plants, sample separation in Nimbus (susceptible) is detected at 13 dpi whereas in Kranich (resistant) the separation was at 15 dpi. Also, a clear and distinct separation of Nimbus samples at 16 dpi is observed. This indicates distinct differences in the physiological status of Kranich and Nimbus genotypes upon STB infection and these differences become apparent after 13 dpi with the sensor measurements.
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FIGURE 5. Principal component analysis (PCA) from the vegetation indices, QY and leaf temperature of 10 winter wheat cultivars and breeding lines (training and validation set) after 14, 15, 17, and 18 days post-infection. Elliptical region represents the normal operating area by Hotelling’s T2 tolerance with 95% confidence. Sti: Stigg; Oak: Oakley; Nel: Nelson; Mar: Mariboss; Kov: Kovas DS; Jul: Julius; Her: Hereford; SW0: SW05317; SW7: SW75638; and Tar: Target.
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FIGURE 6. Principal component analysis from the vegetation indices, QY and leaf temperature of two winter wheat cultivars (test set) N: Nimbus and K: Kranich across different time points. Elliptical region represents the normal operating area by Hotelling’s T2 tolerance with 95% confidence.



A heatmap was prepared for the test set from the relative intensities of the sensor phenotyping data obtained from the ratio of the data from the infected plants to that of the mock-inoculated plants (Figure 7). Based on the dendrogram, two clusters were obtained at the highest level of tree branching, cluster-I consisted of 30 variables and cluster II 91 variables. As can be seen from the heatmap, lower relative intensities were recorded for several VIs in cluster-II at the later time-points in both cultivars and distinctly lower intensities were observed in the susceptible cultivar Nimbus. Variables in cluster-II negatively correlate with STB symptoms as the intensities of these variables decrease with increase in necrosis. Several variables in cluster-II were affected by necrosis already upon the first visible symptoms of necrosis at 13 dpi in the susceptible cultivar Nimbus. In the resistant cultivar Kranich, relatively less pronounced changes in intensities of variables from cluster-II were seen. Furthermore, unlike in Nimbus, variables in cluster-II were not affected at earlier time-points in Kranich which is in accordance with the delayed necrosis symptoms observed in Kranich.
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FIGURE 7. The relative intensities of various vegetation indices of two winter wheat cultivars after infection with STB across different time points.



Correlation analysis of the sensor data was done between the training and the test set to analyze the reproducibility of the measurements over time and genotypes. At first, for each experiment, correlation analysis was done separately for each of the 121 variables and the respective CHL measurement of the sample, thereafter, correlations obtained for each variable from the two experiments were compared. A high coefficient of determination (R2 = 0.91) was obtained indicating good reproducibility of the measurements under similar conditions across time and genotypes (Figure 8).
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FIGURE 8. Scatter plot and the simple linear regression line between training and test set.



STB Detection With Random Forest

To identify and evaluate key predictive variables for STB infection, automated feature selection was done followed by building RF models with the selected features. For chlorosis, the feature elimination algorithm RFE identified four variables QY, D2 (derivative index), LRDSI1 (leaf rust disease severity index) and LRDSI2 as most predictive. While for necrosis, five variables namely QY, MCARI2/OSAVI2, ARI (anthocyanin reflectance index), SR8 (simple ratio 8) and D1 were identified by the RFE algorithm as important. RF regression models were developed separately for CHL and NEC from the training set and the selected variables. The percentage of variation explained by the models was 45.41% for chlorosis and 21.04% for necrosis with a mean of squared residuals of 581 and 284 respectively. The variables QY was identified as predictive in both chlorosis and necrosis models and had significantly different (p < 0.05) levels in the infected plants compared to the mock-inoculated plants (Figure 9). Leaf surface temperature was not selected as a predictive variable although there were significant differences in the surface temperature of the infected and mock-inoculated plants (Figure 9).
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FIGURE 9. Differences in QY (A,C) and leaf surface temperature (B,D) in Nimbus (A,B) and Kranich (C,D) across different time points (two sample t-test, ∗p < 0.05).



The two RF models were tested on a validation set consisting of 30 samples from the genotypes SW75638 and Target and an independent test set of 94 samples from two cultivars Kranich and Nimbus. The samples were predicted separately with the RF models built for CHL and NEC. A simple linear regression was calculated to estimate the relationship between the observed and the predicted STB infection. For the validation set, chlorosis was predicted with R2: 0.80 and necrosis with R2: 0.92, while for the test set, chlorosis was predicted with R2: 0.55 (Figure 10).
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FIGURE 10. Scatter plot and the simple linear regression line between predicted and observed STB infection scores. (A) Chlorosis in the validation set, (B) necrosis in the validation set, (C) chlorosis in the test set.





DISCUSSION

In the present work, sensor phenotyping with spectral reflectance, chlorophyll fluorescence, and leaf temperature was performed to evaluate the possibility of detecting different STB developmental stages. In this study, the number of indices affected by the disease increased upon disease progression (Figure 7), an observation which was also previously discussed (Ashourloo et al., 2014b). This is due to the magnitude of changes in the leaf morphology and physiology brought upon by disease progression. Sensor phenotyping clearly separated control and infected plants based on the progression of the disease (Figures 5, 6). This separation is influenced by the underlying genetic resistance of the genotypes to STB.

In this work, different indices were identified as top predictive indices for chlorosis and necrosis except for QY which was common in both. This can be due to the distinctly different leaf composition in these two stages. QY (PSII) was affected by STB in the susceptible genotype Nimbus at an early stage of disease progression but was not affected to the same extent in Kranich (Figure 9). Previously, chlorophyll fluorescence kinetics were studied for powdery mildew and leaf rust infection in wheat and early detection of infection was possible with chlorophyll fluorescence measurements but not with NDVI (Kuckenberg et al., 2008). In this work, leaf infrared temperature was not selected as a top predictive variable by RF. Leaf temperature was significantly different in the control and infected plants of the two cultivars from the test set at 15 dpi. In the susceptible cultivar Nimbus, statistically significant difference of 1.5°C (p < 0.05) was observed between the control and the infected plants at time point 15 dpi with higher temperature recorded from the infected plants (Figure 9). These results confirm the results from a previous work where the canopy temperature measured with an infrared thermometer positively correlated (r = 0.48–0.74) with STB coverage in the field (Eyal and Blum, 1989).

The top predictive VIs for chlorosis were D2, LRDSI1, and LRDSI2. The derivative index D1 and D2 correlated well with the natural steady state chlorophyll fluorescence emission by photosystem I and II in the range 639–730 nm (Zarco-Tejada et al., 2003). Both LRDSI1 and LRDSI2 were developed for detecting wheat leaf rust with prediction accuracies of >85% (Ashourloo et al., 2014a). Thus, the predictive VIs for chlorosis detect the levels of chlorophyll fluorescence and anthocyanin levels in the leaves.

Top predictive VIs for necrosis were MCARI2.OSAVI2, ARI, SR8, and D1. In the previous work, MCARI2.OSAVI2 was developed for measuring chlorophyll content while tolerating leaf area index (Wu et al., 2008). ARI was developed for estimating anthocyanin reflectance in senescing and stressed leaves (Gitelson et al., 2007). SR8 was developed to estimate carotenoid content in conifer forest (Hernández-Clemente et al., 2012). Thus the top predictive indices for necrosis identified in this work suggests differing levels of chlorophyll, anthocyanin, and carotenoid content in the infected leaves.

Spectral reflectance was previously used to develop spectral indices for detection of different plant diseases. In wheat, leaf rust was detected for plants in a controlled environment with the VIs NBNDVI, NDVI, PRI, GI, and RVSI with an accuracy of over 60% (Ashourloo et al., 2014b). Ashourloo et al. (2014a) developed two new VIs LRDSI1 and LRDSI2 to detect leaf rust in a controlled environment with the R2: 0.9. By proximal and airborne hyperspectral phenotyping, Huang et al. (2007) identified photochemical reflectance index (PRI) as the most predictive VI (R2: 0.97) for yellow rust detection in wheat. Cao et al. (2015) studied 17 VIs for prediction of powdery mildew in wheat under field conditions and reported that difference vegetation index (DVI), triangular vegetation index (TVI) and the area of red edge peak significantly correlated with powdery mildew severity. The RF models developed in this work for detection of STB utilize several variables and thus provide a possibility to uniquely detect STB in wheat with various sensors. STB was detected by NDVI and land surface temperature using satellite imaging with MODIS (moderate-resolution imaging spectroradiometer) and the spatial modeling conducted with linear regression trees and boosted regression trees was suggested as a promising approach for studying STB spread using satellite imaging (Wakie et al., 2016). In this work, NDVI was not detected as a top predictive index, however, the predictive VIs identified in this work can be further validated in the field conditions by proximal and remote sensing.

Further work with parallel measurements of different diseases with various sensors under both greenhouse and field conditions is required to understand the overlap of various predictive VIs.

Septoria tritici blotch resistance traits can be further combined with STB escape and tolerance traits to further reduce the disease progression and maintain yields under disease pressure. Some of the traits identified for STB escape are early vigor, growth rate, plant height, leaf length, leaf spacing, prostrate leaves, leaf insertion angle, flag leaf emergence, and heading time (Arraiano et al., 2009; Brown et al., 2015). Disease tolerance can be explained by the maintenance of yield in spite of the disease pressure. The tolerance trait was studied in a susceptible wheat cultivar ‘Miriam’ which maintained yield even under disease pressure by increasing photosynthesis in the residual green area of the infected leaves (Kuckenberg et al., 2008). Using affordable high-throughput phenotyping (Armoniené et al., 2018), and genotyping, the escape and tolerance traits can be combined with the resistance traits for developing improved wheat varieties. Furthermore, the sensor data can be integrated with transcriptomics, proteomics, and metabolomics data to improve our understanding of the underlying biological mechanisms. RF was selected in this work as it is equally effective for classification and regression (Díaz-Uriarte and Alvarez de Andrés, 2006) and has been successfully used earlier for disease detection in plants (Chawade et al., 2016). RF is efficient at identifying predictive information from data integrated from various sources and thus it can be explored further for systems-level understanding of responses of plants to various stresses.



CONCLUSION

This work has resulted in identifying top predictive indices for detecting STB. Different predictive variables were selected by the RF model for prediction of chlorosis and necrosis in leaves. From this work, it can be concluded that precision phenotyping with proximal sensors holds the potential for detecting STB and further validation of the identified indices in the field conditions will enable implementation of these precision phenotyping techniques in the field for detection of STB.
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Salt stress in plants triggers complex physiological responses that are genotype specific. Many of these responses are either not yet described or not fully understood or both. In this work, we phenotyped three maize genotypes of the CIMMYT gene bank alongside the reference B73 genotype (NCRPIS – United States) under both control and salt-stressed conditions. We have ranked their growth potential and we observed significant differences in Na+ and Cl- ion accumulation. Genotype CML421 showed the slowest growth, while CML451 had the lowest accumulation of ions in its leaves. The phenotyping defined the right timing for the proteomics analysis, allowing us to compare the contrasting genotypes. In general 1,747 proteins were identified, of which 209 were significantly more abundant in response to salt stress. The five most significantly enriched annotations that positively correlated with stress were oxidation reduction, catabolic process, response to chemical stimulus, translational elongation and response to water. We observed a higher abundance of proteins involved in reactions to oxidative stress, dehydration, respiration, and translation. The five most significantly enriched annotations negatively correlated with stress were nucleosome organization, chromatin assembly, protein-DNA complex assembly, DNA packaging and nucleosome assembly. The genotypic analysis revealed 52 proteins that were correlated to the slow-growing genotype CML421. Their annotations point toward cellular dehydration and oxidative stress. Three root proteins correlated to the CML451 genotype were annotated to protein synthesis and ion compartmentalization. In conclusion, our results highlight the importance of the anti-oxidative system for acclimatization to salt stress and identify potential genotypic marker proteins involved in salt-stress responses.

Keywords: salt sensitivity, maize, physiological phenotyping, proteomics, abiotic stress, antioxidation, class III peroxidases


INTRODUCTION

Salinity is a key cause of arable land loss (Gong et al., 2014). It is estimated that 19.5% of irrigated lands, which provide 40% of the food production worldwide (FAO, 2015), are salt-affected (FAO, 2016). Considering the exponential growth of the population (Melorose et al., 2015), plus the aggravation of the environmental situation by climate change (IPCC, 2007), the challenge is set: increase food production per unit area of cultivated land from more sustainable production systems.

Globally, 52% of human nutrition relies on cereals including maize (FAO, 2015). In general, maize (Zea mays) is considered moderately sensitive to salt (Zörb et al., 2004), a category which comprises plants that maintain growth in saline soils with an ECe between 3 and 6 dS m-1 (Hasanuzzaman et al., 2013). However, few salt-tolerant cultivars have been commercialized (Flowers and Flowers, 2005).

Increased access to maize genetic diversity (Barros et al., 2010) can provide several alleles linked to desirable tolerance traits. Yet, these alleles are highly dispersed and joint efforts must be made to make the information available for application in biotechnology and breeding programs.

Dynamic phenotyping should precede and guide genomic studies (Zhu, 2002; Zivy et al., 2015) and will be critical in cases where the effects and responses have a dynamic nature, such as salt stress (Cattivelli et al., 2008). Phenotyping at different levels can help validate results from gene expression studies (Zhu, 2002).

Saline effects in plants occur with the combination of two stress phases: first, the osmotic, and second the ionic specific phase (Munns, 1993). For this, tolerance mechanisms are also virtually segmented according to those two phases. Lowering tissue water potential using proline and other compatible solutes contributes is a way to establish osmotic-stress tolerance (Meloni et al., 2001). Stress tolerance mechanisms during the ionic phase can include: ion exclusion, tissue tolerance (Munns and Tester, 2008) and directing sodium ions from the shoot back to the root via the phloem (Tester and Davenport, 2003). The use of each mechanism, aggregated or not, and its effectiveness, are the distinguishing factors between salt-sensitive and salt-tolerant plants (Munns and Tester, 2008).

Salt-tolerant species generally compartmentalize the accumulated ions away from the sites of primary photosynthesis and expanding tissues. The ions are stored in vacuoles and compatible solutes counterbalance the osmotic disequilibrium (Munns, 2002; Munns and Gilliham, 2015). However, is this the most efficient stress-management strategy for crop plants, when aiming at high yield? Will the benefits of the compartmentalization overcome the energy costs for these plants? The necessary investigations of salt-stress signaling and pathways of response will help answer these questions.

Researchers have been active in addressing these questions. A root proteomics study of maize seedlings exposed to 150 mM NaCl stress showed that the responses were quanti- and qualitatively different between a sensitive and a tolerant inbred line (Cheng et al., 2014). The authors suggested that an enhanced antioxidative defense system, allied to other processes, are the fighting arms of tolerant lines. Zörb et al. (2010) identified proteins related to cell wall growth regulation in an early salt stress response of a maize salt-tolerant hybrid. We showed recently that chloride-salinity stress induced in maize leaves stiffened the cell wall, via an apoplast alkalization process (Geilfus et al., 2017). Stiffening of the cell wall would benefit water stressed plants by diminishing water loss and wilting (Kutschera and Schopfer, 1986). Geng et al. (2013) found that the presence of abscisic acid (ABA) and the root endodermis act as a guard to prevent the plant from growing into salinized environments. With proteins having so many significant functions which help confer salt-tolerance to plants, proteomics and the role of proteins in overcoming salinity effects are an important topic of study (Kosová et al., 2013).

Despite many efforts, there are gaps in our understanding of salt stress response pathways, especially for responses by different specific genotypes. We hypothesize that (i) each genotype is capable to respond to the stress and (ii) that phenotyping at whole plant level guides the cellular analyses in identifying specific physiological events. In combining these hypotheses, we therefore used a system-levels approach to characterize salt stress in four different genotypes. We are using the dynamics of the plant responses to get an insight into the reactions at the cellular level. We bring up the challenging definition of tolerance in agriculture and we open a discussion about energy costs and possible introduction of salt-tolerance mechanisms.



MATERIALS AND METHODS

The current experiment was held in the months of February and March 2016. In total, four maize genotypes were analyzed: CML421, CML448, and CML451 obtained from the International Maize and Wheat Improvement Center (CIMMYT); and the sequenced reference B73, acquired from the North Central Regional Plant Introduction Station (NCRPIS, United States).

Growth Conditions and Salinity Treatment

Plants were grown for 4 weeks after germination in a greenhouse, in four-liter pots, filled with sand and DCM potting soil Type 3 mix (2:1), in a 12 h photoperiod and temperature of 25°C/15°C, day and night, respectively. Two experimental conditions were set in a completely randomized design, in which the treatment consisted of sodium chloride (NaCl) addition directly to the soil mix (EC = 9.5 dS cm-1), and the control, without the salt addition (EC = 1 dS cm-1). All the seeds were sown directly in the soil mix, so the treated ones germinated in the salinized soil. Electrical conductivity (EC) was determined through soil water suspensions (SWSs), with 1:5 soil to water ratio (EC1:5). Results of SWS method can be converted to saturated extract paste method (SP) form, according with the type of soil used. In this study, the appropriate regression equation used for conversion from EC1:5 to ECe was: SP = 7.98 SWS, with the EC in dS m-1 at 25°C (Sonmez et al., 2008).

The experimental design avoided water leaking and guaranteed that the salt was not washed out from the pots, by calculating the exact volume of water solution for each plant to be irrigated. Extreme salt concentration, caused by evaporation of soil water, was also prevented by covering the soil with foil. Each genotype counted with six replicates. The nutrient solution that was used for irrigation had the following concentration: 2 mM KH2PO4, 1 mM K2SO4, 1.33 mM Ca(NO3)2, 0.67 mM NH4NO3, 2 mM CaCl2, 0.5 mM MgSO4, 0.1 g L-1 Fe-sequestrene, 5 μM H3BO3, 2 μM MnSO4, 0.5 μM ZnSO4, 0.3 μM CuSO4, 0.01 μM (NH4)6Mo7O24.

Physiological Phenotyping

As soon as the plants started to germinate, the projected leaf area was measured for all plants in each of the six replicates per genotype. Pictures were taken weekly and individually from the top of the plants (Supplementary Figure S1). The green area was obtained by processing the pictures off-line using an in-house script (R Development Core Team, 2003). A quadrant plot, constructed according to Kissel et al. (2015), ranks the genotypes by leaf area of each individual genotype, normalized to the median leaf area of all genotypes. Thus, the division into four quadrants indicates the best and worst potential for the genotypes’ growth, according to the environmental conditions.

The investigation of root growth was estimated by determining the fresh weight of six samples per treatment and per genotype at the fourth week. For these measurements, whole plants were sacrificed and weighed, including the roots, where soil remnants were washed out with water. Growth retardation was calculated for each genotype in terms of changes in leaf area and root mass using the formula: 1 - (average control/average stress) × 100.

The analysis of ions was performed on 20 mg of dried leave material suspended and boiled for 5 min in 1.6 ml of deionized water. After cooling, samples were centrifuged and the supernatant was collected. Subsequently, proteins were precipitated by washes in chloroform. Thereafter, samples were cleaned by passage through strata C-18 columns (Thermo Fisher Scientific, Darmstadt, Germany). Na+, K+ and Cl- concentrations were analyzed using ion chromatography (Dionex ICS-5000+ Capillary HPIC System, Thermo Fisher Scientific).

Protein Extraction, Digestion, and Cleaning of Peptides

Roots from the plants sacrificed at the fourth week were cleaned with distilled water and immediately plunged in liquid nitrogen (LN). The protein extraction was realized according to the phenol method described by Carpentier et al. (2005), with 300 mg of LN triturated material from each of the six replicates per genotype and for each treatment. The homogenate was solubilized in 750 μL extraction buffer ice cold (100 mM Tris-HCL pH 8.3; 5 mM EDTA; 100 mM KCL; 1% p/v DTT; 30% sucrose; 1 complete Mini EDTA-free protease inhibitor cocktail tablet -Roche Applied Science- per 10 ml buffer. After briefly vortexing, 750 μL ice-cold Tris buffered phenol (pH 8.0) solution was added and vortexed for 10 min, at 4°C before it was centrifuged at 4°C and 12,000 rpm, for 10 min. The phenolic phase was collected and once more 750 μL buffered phenol was added, the mixture was vortexed and centrifuged for 5 min. After collecting the phenolic phase, 100 mM ammonium acetate in methanol was added and it was kept in -20°C overnight to precipitate. The next day, the samples were directly centrifuged for 60 min (4°C, 13,000 rpm). The supernatant was discarded, and the pellet was rinsed twice with cold acetone and 0.2% DTT solution, being kept in this solution for 60 min at -20°C each time, with centrifugation (4°C, 13,000 rpm) and discard of supernatant in between. The pellet was gently dried under a hood at room temperature, and was resuspended with 150 μL lysis buffer (8 M urea; 5 mM DTT; 30 mM Tris). Protein concentration was quantified with the 2-D Quant Kit assay (GE Healthcare).

Digestion of sample aliquots containing 20 μg of proteins was realized with successive addition of the following compounds, to the following final concentrations: DTT to 20 mM and incubated for 15 min; iodoacetamide to 50 mM, incubation in the dark for 30 min; three times dilution with 150 mM ammonium bicarbonate; addition of trypsin in a ratio of 0.2 μg trypsin per 20 μg protein and overnight incubation in 37°C; and acidification with trifluoroacetic acid to 0.1% final concentration. Desalting of samples was performed using PierceTM C18 Spin Columns (Thermo Fisher Scientific), according to manufacturer instructions.

Peptides Separation, Identification, and Quantification

Digested samples (1 μg/5 μL) were separated via UPLC-MS/MS system, in which the Ultimate 3000 UPLC system (Dionex, Thermo Scientific) and the Q Exactive Orbitrap mass spectrometer (Thermo Scientific, United States) were used according to Vanhove et al. (2015). Data were obtained with Xcalibur 3.0.63 software (Thermo Scientific). Protein identification was realized with the conversion of the raw data by Proteome Discover version 1.4 (Thermo Scientific) into mgf files and processing with MASCOT version 2.2.06 (Matrix Science) against the Uniprot Zea mays database (99 371 proteins). Calculation of false discovery rate (FDR) was realized with Scaffold (Version: Scaffold 3.6.3; Proteome Software Inc., Portland, OR, United States). Quantification of peptides was determined using Progenesis LC-MS version 4.1 (Nonlinear Dynamics), with automatic alignment from a selected reference run. Abundance of proteins was based on sum of peptides quantification. Singular enrichment analysis (SEA) was performed for selected proteins using the AgriGO SEA tool1, with Zea mays background and significance level of 0.01. Promoter analysis was conducted using plantCARE (Lescot et al., 2002), up to 1,500 bp and using genotype B73 as the sequenced reference.

Statistics

For both physiological and cellular phenotyping, statistics were performed through the software STATISTICA (version 13, Tulsa, OK, United States). After an ANOVA analysis, the means were compared with test Fisher’s LSD (p < 0.05). Box plots are composed by the median, the box is defined by the first and third quartiles. Whiskers are positioned 1.5 times the interquartile range from the median. Individual points distancing more from the median than the extremes are the outliers. Quadrant plot was constructed in Microsoft Excel (Office 2016), according to Kissel et al. (2015). N = 6 for top area, fresh weight, EC and proteomics analysis. For ion content, N = 4.



RESULTS

Physiological Phenotyping Toward NaCl Effects

The initial and final EC (ECi and ECf) for the control soil were 1 dS cm-1 and 1.3 dS cm-1, respectively (Figure 1). For saline soil, the values were ECi = 9.8 dS cm-1 and ECf = 7.4 dS cm-1. The EC of saline soil showed a significant difference in the median, with a slight decrease from the initial to the final EC.
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FIGURE 1. Electric conductivity (EC) of the soil mix with addition of NaCl or not (control). The EC was calculated by soil water suspensions (SWSs), with 1:5 soil to water ratio (EC1:5) and the values were converted using a regression equation, with the final EC in dS m-1 at 25°C. Soil samples were measured at the beginning (ECinicial) and at the end (ECfinal) of the experiment. Means followed by the same letter did not differ according to the LSD test (p ≤ 0.05). N = 6.



Physiological phenotyping of the four maize genotypes was performed not only to secure a link between agronomical effects of the salt stress and cellular phenotyping, but also to determine a specific time for sample collection. Therefore, seedlings were monitored weekly, by means of top images (Supplementary Figure S2). At week 4, destructive samples were taken of the leaves, used for determination of the ion content, and of the roots to perform the proteome analysis. The first significant difference in projected leaf area between salt treated and non-treated plants occurred from the third to the fourth week after sowing (Supplementary Figure S2).

Featured in the ranking quadrant (Figure 2), CML421 plants are situated in the third quadrant, which means that each individual of this genotype, at each treatment, had a lower leaf area than the median of all genotypes in the respective treatment. CML421 is characterized by the lowest growth in both conditions. B73 and CML 451 are represented in the first quadrant, which discriminates for relatively good growth and also displaying good vigor. The average leaf-area difference calculated between control and salt-stressed plants was biggest for genotype CML451 (76%), followed by B73 (70%), CML421 (57%) and CML448 (54%) (Figure 3). Root growth, determined by means of fresh weight at the fourth week (Figure 4) demonstrated a difference between treated and control plants, for all genotypes. Treated plants had significantly smaller roots than the ones not treated with salt and the average leaf-area differences are 39% for B73 and CML421, 46% for CML451 and 56% for CML448.
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FIGURE 2. Quadrant rank of maize genotypes on the fourth week after sowing, according to the total median top area (cm2) for each soil condition. Vertical and horizontal lines discriminate the growth potential of the plants in soil with or without salt, respectively. Dotted lines represent standard error. N = 6.
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FIGURE 3. Top area (cm2) of four maize genotypes treated with NaCl or not (control), at the fourth week after sowing. Means followed by the same letter did not differ according to the LSD test (p < 0.05). N = 6.
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FIGURE 4. Fresh weight (g) of roots of four maize genotypes treated with NaCl or not (control), at the fourth week after sowing. Means followed by the same letter did not differ according to the LSD test (p < 0.05). N = 6.



Ion Content Determination

In the fourth week, sodium (Na+) and chloride (Cl-) showed a significant difference in the interaction of variables genotype and treatment (Figure 5). For the potassium concentration, there was a significant difference between control and treated plants for genotypes CML421 and CML448 (Figure 5).
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FIGURE 5. Sodium and chloride content (mg g-1 dry weight) in leaves of four maize genotypes, at the fourth week after sowing. Plants were grown in control or saline conditions (NaCl). Means followed by the same letter did not differ according to the LSD test (p ≤ 0.05), calculated separately for each ion. N = 4.



There was a remarkable accumulation of both Na+ and Cl- ions in the leaves of genotype CML448 grown in saline conditions, which was the most pronounced among all four genotypes. In average, sodium was 97% higher and chloride, 57%, in the salt treated plants of this genotype. In CML451, the Na+ and Cl- concentrations were not significantly different between the NaCl-stress treatment and the control (Figure 5). Genotypes CML421 and CML448 exhibited a reduction in potassium content in salt treated leaves of 56 and 42%, respectively (Figure 5).

Salt stress negatively affects cell division and elongation of roots (Galvan-ampudia and Testerink, 2011), and monitoring their growth was proven to be an effective physiological marker for salt tolerance (De Azevedo Neto et al., 2004). For instance, the root epidermis plays a role in the perception of salt stress via mechanisms exerted by ABA in preventing root growth into soil sites with stressful levels of NaCl (Geng et al., 2013).

Protein Identification and Responsiveness to Salt Stress

The reference time for proteomics sampling was determined by the physiological phenotyping. Thus, at the fourth week after sowing, the roots were collected and the protein content was investigated. In total, 1,747 proteins were identified (Supplementary Table S1.1), at a FDR of 0% calculated by Scaffold, minimum of one identified peptide and best ion score from 25 upward. From this, 403 were significantly influenced by the stress treatment: 209 proteins were more abundant in the stressed plants, while 194 were more abundant in roots of control plants (p < 0.05) (Supplementary Table S1.2).

A SEA was performed for these 209 and 194 differentially abundant proteins. Enriched proteins with high abundance to salinity had 29 significant shared GO terms, and the category Biological Process (BP), with 19 significant GO terms, is registered in the Supplementary Table S2. Enriched proteins with low abundance toward salt stress had 51 significant GO terms, from which 38 are in BP category (Supplementary Table S2).

For proteins less abundant in salt-stressed plants, the SEA showed that the major activated BPs categories were: (1) ‘cellular process,’ in which proteins are mainly involved in nucleosome assembly, (2) ‘catabolic process’ and (3) ‘cellular metabolic process,’ such as amino acid biosynthetic processes (Supplementary Table S2). As for salinity-activated BPs, the main categorization includes: (1) ‘catabolic process,’ (2) ‘metabolic process,’ where oxidation reduction processes and cellular respiration stood out, (3) ‘response to stress,’ including ‘response to oxidative stress’ and ‘response to water’ and (4) ‘biological regulation’ as ‘cell redox homeostasis’ (Supplementary Table S2).

Effects on class III plant peroxidase (POX) abundances are noteworthy. In total, 34 peroxidases belonging to this class were confidently identified in the roots (Supplementary Table S3), from which seven were highly accumulated in stressed plants (B4FNI0, B4FY83, B6T3V1, B6THU9, C0HHA6, D7LNB3, and B6U6W0) and ten in control (A5H452, A5H8G4, B4FCI9, B6T7B1, K7U159, B1A9R4, B4FRD6, B65IU4, B4FSW5, and Q9ZTS9) (Supplementary Table S3). A compilation of all 34 class III peroxidases with their respective paralog genes, as well as their responsible gene location on the maize genome, are in the Supplementary Table S3. The class III peroxidase genes found in this work are spread throughout the 10 chromosomes (chr), except chr4 and chr9. In total, 136 paralog genes were related to the class III peroxidases and a network of paralogs and proteins was created using Cytoscape (Figure 6). This network aggregated class III peroxidases according to their shared connections of paralogs, forming eight groups and one lone protein (K7UG68). From these, six groups gathered two or more proteins, and within three of them, class III peroxidases presented divergence in correlation to salt stress, groups 3, 4, and 5 (Figure 6). To better understand this big family and to be able to interpret the abundance divergence of proteins even within the same group (Figure 6), promoter analysis was conducted, comparing the sequences of those clusters. We focused on stress-related promoter elements present in genes of the peroxidases positively induced by salt stress. For group 4, the most significant motifs are MBS, which constitutes an MYB binding site involved in drought-inducibility, and TC-rich repeats, a cis-acting element involved in defense and stress responsiveness (Table 1). In group 5, are present promoters ABRE (ABA responsive elements), which is a cis-acting element involved in the ABA responsiveness, DRECRTCOREAT (dehydration-responsive element/C-repeat), the core motif of DRE/CRT, and DRE2COREZMRAB17, a “DRE2” core found in maize rab17 gene promoter. Interestingly, in group 5 the promoter DRE2COREZMRAB17 is present exclusively in genes of salt stress positively induced class III peroxidase (B4FY83) (Table 1).
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FIGURE 6. Cytoscape network relating class III peroxidase proteins and paralog genes. Proteins represented by purple triangles were positively correlated to salt stress, in all maize genotypes. Proteins represented by purple down arrows were negatively correlated to salt stress, for all maize genotypes Triangles and arrows in other colors than purple represents the class III peroxidases specifically differentiated to one genotype, being: colored red represents genotype CML421, green, genotype CML448 and orange, genotype CML451. Purple circles represent proteins that showed no difference in the relative abundance between control and treated plants. Clusters 1 and 2 gather proteins with no divergence in correlation to stress, while 3, 4, and 5, are groups that contain proteins negatively and positively correlated to stress. The paralog genes are displayed as a “P” plus a reference number, and their complete accession number can be found in Supplementary Table S3.



Proteins Differently Abundant in Response to Salt Stress, According to Genotype

Regarding the variability among the genotypes, 84 proteins were found to be significantly different: 52 in CML421 plants; 13 to CML451; 6 to CML448; and 5 to B73 (Table 2). Uncharacterized proteins were searched via BlastP tool option from Gramene2, in which the sequences data were searched against Zea mays protein database.

TABLE 1. Promoter region analysis of genes expressing class III peroxidases that belong to the same paralogs cluster (Figure 6) and presented different relative abundance toward salt stress.
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TABLE 2. Significant proteins differentially abundant to each maize genotype, in response to salt stress.
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From the 52 proteins differently accumulated in the slow growing genotype CML421, 34 were found to be highly abundant in response to salt stress and 18 lower abundant (Table 2). Salt stress abundant proteins for genotype CML421 are indicators of the stress impact, such as reactive oxygen species (ROS), heat shock proteins (A0A096R6Z8, A0A096RB11, and C0PLX5) and one dehydrin RAB17 protein (A3KLI1) (Table 2 and Figure 7).
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FIGURE 7. Variability plots of proteins selected by their genotype specificity and abundance toward salt stress. Relative abundance was calculated for the four maize genotypes, treated or not (control) with NaCl, at the fourth week after sowing.



Genotype CML448 presented a heat-shock protein (HSP) 90-2 (A0A096RTH6), as possible evidence for the stress in salt-exposed plants (Table 2). One class III peroxidase (K7U159) was especially abundant in control plants of this genotype (Table 2).

Genotype CML451 presented a higher abundance of proteins involved in gene and protein regulation in treated plants (Table 2). Obviously, they are also found in other genotypes, but the relative abundance was the highest for CML451 in saline soil. Other possible salt-related response proteins had higher abundance in the control compared with salt-treated plants for this genotype, the 14-3-3-like protein (Figure 7).

Five class III peroxidases reacted specifically to CML421 toward salt stress: C0P3T3, B4FH68, and C0PF45 were lower in salt-stressed plants, and B6U6W0 and D7NLB3 were more abundant (Figure 7). Other specific peroxidases that reacted negatively to salt stress were K7U159 in plants of genotype CML448 and B4FRD6, in CML451.



DISCUSSION

Growth Impact Caused by Salt Stress

The roots are the plant organs that first encounter salt in a saline environment. From there, signals that communicate the onset of salt stress spread systemically toward cells and organs that may be able to respond and anticipate. However, when the roots are hidden under the soil, the outcomes caused by salt stress are revealed to us in the aerial portion of the plant. In this work, the monitoring of the physiological changes through images proportioned us a dynamic phenotyping, which led to the ranking of four maize genotypes regarding differing salt stress tolerance (Figure 2).

It is broadly known that salinity slows down leaf growth rates, either by transient osmotic imbalance on the cells, reduction of the cell elongation and division (Fricke and Peters, 2002) and/or cell wall stiffening (Geilfus et al., 2017). The slower growth of shoots was confirmed in our results (Figure 3 and Supplementary Figure S2). Although the stressed plants accumulated high amounts of ions in their leaves, they were still able to grow (Figure 3).

The growth limitation of plants in osmotic and ionic stress can be caused by an energy shortage due to a photosynthesis reduction or energy relocation into defense mechanisms (Munns and Gilliham, 2015). The growth maintenance, even if decelerated, requires sources of energy and thus, an increase in respiration can be induced in such circumstances (Zorrilla-fontanes et al., 2016). In our work, the salt treatment affected all genotypes and their root growth was significantly slower in comparison to control plants (Figure 4). Concomitantly, the same stressed plants presented a higher activation of processes involved in homeostasis regulation, response to oxidative stress, response to water stress and cellular respiration. The pathways involved in cell division and biosynthetic processes were slowed down (Supplementary Table S2). Therefore, we reinforce the hypothesis of an increased energy demand related to stress and the subsequent enhanced respiration rates.

LEA Proteins as Markers of Salt Stress

We identified five different proteins belonging to the Late embryogenesis abundant proteins (LEA proteins) (B4F9K0, A3KLI0, A3KLI1, B7U627, and C4J477), in response to salinity (Supplementary Table S1.2). Those play a role in acclimatization to stresses related to dehydration (Hong-Bo et al., 2005). LEA proteins were found to be produced during dehydration and they are predicted to protect structures and molecules. In this way, they can contribute to coping with drought and salt stress in different plant species (Chen et al., 2002; Saavedra et al., 2006; Brini et al., 2007). Considering their function, they were suggested as excellent molecular markers for water stress (Hanin et al., 2011). Whether they are effective markers for drought tolerance is another issue.

Antioxidative Responses

Gene ontology enrichment ‘response to oxidative stress’ and ‘cell redox homeostasis’ for proteins highly abundant in salt stress gathered several ROS scavenger proteins: class III peroxidases (B6T3V1, B4FNI0, B6THU9, C0HHA6, B4FY83), APx1-cytosolic ascorbate peroxidases (B6U9S6, B6UB73), glutathione peroxidase (Q6JAH6), APx4-peroxisomal ascorbate peroxidase (B4FA06), protein disulfide isomerase (Q5EUE1, Q5EUD6, A5A5E7), Grx_C2.2-glutaredoxin subgroup I (B4FXZ3), thioredoxin h1 protein (Q4W1F7), and peroxiredoxin-5 (B6THT0). Those antioxidants are efficient fighters of ROS found in response to different environmental stresses, including salinity (Sharma et al., 2012). Sairam et al. (2002), working with wheat, demonstrated that their salt tolerant genotype had a lower decrease in biomass and grain yield, allied with a higher antioxidant activity when grown in saline conditions. Thus, the activity of such detoxifying proteins is one of the mechanisms encountered in salt stressed plants contributing to their acclimation in that environment.

Class III Plants Peroxidase

Class III peroxidases are enzymes secreted into the apoplast, where they oxidize (take electrons from donor molecules) phenolics, lignin precursors or other secondary metabolites. They also oxidize the growth hormone auxin, as well as other substrates (Gaspar et al., 1982) and produce hydrogen peroxide (Blee et al., 2001) and hydroxyl radicals (Chen and Schopfer, 1999), two activated oxygen species involved in oxidative burst and in cell elongation. It is a multigenic complex family (Hiraga, 2001), with roles in several plant developmental processes, including regulation of cell elongation, cell wall construction and defense against pathogens (Mika et al., 2004; Passardi et al., 2004a). Cell wall stiffening is controlled by the cross-linkage of the peroxidase with compounds of the wall, such as extensin, lignin subunits and phenol molecules of the suberin constitution (Passardi et al., 2004b). Class III peroxidases can be induced by environmental stresses, participating direct- or indirectly of the plants responses (Cosio and Dunand, 2009).

Maize has 158 class III peroxidases (Koua et al., 2009). The complexity of diverse physiological roles and the number of genes suggests that each enzyme isoform went through a functional specialization (Cosio and Dunand, 2009). In this work, we present 34 class III peroxidases expressed in the roots, with peroxidases positively (B4FNI0, B4FY83, B6T3V1 B6THU9, C0HHA6, D7LNB3, and B6U6W0) and negatively (A5H452, A5H8G4, B4FCI9, B6T7B1, K7U159, B1A9R4, B4FRD6, B65IU4, B4FSW5, and Q9ZTS9) correlated to salt stress (Supplementary Table S1.2 and Figure 6). The function of those class III peroxidases negatively correlated to salt stress isoforms is predicted to be involved in cellular growth and elongation. The peroxidase isoforms positively correlated to stress, may be acting in the acclimation to salinity, e.g., helping in stiffening the root cell wall. This could be relevant to prevent root growth toward salinized soil sites.

The 34 class III peroxidases identified belong to a group of 136 paralog genes connections, forming eight groups (Figure 6). Despite it is expected that closely related paralog groups have similar expression patterns and functionality (Du et al., 2012), we detected divergent abundance patterns within three clusters (Figure 6). By analyzing the promoters of divergent groups, we found that the MBS and TC-rich repeats motifs are in different positions and strands for the proteins of group 4 (Table 1). This difference in the promoter region might be a factor leading to a differential expression of these genes. In group 5 (Table 1), the ABRE and DRECRTCOREAT motifs were predicted. They are located in different positions and strands of the promoter regions. Remarkably, the motif DRE2COREZMRAB17 is present only in the promoter region of a gene expressing positively a peroxidase (B4FY83) to salt stress. This C-repeat/DRE motif is involved in dehydration and salinity stress processes, and it is participative of ABA induction in maize (Kizis, 2002). The presence of this motif in the promoter region of the salt-induced peroxidase B4FY83 might explain its higher relative abundance.

Genotype-Specific Reactions

We can say that despite that all genotypes started in similar conditions, they did not have the same salt-acclimatization level nor the same stress level, evidenced by the differential ion concentration in leaves (Figure 5), and the different leaf area and root FW produced under stress conditions (Figures 2, 4). Under stress, genotype CML448 showed a similar growth while it accumulated significantly more Na+ and Cl- ions (Figure 5). This indicates that CML448 tolerates higher amounts in its leaves and might have mechanisms for the partitioning of those ions away from the cytosol or away from the primary site of the photosynthesis and growing tissues.

Proteins APx1 cytosolic ascorbate peroxidase (B6U9S6), catalase (K7U935), RAB17 protein (A3KLI1), and glutathione S-transferase IV (B6SZY7) were found as a response to salinity in all genotypes, but for CML421 they were present in a higher abundance (Figure 7). Besides that, three HSPs (A0A096R6Z8, A0A096RB11, and C0PLX5) were also found in higher abundance in salt-stressed plants of this genotype (Table 1). HSPs have the important role of protein folding, assembly and translocation in plants under optimal and stress conditions. Their specific major function during abiotic stress includes aggregation prevention and stabilization of non-native proteins, as well as the following of signaling processes leading to the synthesis of stress-response proteins (Wang et al., 2004). Vanhove et al. (2015) identified a specific osmotic responsive HSP70 isoform, evidencing that the behavior of paralogs are not always similar toward a stress condition. Thus, for genotype CML421, the strongest response to ROS and dehydration, is displayed by the slowest growth under stress, and might indicate a higher stress level (Figure 2).

14-3-3-like protein (B6U284) was remarkably lower abundant in salt-stressed plants of genotype CML451 (Figure 7). This protein family is known for its role in controlling K+ channels (Van Den Wijngaard et al., 2005). It is also a key activator of H+-ATPase activity (Fuglsang et al., 1999). We make a link between the lowest abundance of a 14-3-3-like protein (B6U284) in the roots of genotype CML451 and its remarkable low Na+ concentration and no alteration of potassium content in leaves of salt stressed plants (Figure 5). However, despite the fact that this genotype was able to avoid accumulating toxic ion contents in its leaves, this behavior has not translated into superior growth under stress (Figure 3).

Two ribosomal proteins were more abundant in response to salinity in plants of genotype CML451 (B6T267 and B6T2K5) (Figure 7). Abundance changes of proteins involved in protein synthesis have been reported in response to salt stress, including ribosomal proteins (Zörb et al., 2004; Pang et al., 2010; Omidbakhshfard et al., 2012). The role for ribosomal protein synthesis during periods of abiotic stress would be to maintain and regenerate plant protein synthesis mechanisms (Zörb et al., 2004). Under stress conditions, proteins assume important functions that confer enhanced tolerance to the plants, such as antioxidative activity, LEA proteins in osmotic adjustment, ion transporters, among several others (Kosová et al., 2013). Thus, the increased capacity to produce new proteins is directly related to the capacity to overcome salinity effects. Furthermore, Li et al. (2015) demonstrated that the regulation of vacuolar trafficking is likely to involve ribosomal proteins. As genotype CML451 presented the lowest leaf ion accumulation in salt treated plants (Figure 5), we speculate that they were compartmentalized in roots vacuoles, a strategic salt tolerance mechanism (Munns and Gilliham, 2015).

Three class III peroxidases (B4FH68, C0P3T3, and C0PF45) were significantly more abundant in genotype CML421 (Figure 7). They belong to three different subfamilies of the maize class III peroxidases (Figure 6). Cosio et al. (2008) demonstrated a negative regulation of a courgette class III peroxidase toward auxin, which led to growth suspension of the hypocotyl. Thus, the higher abundance of these three peroxidases in genotype CML421 may explain the slow general growth of this genotype (Figures 4, 6).



CONCLUSION

This work has shown that phenotyping offers a relevant strategy to determine a good timing to conduct proteomics analyses that help elucidate stress-responses. The study also demonstrates that phenotyping is also very useful for characterizing geno- and phenotype-specific stress-responses. Salinity is a complex form of stress, and tolerance is a multigenic trait, with several origins and levels. Tolerance is also a complex concept that is difficult to define.

Despite this challenging context for such stress-response studies, the work has revealed significant genotype-specific stress responses in maize, and also some elements of the underlying stress-response mechanisms. In this study, genotype CML448 tolerated the highest ion content in its leaves whilst still able to grow, suggesting some level of stress tolerance. However, CML 448 also displayed reduced vigor under control conditions. Genotype CML451 avoided accumulation of ions in its shoots and displayed relatively strong vigor. Lower concentrations of a potentially channel-regulating protein and a higher abundance of proteins acting in protein synthesis and possible ion compartmentation were recorded in CML 451. This might explain the low-ion accumulation phenotype. Genotype CML 421 is the worst performing, since it displayed low vigor. The CML 421 genotype stress-specific proteins are related to the anti-oxidative system and responses associated with dehydration. These proteins indicate that this genotype was more stressed despite all genotypes being exposed to the same saline conditions. A rigid classification of the genotypes as salt-tolerant is not possible and needs to be considered for each agro-ecological target area. Therefore, we ranked all genotypes according to their growth under both control and stressed conditions so that the general vigor can be determined. Further analyses are needed to elucidate hidden links of salt tolerance and acclimatization mechanisms.
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To address the lack of a truly portable, universal reference mapping population for perennial ryegrass, we have been developing a recombinant inbred line (RIL) mapping population of perennial ryegrass derived via single seed descent from a well-characterized F2 mapping population based on genetically distinct inbred parents in which the natural self-incompatibility (SI) system of perennial ryegrass has been overcome. We examined whether it is possible to create a genotyping by sequencing (GBS) based genetic linkage map in a small population of the F6 generation of this population. We used 41 F6 genotypes for GBS with PstI/MspI-based libraries. We successfully developed a genetic linkage map comprising 6074 SNP markers, placing a further 22080 presence and absence variation (PAV) markers on the map. We examined the resulting genetic map for general and RIL specific features. Overall segregation distortion levels were similar to those experienced in the F2 generation, but segregation distortion was reduced on linkage group 6 and increased on linkage group 7. Residual heterozygosity in the F6 generation was observed at a level of 5.4%. There was a high proportion of chromosomes (30%) exhibiting the intact haplotype of the original inbred parents of the F1 genotype from which the population is derived, pointing to a tendency for chromosomes to assort without recombining. This could affect the applicability of these lines and might make them more suitable for situations where repressed recombination is an advantage. Inter- and intra-chromosomal linkage disequilibrium (LD) analysis suggested that the map order was robust. We conclude that this RIL population, and subsequent F7 and F8 generations will be useful for genetic analysis and phenotyping of agronomic and biological important traits in perennial ryegrass.

Keywords: perennial ryegrass, Lolium perenne, recombinant inbred lines (RIL), genotyping by sequencing, mapping population, phenotyping


INTRODUCTION

Genetic linkage mapping in segregating populations is one of the classic approaches to gain insights into the genetic control of key characteristics in a species, and can also form the basis of molecular marker-assisted selection in plant breeding. In perennial ryegrass, over the previous two decades, numerous genetic linkage mapping studies have been carried out, with a host of different mortal populations used to map a range of quantitative traits (summarized in a QTL meta-analysis by Shinozuka et al., 2012).

To date mapping populations in perennial ryegrass have all been temporary population types, such as F1 populations – generated from a cross between two parental genotypes of contrasting characters, F2 populations -obtained by self-pollination of the F1, and BC populations -where the F1 individual is crossed with one of the parents of the F1 (Bert et al., 1999; Armstead et al., 2002; Jensen et al., 2005; Muylle et al., 2005; Anhalt et al., 2008) These populations due to the allogamous species character and by being highly heterozygous cannot be propagated indefinitely and easily distributed through seed. DNA samples from the populations are rarely available, and many characters of interest have remained unscored.

Seed propagated, immortalized populations for perennial ryegrass would be very useful for trait dissection. The commonly used immortalized mapping population types include RILs (produced by self-pollinating the F2 individuals to a certain number of generations), and doubled haploid (DH) populations (produced by artificially doubling the chromosomes of the haploid material). DH populations are less time consuming to generate but require well established protocols to work for particular species. Generation of RILs is time, labor and cost intensive. However, in addition to immortalization, RILs offer an advantage in that the additional number of recombination events experienced per genotype during recurrent rounds of self-pollination/inbreeding required to produce them increases the resolving power of the resulting mapping populations and allows fine mapping of QTL with fewer individuals (Takuno et al., 2012). Genetic maps using RIL populations have been generated for numerous different species including minor cereals like pearl millet (Rajaram et al., 2013) and oat (Huang et al., 2014). In addition to increasing the genetic map resolution for detecting QTLs, RILs are fixed and thereby provide an immortalized reference mapping population which can be genotyped once and can be phenotyped multiple times for different traits under different environments.

Perennial ryegrass is an obligate outbreeder and has a genetically determined self-incompatibility system (SI) (Thorogood et al., 2002). The Irish perennial ryegrass breeding program of Teagasc has developed germplasm in which the self-incompatibility system has been broken down and two inbred lines from this material were used to generate the ‘F2 Biomass mapping population’ that has been the basis of several genetic mapping studies phenotyping traits like SI, non-polar metabolites, crown rust resistance and biomass yield (Anhalt et al., 2008, 2009; Tomaszewski et al., 2010, 2012; Foito et al., 2015). Most recently, the population was used to develop a high density, single nucleotide polymorphism (SNP)-based map based on genotyping by sequencing (GBS) in which reads were aligned to a reference assembly generated by Illumina shotgun sequencing of the paternal grandparent (Velmurugan et al., 2016).

This ‘F2 Biomass mapping population’ based on ‘cv S24’ by ‘cv Premo’ parental origins has also been used as the starting point for the production of a RIL population via single seed descent, with the ultimate goal of producing a immortalized reference mapping population which could be shared across different research groups. A small collection from the F6 generation of RILs was used to construct a genetic linkage map using a similar GBS-based approach as adopted in Velmurugan et al. (2016) to (1) investigate the genomic and genetic constitution of the RILs in terms of features such as recombination rate, (2) the level of heterozygosity, (3) chromosomal blocks inherited by identity by descent, (4) genome wide linkage disequilibrium (LD) patterns, and (5) segregation distortion.



MATERIALS AND METHODS

Plant Material

A set of 41 individuals from the F6 generation of an ongoing initiative at Teagasc to construct a RIL population for perennial ryegrass was used in this study. The lines were produced by single seed descent from individuals of the F2 Biomass population (Anhalt et al., 2008, 2009; Tomaszewski et al., 2012).

Both parents of the F1 generation were inbred lines that were a by-product from the development of cytoplasmic male sterile lines (CMS) and were the maintainer lines of this CMS program (Connolly and Wright-Turner, 1984). These maintainer lines were self-pollinated (S) for up to seven generations. The distinct germplasm pools from which these maintainer lines were developed were the cultivars ‘S24’ (IGER, Wales/United Kingdom) in the case of the maternal inbred parent, and ‘Premo’ (Mommersteeg International BV, Netherlands) in the case of the paternal inbred parent.

The maternal parent was emasculated under a binocular microscope and stigmas were pollinated with pollen from the paternal plant. Pollinated florets were bagged in cellophane bags and individual F1 seed was harvested. F1 seed was planted and a single F1 plant selected for self-pollination. This F1 plant was vegetatively multiplied to produce multiple clones, and the clones of this F1 plant were self-pollinated by applying cellophane pollination bags prior to ear emergence. Bags were shaken twice daily to ensure a good propagation of the pollen cloud for the self-pollination. The resulting F2 seed was harvested, planted and over 300 independent lines were grown up. Each individual of this F2 population was self-pollinated as previously described. Seeds were harvested from each independent F2 plant and the F3 seed was cleaned for each of the individual F3 bulks. F3 seed were then sown and one single plant of each family was selected for self-pollination in the following cycle of single seed descent multiplication (Figure 1). All other independent seed lines from the same family were discarded. Chosen individuals from each family for each generation were selected to be non-albino or non-variegated and not too dwarf to ensure that it was still possible to obtain seed yield from these plants. According to this procedure, independent recombinant inbred lines (RILs) were generated to generation 6. Seed yield was recorded from the F3 to the F6 lines.
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FIGURE 1. Distribution of genotype classes (x-axis) according the number of seeds (y-axis) for F4 generation seed data, harvest year 2007.



GBS Libraries Construction

The GBS libraries were constructed with the two enzyme approach (Poland et al., 2012). The genomic DNA was co-digested with restriction enzymes PstI (CTGCAG) and MspI (CCGG) and the barcode adaptors (Supplementary Table 1) varying in length from 4 to 8 base pairs (bp) were then ligated to the individual samples and polymerase chain reaction-amplified. Several genotypes had more than one GBS library produced (Supplementary Table 1). GBS libraries with insert sizes of 100–300 bp were sequenced on a single sequencing lane of Illumina HiSeq 2000 for 100 bp paired end reads.

Variant Calling Pipeline

Illumina’s CASAVA software (Hosseini et al., 2010) was used for de-multiplexing the samples. To remove the low quality bases at the end, the de-multiplexed reads were trimmed to 66 bp (for phred score value of greater than 20) using fastx_trimmer (Catchen et al., 2013). The trimmed reads were then aligned to the Lolium gene space reference assembly consisting of 424,750 scaffolds (Velmurugan et al., 2016) using the Bowtie alignment program (Langmead et al., 2009). The accepted alignment parameters include (i) allowing two mismatches (-v 3) between the reference and the individual sample (ii) suppressing alignments for reads mapping to more than one position in the genome (-m 1). The alignment results were produced in SAM format and SAMtools-0.1.18 (Li et al., 2009) was used to post process the alignment files (converting SAM to BAM, sorting, indexing) and SAMtools mpileup command was used to create a consensus mpileup file. From the consensus mpileup file, the SNP variants were called using VarScan.v2.2.11 (Koboldt et al., 2009) with the default settings (minimum read depth of 8; minimum average phred quality of 20, variant allele frequency of 0.2 and minimum average quality of 20).

From the variant calling results obtained using VarScan.v2.2.11, SNP filtering was performed using a custom awk script to extract markers that could be used for genetic mapping purposes. This was done by applying two filters (i) excluding obvious monomorphic markers (by filtering the markers for presence of either parental allele or for both alleles) and (ii) excluding markers with missing data (>35%).

A single merged bam file generated by using the SAMtools merge command from all the individual alignment files was used to identify presence/absence variants (PAVs). First, the merged bam file was converted to SAM format and then a simple two-step filtering approach as described in Velmurugan et al. (2016) was used to identify potential PAVs. The paired end sequencing provided additional read depth coverage at a position to call PAVs. Reads that were mapped on both the strands (SAMtools flag 99 pairing with 147; 83 pairing with 163) were used for the read depth count. The third (RNAME: reference sequence name) and fourth (POS: 1-based leftmost mapping position) field in the alignment file was used in conjunction to estimate the unique positions in the genome that has alignments. Data were then filtered for a 1:1 ratio and to allow segregation distortion, ±20% was included on either side of the expected segregation ratio, and possession of an average read depth of 8 at each position in the genome for individuals exhibiting alignments.

Genetic Linkage Map Construction

After filtering the SNP and PA markers using the above mentioned filters, the SNP and PA markers were carried forward for constructing a genetic linkage map. The map construction strategy described in Velmurugan et al. (2016) was applied for this dataset.

The markers were first separated into linkage groups using R/qtl (Broman et al., 2003). Then JoinMap4.1 (Van Ooijen, 2011) was used for further map calculations. R/qtl was used instead of Joinmap 4.1 initially because of the large number of markers involved. The computational time of grouping the markers into linkage groups in R/qtl is quite short compared to using JoinMap4.1 for this step of the analysis.

The SNP markers were genotype coded as F2 population type and imported into R/qtl using read.cross() function. The est.rf() function was used to estimate the pairwise recombinant fractions between the markers and formLinkageGroups() function was used for grouping the markers into linkage groups. The scaffold names anchored with the genetic markers in the F2 population (Velmurugan et al., 2016) was used for assigning the linkage groups to chromosomes in the F6 RIL population since the same reference genome was used in both studies.

After the markers were assigned to the respective chromosome, the marker genotype data from each linkage group was exported from R/qtl using write.cross() function. Then for each chromosome, a JoinMap 4.1 locus genotype file coded as RIL population type was created. The locus genotype files created for each chromosome were loaded into JoinMap 4.1 and analyzed further for map calculations.

The default Joinmap 4.1 calculation options for the pairwise distance measures were adopted and markers were grouped using independence logarithm of odds (LOD) function. The markers that grouped at a LOD range of [6–9] were carried forward for further map calculations. The grouping function in JoinMap 4.1 places the redundant loci in bins and only the non-identical loci are carried forward. The initial map order was calculated for this non-redundant dataset using the maximum likelihood map algorithm implemented in JoinMap 4.1.

To deal with map inflation caused by the effect of low levels of genotyping error, we used the GBS error correction tool ‘PLUMAGE v. 2.0’ (Spindel et al., 2013) to correct any singletons. Using this python script, any singletons observed were replaced with missing values and a new JoinMap 4.1 locus genotype file was created from this error corrected dataset for each linkage group. The map order calculated based on this error corrected dataset using the maximum likelihood algorithm of JoinMap 4.1 to create a framework linkage map showed that in individuals retaining large heterozygous blocks, these blocks were interrupted by numerous apparent recombination events at a frequency far higher than would be theoretically possible given the number of meiosis events separating the homozygous grandparental donors and the F6 individuals. To attempt to ameliorate this, the map was recalculated by filtering the data (organized by linkage group) to retain only high stringent genotype calls (where a read depth of less than 20 were scored as missing) for the SNP markers.

The filtered high stringent SNP markers identified from the approach described above were used for constructing the framework genetic map. The same mapping strategy as adopted previously was applied. To place the PAVs on the framework linkage map, a series of shell scripting was performed on the pairwise data file exported from the JoinMap 4.1 analysis based on the recombinant fraction and LOD score values obtained using the framework SNP markers and the PAVs. The PAVs were placed on the framework map by assigning them to the map position of the framework SNP marker to which they exhibit the lowest recombinant fraction (RF) value and the highest LOD score.

Segregation Distortion

To examine segregation distortion, we used the p-values (threshold of <0.05) associated with chi-squares (reported from the locus genotype frequencies results of the maximum likelihood map order of the final framework SNP markers) as an estimate for distortion exported from JoinMap 4.1. To examine the pattern of deviation toward the source alleles (grandpaternal/grandmaternal/heterozygous) along the chromosome, we used the number of genotypes scored for different alleles at each locus column values from the locus genotype frequencies table. The number of distorted framework SNP loci versus non-distorted per chromosome was used as a measure to quantify the overall level of distortion.

RIL Specific Features: Heterozygosity Retention

To examine the level of heterozygosity retention in the F6 generation of RILs, we used the results from the ‘Locus genotype frequencies’ table exported from JoinMap 4.1 analysis. The percentage of heterozygosity per locus was obtained by dividing the number of genotypes that exhibit heterozygous alleles at each locus by the total number of individuals used in the study. This number was averaged across all the chromosomes to obtain the average heterozygosity per locus value for the F6 generation of RILs.

To examine the chromosomal segments derived by lineal descent, we used the genotype data of the common SNP markers between both the F2 and F6 maps (before error correction). The graphical genotypes of the loci were then ordered by the F2 map position to identify the segments derived by lineal descent from the F2 to the F6.

RIL Specific Features: Crossover Frequency

The graphical genotypes of the final maximum likelihood map were used to count the recombination blocks observed per chromosome for the individuals present in the map: We used the map order information obtained from JoinMap, used conditional formatting in excel to color code the different alleles (a, h, b). The sum of these blocks across all the chromosomes was manually counted and were used as an estimate for total number of recombination events observed per individual. To avoid counting possible genotype errors as recombination events, the following rule was applied: a block of genotypes was considered a recombination event only when it was followed by at least three genotype calls.

The calculation used for estimating the expected total number of recombination counts per individual is as follows. In RILs, recombination occurs at every generation, but the ability to detect the number of crossovers reduces by half every generation (as it is masked by the increased accumulation of parental segments in each generation).

We used two calculations to get a theoretical expectation of the observable number of recombination events per individual for the F2 and the F6 generation. In the first instance we assumed one crossover per chromosome arm per meiosis. For perennial ryegrass at F1 generation there would be 14 crossovers observed per individual. As the observable number of crossovers reduces by half at each generation, there would be seven observable crossovers at F2, 3.50 at F3, 1.75 at F4, 0.87 at F5, and 0.43 at F6. By summing up the number of observable number of crossovers to the generation under interest gives the expected observable number of recombination events per individual for that generation, which is 21.0 and 27.5, respectively, for the F2 and the F6 generation. In an alternative method, based on that described in Dell’Acqua et al. (2015), we assumed a base genetic map length of 10 Morgan (1000 cM) for perennial ryegrass, equating to 10 recombination events per generation. Using this approach the expected number of recombination events was lower: 15.75 in the F2 generation and 21 in F6. We compared these values with the observed number of recombination events from the graphical genotypes results.

Assessment of RILs Measured in Terms of Linkage Disequilibrium (LD)

To estimate the degree of LD across all the framework SNP markers on the map, we used the LD measure r2 calculated as the squared allele-frequency correlations using the TASSEL 5.0 bioinformatics analysis package (Bradbury et al., 2007). The LD plot function within TASSEL 5.0 was used to generate the heat map for LD. The pairwise recombinant fractions measured using est.rf function from R/qtl estimated for all pairs of framework SNP markers was used as a measure for recombinant fractions. PlotRF function was used to create a heat map for the estimated recombinant fractions and the LOD scores. These heat maps were used to visualize inter and intra chromosomal marker association.



RESULTS

RILs Developed Across Generations and Years

Between 2005 and 2011 hundreds of RILs in varying numbers across the F3 to the F7 generation have been developed (Table 1).

TABLE 1. Number of RIL genotypes developed 2006–2011 (For the same generation the number of RILs was increased by repeating the selfings in consecutive years 2007–2011).

[image: image]

In 2006 for the F3 generation 311 plants grew and the average of the number of seeds was 154. For the same generation the number of RILs was increased by repeating the selfings in 2007–2011. Genotypes were broken down in seed yielding classes of blocks of 20 genotypes to visualize seed yield. In the F4 generation in the 2007 harvest an average of 37 seeds from 310 individual genotypes was obtained. A minority of genotypes had greater than 160 seed (Figure 1).

In the F4 generation, as in the F3, very few RIL families had higher seed yield compared to other families, and this trend was also seen in the F5 and F6 generations. In the F5 generation with 2008 seed we had a total of 222 individuals with an average of 24 seed (Figure 2). For the F6 generation in 2011 we had 115 individual genotypes and the average number of seed was six.


[image: image]

FIGURE 2. Distribution of genotypes into classes of 20 (x-axis) according the number of seeds (y-axis) for F6 generation seed harvested in 2011.



A SNP-Based Map of the F6 Perennial Ryegrass RIL Population

From a total of over 225 million reads, after alignment and filtering 6,072 high confidence SNPs were used to create the framework genetic linkage map. This represented 3,206 non-redundant loci on a total map length of 1,051.8cM (Figure 3). The filtering criteria utilized to identify the final set of high confidence SNPs is outlined in Supplementary Data File 2. A key step in the filtering process was to rely only on SNPs supported by a read depth of greater >20 in order reliably identify heterozygous genotypes. At lower read depths the map comprised large homozygous blocks interrupted by small heterozygous blocks at a higher than expected frequency. Utilizing the stringent read depth filtering criterion, we observed that heterozygous blocks became more coherent (Figure 4) suggesting lower confidence genotype calls due to lower read depth in previous versions of the map lacking this filtering step.


[image: image]

FIGURE 3. Genetic map of the 3,206 framework SNP markers ordered by map position for seven linkage groups. Each bar represents a linkage group and the line across the bars represents the map position of the SNP marker. The scale on the left represents the map position in centimorgans (cM).
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FIGURE 4. Graphical genotypes of the F6 framework SNP map. The x-axis represents the error corrected genotype calls of the 41 RIL individuals and the y-axis consist of markers ordered by chromosomal map position based on the final maximum likelihood map order of the framework SNP markers. The colors ‘pink’ represent homozygous alleles from the maternal parent, ‘blue’ represent homozygous alleles from paternal parent, ‘yellow’ as heterozygous alleles and gray as missing data. The numbers below each linkage group represents if the individual chromosome is non-recombinant/recombinant. Number 1 (color coded as yellow green) – indicates non-recombinant for maternal allele, 2 (color coded as green) – indicates non-recombinant for paternal allele and 0 (color coded as red) – indicates recombinant.



Presence–absence variants (PAVs) were placed on this framework map according to the method of Velmurugan et al. (2016). From the merged alignment SAM file, there were 479,748 independent alignment start positions. 39,244 segregating PAVs were identified and placed on the framework map. At a recombination fraction (RF) vs. LOD score threshold of 0.2/11-12, out of the total 39,244 PAVs identified, 22,080 resolved into independent seven linkage groups and were placed in bins defined by the 3206 framework SNP markers (Table 2). In total, 28,152 markers (22,080 PAVs and 6,072 SNPs) were placed on the final map representing 8,098 scaffolds in the assembly anchoring 294,918,024 bases (27%) of the total assembly (Supplementary Data File 2). Of the 8,098 scaffolds, 1,389 scaffolds (47,803,873 bp) had only SNP markers on them, 5,432 scaffolds (176,508,169 bp) had only PAV markers on them and 1,277 scaffolds (70,605,982) had both the SNP and PAV marker on them. Sequencing raw data have been submitted to NCBI Short Read Archive (SRA1) under project number SRP139320.

TABLE 2. Summary of the genetic map in terms of number of markers, marker type and genetic distance.
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Investigating the Robustness of the F6 Map

In order to investigate the robustness of the F6 map, we compared it to the SNP-based map of the F2 Biomass population (Velmurugan et al., 2016) from which the F6 population is derived, and also examined the presence of LD between and within linkage groups.

In general, higher quality maps should exhibit relatively little intra- and inter-chromosomal LD unless there are specific selective forces causing this to be the case. We used the approach adopted by Rabbi et al. (2014) in the construction of ultra-high density map in cassava using the LD statistic r2 between all pairs of markers on the map as a measure to examine the extent of potentially spurious linkage between markers both between and within chromosomes. In plotted heat maps of all seven chromosomes comparing both pairwise r2 values from TASSEL, and also pairwise recombination fraction and LOD values from the mapping analysis in R/qtl a low level of off-diagonal association between marker pairs was found, indicating a generally robust marker order on the linkage map (Figure 5).
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FIGURE 5. Heat map at the top represents linkage disequilibrium plot – pairwise r2 values (both upper-left and lower right triangle) measured using TASSEL 5.0 for all pairs of 3,206 framework SNP markers. The color scale ranges from white (no LD) to red (high LD). The heat map at the bottom represents plot of estimated recombination fractions (upper-left triangle) and LOD scores (lower-right triangle) for all pairs of markers. Red indicates linked (large LOD score or small recombination fraction) and blue indicates not linked (small LOD score or large recombination fraction). The number on the top and to the left of the heat map represents the linkage group.



Intergenerational Changes in the Distribution of Segregation Distortion During RIL Development

Out of the 3,206 non-redundant framework SNP markers 955 (30%) departed from the Mendelian segregation ratio of 1:1 (p-value < 0.05). This overall figure for the level of SD in terms of non-redundant framework SNP markers was effectively the same, dropping very slightly from 33% in the F2 Biomass population (Velmurugan et al., 2016) to 30% in the F6.

However, on a per chromosome basis, a striking difference in terms of total percentage of framework distorted loci was observed for linkage group 6 (dropped from 96% in the F2 to 8% in the F6) and for linkage group 7 (increased from 15% in the F2 to 54% in the F6). Thus, linkage group 6 went from being the most distorted in the F2 to the least distorted in the F6, whilst the opposite was true for linkage group 7. Other changes were more minor – approximately 16% decrease in the total percentage of the distorted loci was observed for linkage groups 1 and 3, ∼12% increase for linkage groups 2 and 4, 7% drop for linkage group 5. The alleles associated with the pattern of deviation tend to be toward the maternal alleles in maps for F2 and F6. Figure 6 shows the level of distortion at each locus (with p-values associated with the chi-square results from JoinMap) and the location of the distorted regions along the linkage groups.
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FIGURE 6. Comparing the location of segregation distortion regions along the chromosome in both the F2 and the F6 map. The level of distortion at each loci (p-values associated with the chi-square results from JoinMap 4.1 maximum likelihood final map calculation based on the framework SNP markers) are color scaled from blue (no distortion) to red (significant distortion – p-value ≤ 0.0000001). In the F2 map, the black text on the left bar along the chromosome denotes the position of the markers from the map of Anhalt et al. (2008).



RIL Specific Features: Heterozygosity Retention

The average heterozygosity per locus in the F6 population was 5.4% (ranging between 0 and 18%).

The 41 F6 individuals in the population have been derived by single seed descent from the original F2 Biomass population comprising 325 individuals, originally described by Anhalt et al. (2008). One hundred and sixty-nine of these F2 individuals were used to create the dense SNP-based map, previously described by Velmurugan et al. (2016). Unfortunately, due to material availability at the time of the production of each of the maps, there were only eleven individuals from the current F6 population descending from the portion of the F2 Biomass population used to generate the map in the previous study. For these eleven lines exhibiting lineal descent, we examined the zygosity state of each linkage group of the F6 relative to its ancestral F2 line using the genotype data of the 356 common SNP loci present in both maps. In the majority of cases the state in the F6 was coherent with the state in the F2: the homozygous regions in the F2 were maintained in the F6, while heterozygous regions yielded homozygous regions derived from one of the two grandparental states, or (less frequently) remained heterozygous (Figure 7).
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FIGURE 7. The graphical genotypes of the 356 common SNP loci in the eleven individuals that were common between the F2 and F6 map. The x-axis represents the individuals and the y-axis, the loci ordered by the F2 map position. Of the individual chromosomes, the first bar is from the F2 and the second bar is from the F6. The blue color represents allele from paternal parent (A), pink from maternal parent (B) and yellow (H) represents the heterozygous state.



RIL Specific Features: Crossover Frequency

Another key feature of RILs is the increased map resolution caused by the additional number of recombination events accumulated during continuous self-pollination. We used the graphical genotypes from the final map order results to manually count the number of crossover events and use this as an estimate to examine the number and distribution of the recombination events in the F6 population in comparison to the source F2 population.

In theory, assuming one crossover per chromosome arm per meiosis, the expected number of recombination events per genotype in the F6 generation is 27.5 (based on two chiasma per chromosome pair per meiosis). On average, from the graphical genotype results there were 17 observed recombination events per genotype and the map was based on a total of 705 recombination events (Supplementary Data File 3). This number is lower than expected, and to investigate its source we examined the graphical genotypes to quantify the presence of chromosomes derived from the original inbred parents of the population that had apparently been transmitted intact through the six generations of self-fertilization, and which were present in the homozygous state, precluding any further observable recombination. In the F6 genetic map, these homozygous non-recombinant parentally derived chromosome pairs were observed at a very high rate: out of 287 [41 (RILs) × 7 (chromosome pairs) = 287] chromosome pairs, 88 (31%) were non-recombinant (Figure 4). In the map of the F2 Biomass population 14% of chromosome pairs were in the above homozygous non-recombined state (167 (genotypes) × 7 (chromosome pairs) = 1,169 chromosome pairs, 164 of which were non-recombinant), and this represents the baseline below which the level could not fall. Completely heterozygous chromosome pairs occurred at a rate of 5% in the map of the F2 Biomass population (Supplementary Data Sheet 4). It is apparent that these chromosomes have frequently assorted without recombining over the subsequent rounds of self-fertilization. Similar to the F2, higher number of these non-recombinant chromosome pairs favored the maternal haplotype (52) than the paternal haplotype (36). On average 13 non-recombinant genotypes were observed per linkage group with the highest number seen in chromosome 1, 6 (16) and the least in chromosome 5 (8). There were no instances of completely heterozygous chromosomes in the F6 as opposed to the 5% seen in the F2.



DISCUSSION

Family-based linkage (FBL) studies continue to be extremely important in genetic analysis of perennial ryegrass. In many other systems, there has been a shift toward an increased use of genome wide association (GWAS) approaches for applications such as QTL mapping (Fe et al., 2015). This has been driven by a mixture of the continuously dropping costs associated with saturating genomes with markers, and the precision of GWAS, combined with the fact that the use of diverse germplasm panels allows the discovery of a greater number of QTLs relative to biparentally derived populations. However, the utility of GWAS in perennial ryegrass may be limited by rapid decay of LD in the species. For example Ponting et al. (2007) and Xing et al. (2007) have shown that LD decayed to background levels within 0.5 kb in eleven disease resistance genes among 20 diverse genotypes and between 0.5 and 3 kb in nutritive quality genes among diverse genotypes, respectively. In our own study findings presented here were very comparable to the findings of Ponting et al. (2007) and Xing et al. (2007). More recently, Fe et al. (2015), despite using nearly one million SNP markers on a GWAS panel of 1,000 F2 families, explained only a fraction of the observed variation for heading date in the population. They hypothesized that because LD extended only very short distances, this limited their ability to identify QTLs even with a high marker density.

Family-based linkage studies will continue to be essential in advancing the state of the art in gene discovery and trait dissection in perennial ryegrass as in many other species (Xu et al., 2017). Resources such as RIL populations can play a role in this by providing portable mapping populations that allow experiments to be carried out by multiple research groups, across multiple years, for traits that may have co-ordinated genetic control, although the restriction caused by limited diversity associated with FBL still applies in these cases.

Perennial ryegrass is an obligate outbreeder with a genetically determined self-incompatibility system, and thus the development of RILs is difficult in a normal background for the species. We have taken advantage of the existence of germplasm from the Teagasc forage breeding program in which the self-incompatibility system has broken down, allowing the development of inbred lines. Two of these lines were the grandparents of the F2 Biomass population described originally by Anhalt et al. (2008) and in which a high density SNP and PAV-based map was recently developed by Velmurugan et al. (2016). The current F6 population was developed via single seed descent from the larger F2 population. The ultimate goal of the work described here is the development of a reasonable sized (∼200) RIL population at the F8-F9 generation, that could be used as an immortalized high resolution mapping population for perennial ryegrass that could be distributed and maintained by seed. Development of RILs in perennial ryegrass is even more challenging than in inbreeding species, since inbreeding depression results in poor seed set. At the time of the study, the most advanced generation available from the long running initiative to create a RIL population in this species at Teagasc was the F6, and only 41 individuals of this generation were available. The main reason for carrying out the experiment was to provide the baseline information to decide whether further efforts should be expended on the development of the RILs, by testing whether the genomic constitution of the latest available generation was as per expectations. Despite that the population size was small, inter- and intra-chromosomal LD analysis suggested that the map order was robust. We have generated a robust genetic map for this RIL population with an ultra-high marker density. We can demonstrate that despite its small size the resolution power is very good and the size of the population will still allow QTL analysis. The required population size required for mapping comes down to the individual situation, the population, the marker systems, the resolution of the genetic map, ultimately its power. The principle of a RIL population is that it has a greater number of recombination events. Generally this means that populations of reasonable size from advanced RILs have much improved resolving power than similar sized populations from earlier generations. However, it also means that relatively small population sizes can still resolve markers. This presented RIL population is a small, portable, seed immortalized population which can be useful for indicative phenotyping. Despite the apparent suppression of recombination, the relatively small population size supports the generation of a linkage map with even slightly better accuracy and resolving power of a predecessor F2 population which is several times bigger.

Using the general approach described by Velmurugan et al. (2016) for the progenitor F2 population, we developed an ultra-high resolution genetic map of the population (6,072 SNPs and 22,080 PAVs, Table 2). This higher proportion of mapped PAV markers is similar to findings in maize where a five times greater amount of PAV markers compared to SNP markers was found (Elshire et al., 2011). Our here presented genetic map was developed by sequencing the 41 individuals on only a single channel on the Illumina HiSeq platform. Our expectations for the F6 population were that, relative to the F2 population, we should observe a decrease in heterozygosity and an increase in the observable number of recombination events in the progeny individuals based on the original grandparental haplotypes. These are, in fact, two of the key characteristics of RILs. Achievement of complete homozygosity renders the population “immortalized,” and theoretically, subsequent rounds of seed production for each individual genotype in the population can be performed via open pollination rather than single seed descent – radically enhancing the amount of seed that can be produced per line. Progress toward homozygosity in the population seems to be according to theoretical expectations, and we did not observe any unusual features, such as non-random retention of heterozygosity associated with specific genomic regions or related to specific RILs. This indicates that expectations of the rate of advance toward homozygosity in the RILs are being met. With a current level of heterozygosity of ∼5%, a further 2–3 rounds of self-pollination would render the population effectively homozygous, after which maintenance by open pollination would be feasible. One of the key goals of generating RILs is to make the individual genotypes in the population homozygous at all loci whilst representing a mosaic of original parental chromosomes by continuous self-pollination. The self-pollination causes the genotypes at each locus to gradually progress toward homozygosity.

One unusual feature that we noticed in the F6 population was the presence of a very high number of apparently non-recombined parentally derived chromosomes, present in the homozygous state. One third of chromosome pairs in the F6 population exhibited a homozygous state that reflected the fully intact version of the chromosome donated by one or the other biological parents of the original F1 genotype from which the population is derived, with significant skewing toward the maternal parent (Figure 8). These non-recombinant chromosome pairs have two possible sources – they are either derived from chromosome pairs that were already in this state at the F2 stage, and/or they are derived from completely heterozygous pairs at the F2 stage, and these have failed to recombine over several generations. However, a suppression of recombination could proof to be advantageous in some breeding schemes like in backcross breeding. In the first generations of backcross breeding suppression of recombination combined with marker-assisted selection would accelerate the complete restitution of the recurrent parent genome (Link and Melchinger, 1995). Since the developed RIL lines are a resource they can be incorporated into any forthcoming breeding scheme.


[image: image]

FIGURE 8. Graphical genotypes of the F6 framework SNPs ordered by completely homozygous to heterozygous genotypes for each linkage group (blue-paternal; pink-maternal; yellow-heterozygous) individually. The order of genotypes varies for each linkage group. The numbers below each linkage group represents if the individual chromosome is non-recombinant/recombinant. Number 1 (color coded as yellow green) – indicates non-recombinant for maternal allele, 2 (color coded as green) – indicates non-recombinant for paternal allele and 0 (color coded as red) – indicates recombinant.



On chromosomes of the grandparents of the F2 population (the precursors of the RIL population) three maternal and four paternal pairs of nucleolus organiser regions (NORs) have been found (Anhalt et al., 2008). NORs tend to suppress recombination and hence regularly give rod rather than ring bivalents. Genetic maps of chromosomes with NORs should result in shorter linkage groups. Unfortunately we do not know which chromosomes with NORs in the F2 population and the resulting RIL population represent which linkage groups, but the shorter linkage groups could bear NORs. Whole linkage group arms in the RIL genotypes with almost no recombinants are candidate NOR arms. Possibly the top arm linkage group 3 is the most convincing for no recombinants and possibly linkage group 6. It can be speculated if the segregation distortion change from 96% in the F2 population to 8% in the F6 RIL population for linkage group 6 could be the polymorphic rDNA site becoming fixed (see rDNA in situ hybridization results of Anhalt et al., 2008).

The count for fixation of non-recombined parental homozygotes in the F2 generation was 14% of chromosome pairs. Hence in the F6 this value could not go below 14% as the F6 is derived from the F2 population. It seems that there is a tendency, through multiple rounds of self-pollination, of heterozygous chromosome pairs to assort without prior meiotic recombination, yielding non-recombined homozygous parental haplotypes in the next generation (rising to 31% in the F6). This apparent suppression of recombination between the parental chromosomes is also reflected in the lower than expected number of observed recombinants in the F6 generation. We do not know what mechanism might be behind this phenomenon. The phenomenon will ultimately impact on the overall map-resolution relative to what would be expected at this stage. It has been previously shown that in longer lived Lolium species lower chiasma frequencies have been observed compared to shorter lived species and that these lower chiasma frequencies in the longer lived Lolium species were associated with a higher phenotypic and genetic variance for traits under polygenic control (Rees and Dale, 1974). The original parental lines for the presented Lolium RILs were selected for maintainer character during inbreeding in the cytoplasmic male sterility (CMS) program. The question arises as to what effect, if any, this selection had on unusual behavior at meiosis. This implies suppressed recombination may have a role to play in the upkeep of essential traits like in our case of the maintainer character of the parental lines for CMS.

Whilst resolving power is an important feature of a map, the robustness of map order is also important. This feature of the map is based on a variety of factors, including the aforementioned total number of recombination events upon which the map is built, but also factors relating to the manner in which the map was created. Segregation distortion was a prevalent feature in the F2 map, with just over 30% of non-redundant framework markers exhibiting distortion. A similar overall level of distortion was observed in the F6 map, but there were striking changes in the distribution and extent of SD for chromosomes 6 and 7. These were, respectively, the most and least distorted chromosomes in the F2 genetic map, but the situation was reversed for the F6 genetic map, whereby chromosome 6 exhibited the least distortion and chromosome 7 the most. Such extensive shifts in SD are unlikely to be random, and may represent selection for and/or against certain allelic configurations in the four rounds of recurrent self-pollination.

The longer term goal is the production of a fully immortalized, seed distributable RIL population of perennial ryegrass. An ideal target would be a minimum of 200 genotypes at the F8 or F9 stage, since this population size would provide a good combination of resolving power and portability. The capability to maintain the population by open-pollination of individual genotypes of each RIL line in controlled isolation also opens up interesting possibilities such as experiments in which the unit of phenotyping is effectively a mini-sward or plot composed of genetically identical individuals. However, the relative robustness of the map in this study based on only 41 individuals means that there might be potential to exploit the current iteration of the genetic map. For instance, experiments in which phenotyping is prohibitively expensive and relates to complex quantitative inherited traits, or requires extensive replication might already benefit from the availability of a small population to investigate indicative segregation patterns for complex traits with the resolving power and apparent robustness available in this map.

The results from this study indicate that, apart from the recombinational suppression discussed above, the progress of the RIL population is largely as expected for the number of rounds of self-pollination. Given that a relatively small population size at the F6 generation is already capable of producing an apparently robust map, it seems reasonable to assume that the target of 200 RILs at the F8/F9 stage would generate a high quality, robust map, with a resolution capable of resolving the position of tens of thousands of SNP markers in a relatively economic fashion.

One problem associated with immortalization could be, however, seed yield since not all genotypes in the RILs behave the same in terms of seed yield. About 14% of the genotypes across all generations exhibited much higher seed yield than others. Seed yield is an important trait for any agriculturally important species, including perennial ryegrass. Experiments studying seed yield can be easily influenced by confounding factors including the environment and agricultural practices (Elgersma, 1990). Seed set in ryegrass is not 100% (Elgersma and Sniezko, 1988; Elgersma, 1990). This RIL population and its original F2 population could be very interesting to study seed yield in greater detail. In earlier work of Crowley and Rees (1968) it has been shown that selection for seed yield in accession of perennial ryegrass can be associated with unusual chromosome pairing. It would be worth investigating chromosome pairing behavior in the independent RIL lines.

Because of the intensive nature of RIL production in perennial ryegrass, our intention is to highlight this study to gain community support in the continued development of the germplasm described herein. We propose that the potentially large RIL population described above could be developed collaboratively across several interested research groups (each advancing a limited set of genotypes from the F5/F6 stage onward), producing a valuable resource that could act as an “integrator” across studies and groups, and which, allied to the integrative potential of the emerging genome sequences, would be a powerful resource for trait dissection and gene discovery in perennial ryegrass. To this end, we declare our intention to make the resources described in the study completely open access, and invite interested groups within the perennial ryegrass genetics and genomics community to contact us.
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In crop genetic studies, the mapping of longitudinal data describing the spatio-temporal nature of agronomic traits can elucidate the factors influencing their formation and development. Here, we combine the mapping power and precision of a MAGIC wheat population with robust computational methods to track the spatio- temporal dynamics of traits associated with wheat performance. NIAB MAGIC lines were phenotyped throughout their lifecycle under smart house conditions. Growth models were fitted to the data describing growth trajectories of plant area, height, water use and senescence and fitted parameters were mapped as quantitative traits. Trait data from single time points were also mapped to determine when and how markers became and ceased to be significant. Assessment of temporal dynamics allowed the identification of marker-trait associations and tracking of trait development against the genetic contribution of key markers. We establish a data-driven approach for understanding complex agronomic traits and accelerate research in plant breeding.

Keywords: wheat, senescence, data science, phenology, phenotyping, MAGIC


INTRODUCTION

In crop genetics, the formation of dynamic biological traits such as height, size and color are usually governed by multiple temporal and spatial factors. Their genetic variation can be attributed to the collective response of multiple small effects associated to those dynamic traits (Anderegg, 2015). Thus, some genes may control trait development at a given plant developmental stage, others may alter, or control rates of change, transitions between consecutive stages (Yang and Xu, 2007). These changes can be due to different genes that turn on or off at various times. In other words, a dynamic trait is, in part, governed by genes whose effects change with time. When a trait is measured over many developmental stages, e.g., plant area, it reveals the dynamic expression of the underlying genes associated with the trait (Wu et al., 2011). These might reveal critical aspects of vulnerability and response to biotic and abiotic stresses, and thereby predict the effects of climate change on these traits (Soudzilovskaia et al., 2013).

Up until recently, genetic mapping of traits such height, area or senescence was done on a single data point, representing the value of the trait at a given stage. This approach, although practical, overlooked many of the factors that defined the process of formation and development of the trait. When breeding for elite varieties, it is widely accepted that the timing of key developmental transitions is associated with crop performance. In wheat for example, the transition from vegetative to reproductive growth can have major effects on biomass accumulation and harvest index. Therefore, understanding the extent at which dynamics traits develop in time, an in space, may be useful in breeding for higher yield and stress adaptation.

Advances in phenotyping technology, as well as the development of methods for the analysis of longitudinal data have made possible the mapping of quantitative trait loci (QTLs) underlying the dynamics of a developmental trait. For example, Yang et al. (2006) fitted longitudinal data from four traits to a polynomial growth trajectory and used interval-mapping to map growth parameters to the genome. Yang and Xu (2007) also fitted growth trajectories to Legendre polynomials but used a Bayesian shrinkage model for multiple QTL mapping of the curve parameters. Polynomial models force growth to follow a smooth curve, potentially of great complexity. However, polynomial functions tend to make spurious predictions, their polynomial order is difficult to determine and their model parameters difficult to interpret (Paine et al., 2012; Xiong et al., 2011) used a general functional regression approach to fit mouse behavioral data. Li and Sillanpää (2013) used a Bayesian non-parametric multiple-loci procedure. The method uses the Bayesian P-splines with (non-parametric) B-spline bases to specify the form of the QTL trajectory and a random walk prior to determining the curve's degree of smoothness. Al-Tamimi et al. (2016) used cubic smoothing splines to estimate plant growth and transpiration in a rice population over 13 days. Although they fitted a growth model, they did not map the curve's fitted parameters but instead individual time ranges.

In this study we analyzed phenotypic profiles derived from the daily screening of a large, eight-founder “NIAB elite MAGIC” wheat population to evaluate the genetic factors underlying the temporal changes in key traits associated with wheat performance such as plant height and water use. Growth curve models were fitted to plant area, height, water use and senescence over time and the fitted parameters of the growth trajectories were mapped to the wheat genome. Single time points were also individually mapped to the genomes and results from both analytic approaches compared. We demonstrate that both methods provide key insights that could not be captured otherwise. The growth curve approach identifies crucial markers through the crop growth time line and the single time point approach gives an indication of when and how those markers become and then cease to be significant.



MATERIALS AND METHODS


Plant Material

Phenotypes extracted from a subset of the NIAB Elite eight-founder MAGIC population described in Mackay et al. (2014) were evaluated in this study. The complete population consists of approximately 1,000 recombinant inbred lines (RILs) generated from three cycles of recombination between eight elite United Kingdom wheat varieties followed by five rounds of selfing to derive RILs. More information about the population including complete pedigrees, genotypes and existing phenotyping data can be found at www.niab.com/MAGIC.



Glasshouse Cultivation

As described in Camargo et al. (2016), plants were assessed between mid-January 2015 and mid-April 2015 in a Smart house at The National Plant Phenomics Centre facilities in Aberystwyth, UK. MAGIC parents together with 208 RILs (Camargo et al., 2016) were sown on 20 Oct, 2014 under well-watered conditions, with two replicates per genotype. Two seeds were sown in 6 cm pots of Levington F2 compost. After germination [11 Oct, 2014, approximately 11 days after sowing (DAS)] the seedlings were thinned to one per pot and transferred to a controlled environment room for vernalization (5°C, 16-h day length) for 9 weeks. Following vernalization plants were transplanted to 15 × 15 × 20 cm pots of F2 compost and were transferred to the Smart house. Each pot was placed into a cart on a conveyor system to allow for automatic and regular phenotyping. Pots were weighed and watered automatically daily to 75% gravimetric soil water content. Growth conditions were set to 14-h day-length using 600 W sodium lamps to supplement natural lighting. Temperature was set to 18°C day, and 15°C night.



Phenotyping

Daily imaging commenced when the plants were transferred to the conveyor belt following vernalization using a LemnaTec 3D Scanalyzer (LemnaTec, GmbH, Wuerselen, Germany) for image acquisition. Four RGB pictures (2,056 × 2,454 pixels) were taken of each plant, one top view and three side view with a 45° horizontal rotation. All manually acquired and digitally derived traits and their abbreviations are provided in Table 1.



Table 1. Plant trait descriptions.
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Image Processing

Digital images were processed using C++ (software available at https://github.com/NPPC-UK/PAT64V3_W8). Briefly, image color classification was used to separate plant from background and a binary image was produced where “1” corresponded to plant and “0” to anything else. Then, image features accounting for plant height, plant area and plant yellow area were calculated from the analysis of “1” area. Height was measured from the surface of the soil (the front edge of the pot) to the uppermost part of the plant. Area was the total amount of segmented area. Yellow area was the total amount of regions of yellow color in the segmented area and was used as a proxy for Senescence (Figure 1).


[image: image]

FIGURE 1. Segmentation of image showing a wheat plant. Plant Area is represented in dark green and red. Plant Senescence is represented by red. Height is represented by vertical green line.





Statistical and Quantitative Trait Locus Analysis

Data analytics was performed using the R environment. QTL mapping was performed using the R package “HAPPY” for the analysis of multi-parental populations (Mott et al., 2000). SNP genotypes were used to infer ancestral haplotype mosaics for each MAGIC line and Single Marker analysis of variance was used to identify marker-trait associations. At each marker, lines were grouped according to their genotype and one-way ANOVA was used to test for significant differences between the groups. Marker-QTL association was indicated by F-statistics.

Significance for a given trait was tested by a permutation test (Camargo et al., 2008). First, the test statistic is calculated on the original data set. Next, phenotypes between lines are randomly shuffled 1,000 (B) times and test statistics are calculated on each shuffled data set. Finally, significance is estimated as the number of times (K) the test statistic value obtained in the original data set was smaller than those of the shuffled data sets, and dividing that value by the number of random shuffles, i.e., K/B. We used max(–logP) > 4 and P < 0.05 as a cut-off value in the multiple QTL analysis to test for association (Storey and Tibshirani, 2003).



Data Processing

Data extracted from digital images were subject to pre-processing. First, time points were discarded if the whole set of RILs and parents were not imaged. Second, Cook's distance (>4 μ) was used to identify and remove outliers.



Genetic Model for Longitudinal Traits

A trait is called time-dependent, or longitudinal, if measured over time. Time-dependent traits can be analyzed by; (1) using a repeated measurements framework; (2) treating phenotypes measured across time as different traits or; (3) fitting growth curves to the phenotypic values measured over time then analyzing the parameters describing growth's trajectory (Yang et al., 2006). This study fitted growth curves because they reduced the dimensionality of the data and treated phenotypes measured across time as different traits without dismissing the correlation between them.

Many of the complexities of plant growth are commonly represented using non-linear growth models. Growth rates calculated this way can capture age- and size-dependent growth (Paine et al., 2012). To identify the growth model that best fitted our data, we fitted logistic (Equation 1), 4-parameter logistic (Equation 2) and Gompertz (Equation 3) models to the average of area, height, senescence and water use. In addition, mixture distributions were fitted using finite mixture models to estimate the parameters that best described the modes (Equations 4–7). The best growth model was selected by comparing coefficient of determinations (Equation 8) from each model.

The equations for each growth model are as follows:



Logistic Model

[image: image]

where L is the upper asymptote, k is the growth rate and t0 is the value of t of the sigmoid curve's midpoint.



4-Parameter Logistic Model

[image: image]

A and D are the bottom and top asymptotes (or the minimum and maximum values), C is the inflection point (or the point on the S shaped curve halfway between A and D), and B is the hill's slope, or the steepness of the curve. It could either be positive or negative.



Gompertz Model

[image: image]

where, a is an asymptote, ([image: image]), b, c are positive numbers b sets the displacement along the time axis t and c sets the growth rate (y scaling).



Finite Mixture Model

A finite mixture model (FMM) (Hathaway, 1985) is a probabilistic model for representing the presence of subpopulations (e.g., bi-modal distributions) within an overall population. In an FMM, the observed responses y are assumed to come from m distinct classes f1, f2,…, fm in proportions π1, π2,…, πg. In its simplest form, the density of a m-component mixture model as:

[image: image]

where y is a dependent variable with conditional density h, x is a vector of independent variables, πi is the prior probability of component k, θi is the component specific parameter vector for the density function f, and ψ = (πi, …, πi, θ′ m, …, θ′m is the vector of all parameters (Hathaway, 1985).

The posterior probability that observation (x,y) belongs to class m is given by:

[image: image]

The log-likelihood of a sample of N observations {(x1, y1), …, (xN, yN)} is given by:

[image: image]

FMM uses the Expectation–maximization (EM) algorithm to refine starting values before maximum likelihood estimation via two steps:

Estimate-step: estimate the posterior class probabilities for each observation:

[image: image]

Using Equation (2) and derive the prior class probabilities as

[image: image]

Maximize-step: maximize the log-likelihood for each component separately using the posterior probabilities as weights:

[image: image]

The E- and M-steps are repeated until either the likelihood improvement falls under a given threshold or a number of searches is reached.

Coefficient of determination (R2) is used for model selection:

[image: image]



Heritability

Growth curve parameters were estimated for each trait and for each plant, and parameters' heritability (H2) (Equation 9) and genetic (g) and environmental (e) covariances (Equation 10) and correlations (Equation 11) between parameters were estimated.

[image: image]

Where H2 is the heritability for a given trait, x, and [image: image](x) and [image: image] are the genetic and environment variances for that trait.

[image: image]

Where S is the covariance between two traits (x,y), s2 is the variance and i = g or e, genetic or environment

[image: image]

where r is the correlation between two traits (x,y).




RESULTS


Trait Analysis

Analysis of trait across time indicated that in general all the MAGIC lines and their parents maintained steady growth and water use up until 138 DAS (Figures 2A–C, blue dotted line) which coincided with the timing at which most of the plants reached GS55 (~136 DAS) and started showing signs to senescence, as indicated in Camargo et al. (2016). Figure S1 shows the average pattern of leaf senescence plotted against the average of water consumption for all plants. The distribution of the curves suggests that the onset of senescence can be predicted from a plant's water consumption.


[image: image]

FIGURE 2. Fitted curves for MAGIC parents and all RILS, for (A) Height, (B) Area, (C) TYP. Area Senescence, and (D) Water use. RIL is the average of all RILs per time point. For all the plants, red dotted line indicates average DAS for GS39, blue dotted line indicates average DAS for GS55 and brown dotted line indicates average DAS for FLS.



In addition, the time point at which the Water Use curve starts to rise for the second time, 170 DAS (Figure 2D, brown dotted line), also coincides with the time at which most plants initiate senescence at the Flag leaf (170 DAS) (Figure 2D).



Growth Curve Analysis

Area, Height and Senescence (TYP) showed a logistic growth (Figures S3–S9). Figures 2A–C plots average values of these three traits over time for founder lines, controls and the mean of the RILs. For the population mean, comparison of error sum of squares from the fitted values of several growth models indicated that these traits were best described by a 4-parameter logistic growth curve (Equation 2; Figures 3A–C).


[image: image]

FIGURE 3. Comparison of R2 across three parameter logistic, four parameters logistic and Gompertz. Growth models were fitted to the population mean and for the traits (A) Height, (B) Area, (C) TYP. Area (Senescence) and (D) Water Amount. The bi-modal shape of the water amount curve was fitted with a Gaussian type growth model.



Growth parameters (Equation 2) were estimated for each trait and for each plant. Using data from the RILs, the heritability of these parameters and their genetic and environmental co-variances and correlations were estimated. Results are shown in Tables S1–S6.

In the analysis of Area and Height growth curve parameters, B (the curve's slope) has the highest heritability (>0.8). The remaining parameters have heritability below 0.5 indicating that the rate at which a plant grows is highly heritable. However, B did not show strong genetic or environmental correlations with the other parameters. A and C (the bottom asymptote and inflection point, respectively) were highly correlated both genetically and environmentally (r > 0.9) and A and D were negatively correlated (<−0.6) at the genetic level. Senescence growth curve parameters did not show high heritability for any parameter. However, the genetic and environment correlations between A and D were negative (<−0.6) and there was a large positive environment correlation (0.9) between B and D.

In comparison to Area, Height and Senescence's curves, the Water Use curve was bi-modal (Figures 2A–C). The peak of the first mode was around 130 DAS and for the second around 180 DAS. Given the bi-modality, a mixture model (Equation 4) was fitted to the data to estimate the parameters describing the two modes; their amplitudes, λ, means, μ, and standard deviations, σ (Figure 3). The separation (Zhang et al., 2003) between the two modes was calculated as:

[image: image]

Growth parameters μ1, λ1, and σ1, corresponding to the first mode, μ2, and σ2, corresponding to the second mode, were estimated for each trait and for each plant. Parameters for the RILs were then used to estimate heritabilities, co-variances and correlations. Results shown in Tables S7, S8 indicate that none of the growth parameters were highly heritable (H2 < 0.2). With such low heritabilities, genetic correlations are very poorly estimated and correlations between parameters are largely environmental. The pattern of these correlations indicates that early peak Water Use (smaller μ1) is associated with more water being used in the early period (high λ1, and σ1) and that this delays the second water uptake phase (high μ2). Xie et al. (2015) identified a similar Water Use peak after anthesis, and identified positive relationships between maximum Senescence rate and the time for maximum grain dimensions. We also compared thermal time against Water Use after anthesis and found a similar peak after that stage (Figure S2) which confirms the two peaks observed in the Water Use curve.



Quantitative Trait Loci

The lines were genotyped using the Illumina Infinium iSelect 80,000 SNP wheat array (“80 K array,” http://www.illumina.com/), described in Yang et al. (2006). Prior to QTL mapping, a test for population structure was performed as indicated in Camargo et al. (2016).



Analysing Individual Time Points

Analysis of individual phenotypes at each time point identified loci associated with all traits but not with all the time points. For Area, seven significant QTLs were found on chr4D (Table S9), peak QTL corresponded to the marker RAC875_rep_c105718_585, between 11.0 and 23.0 Mb (90% confidence region) (Table 2, Figure 12). This QTL became highly significant at around 136 DAS and reached its maximum statistical significance at 166DAS (Figure 4).



Table 2. Peak QTLs from the mapping of individual time points and growth curve parameter for Area, Height, Senescence and water use (WA).
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FIGURE 4. Longitudinal analysis of the trait Area. (A) Manhattan plots highlighting chr4D at four DAS. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4; (B) Population Area mean (C) heritability (H2) for peak QLTs (Table 2), (D) –logP.



For Height, the following QTLs were identified across different chromosomes: 13 were found on chr4D (Table S9), peak QTLs corresponded to the markers Kukri_rep_c68594_530 (10.0–21.0 Mb), RAC875_c6922_291 (10.0–13.0 Mb), RAC875_c1673_193 (15.0–21.0 Mb), RAC875_rep_c105718_585 (11.0-23.0 Mb) and Tdurum_contig42083_1539 (10.0–20.0 Mb). Two were found on chr5A corresponding to wsnp_Ra_c44756_51084202 and wsnp_Ex_c113235_94249366. Two were found on chr5A corresponding to IAAV1650 (62.6–78.6 Mb) and BS00011360_51 (62.7–78.5 Mb). The statistical significance of the QTLs on chr5A was high (>6.0 logP) at early plant development (~ 97 DAS) and decreased as the plant matured. The QTLs on chr5B showed a similar pattern but their statistical significance was low. In contrast, the statistical significance of the QTLs on chr4D was low (< 2.0 logP) during early plant development (~97 DAS) but became high around 136 DAS and reached their maximum significance level at 158 DAS which coincided with the time the average plant reached its maximum growth (Figure 5).


[image: image]

FIGURE 5. Longitudinal analysis of the trait Height (A) Manhattan plots highlighting chr4D at four DAS. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4; (B) Population Area mean (C) heritability (H2) showing peak markers (Table 2) per chromosome [P < 0.05, max(–logP)], (D) LOD scores [max(–logP)] showing peak markers per chromosome [P < 0.05, max max(–logP)].



For Senescence, one QTL was found on chr4D, corresponding to the marker RAC875_c1673_193, and one on chr2D corresponding to Kukri_c27309_590.The statistical significance of the QTLs on chr4D was low (<2.0 logP) at early plant development (~97 DAS) but became high at around 148 DAS and reached their peak at 189 DAS, at the end of the plant's life (Figure 6).


[image: image]

FIGURE 6. Time resolved analyses for the trait Senescence (TYP) (A) Manhattan plots highlighting chr4D at four DAS. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4; (B) Population Area mean (C) heritability (H2) showing peak markers (Table 2) per chromosome [P < 0.05, max(–logP)], (D) LOD scores [max(–logP)] showing peak markers per chromosome [P < 0.05, max(–logP)].



For Water Use, one QTL was found on chr2D, corresponding to the marker GENE_0137_147 (12.5–13.7 Mb). Significance level of the QTL on chr2D was high at around 136 DAS and reached its maximum at 166DAS (Figure 7), after that significance levels became lower.
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FIGURE 7. Time resolved analyses for the trait Water use (Water amount) (A) Manhattan plots highlighting chr4D at four DAS. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4; (B) Population Area mean (C) heritability (H2) showing peak markers (Table 2) per chromosome [P < 0.05, max(–logP)], (D) LOD scores (logP) showing peak markers per chromosome [P < 0.05, max(–logP)].



QTL associated with RAC875_rep_c105718_585 on chr4D were common for Area and Height and with RAC875_c1673_193 on chr4D for Height and Senescence. Both QTL became highly significant at around 136 DAS.

Figure 12 shows locations of peak QTLs located on chromosomes 2D, 4A, 5A, and 7B. Most peak QTLs are clustered within short distance except for Tdurum_contig42083_1539 on chr 4A which is isolated for the main cluster.



Analysing of Growth Curve Parameter

Growth curve parameters fitted to Area across time identified nine QTLs associated with the parameter “B” on chr4D (Table S9). The peak QTL was BS00022276_51 (Figure 8). The analysis of growth parameters for Height also identified 13 QTLs on chr4D. The peak QTL was RAC875_c1673_193 (Figure 9) which was also linked to Area and Height.


[image: image]

FIGURE 8. Manhattan plots from the genetic mapping of the curve's growth parameters corresponding to the trait Area. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4. (A–D) are the parameters derived from the 4-Parameter Logistic Model, and are provided in Table 1.




[image: image]

FIGURE 9. Manhattan plots from the genetic mapping of the curve's growth parameters corresponding to the trait Height. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4. (Ah–Dh) are the parameters (see Table 1) derived from the 4-Parameter Logistic Model for Height, and are provided in Table 1.



For Senescence growth parameters, one QTL on chr7B was associated to the “A” parameter at marker BS00087197_51 (74.6–74.7) (Figure 10). For Water Use growth parameters, we did not identify QTLs (Figure 11).


[image: image]

FIGURE 10. Manhattan plots from the genetic mapping of the curve's growth parameters corresponding to the Senescence (TYP) Area. Purple dots indicate QTLs with P-value < 0.05 and max(–logP) > 4. (At–Dt) are the parameters (see Table 1) derived from the 4-Parameter Logistic Model for TYP (Senescence), and are provided in Table 1.




[image: image]

FIGURE 11. Manhattan plots from the genetic mapping of the curve's growth parameters corresponding to Water Use. μ1, λ1, σ1, σ2 and S are the parameters (see Table 1) derived from the (Polynominal logistic Model or Finite Mixture Model), and are provided in Table 1.




[image: image]

FIGURE 12. Genetic map showing QTL locations for chromosomes 2D, corresponding to markers: (Q1) GENE_0137_147 and (Q1) Kukri_c27309_590; 4D corresponding to markers: (Q7) Tdurum_contig420, (Q3) Kukri_rep_c68594_530, (Q4) RAC875_c1673_193, (Q5) RAC875_c6922_291, (Q6/Q1) RAC875_rep_c105718_585; 5A, markers: (Q2) IAAV1650 and (Q1) BS00011360_51 and 7B, markers: BS00087197_51. Blue labels indicate the names associated to each chromosome location. Q# indicate QTL number in Table 2. H, Height; TYArea, Senescence; A, Area; WA, Water Amount. More information about these QTLs is given in Table 2.






DISCUSSION

This work aimed to understand the genetic elements influencing the temporal and spatial changes in key traits such as plant height and area, the timing of senescence and the dynamics of water use. Since plant traits were measured across time, we used two different approaches to analyse growth trajectories: first, growth curves were fitted to the phenotypic values of each trait measured over time. Second, phenotypic measurements were treated as different traits and analyzed individually.

For the analysis of growth curves, we initially fitted second, third and fourth degree polynomials of the form [image: image] to the longitudinal data (Poorter, 1989), and performed QTL mapping over the polynomials' coefficients. Polynomials curves are easy to fit because they use standard linear modeling procedures and they can also approximate non-linear functions relatively well. However, results of QTL mapping did not identify any marker association from any of the polynomials fitted to the longitudinal data.

Higher order polynomials are difficult to interpret and are unlikely to have an obvious biological meaning: they describe the form of the curve rather than offering any natural explanation. In contrast, the logistic have been used successfully to model growth, and the parameters better describe the biology of growth (Paine et al., 2012). That QTL are found for the growth curve parameters but not for any of (or the higher order) polynomial regression coefficients is in agreement with this interpretation.

After evaluating curve fitting by using polynomials, we fitted non-linear plant growth models to the longitudinal data and through the comparison of R2 identified the 4-parameter logistic model as the model that best fitted the phenotypic traits describing the growth trajectories of area, height and senescence. As explained later in this section, QTL mapping of curve parameters identified significant marker associations.

Comparison between growth curve parameters, identified curve steepness (“B”) as the most heritable (>0.8) for area and height but not for senescence. However, “B” was not correlated to any other parameter in contrast to “A” and “C,” which were highly correlated both genetically and environmentally (r > 0.9), indicating that phenotypic outcome was highly dependent on genotype.

Since the Water Use curve showed a different growth trajectory (Figure 3D), having two modes, a multi-modal modeling approach was used to model the heterogeneity of the Water Use curve. When affecting fitness related traits such as survival or reproduction, individual heterogeneity plays a key role in population dynamics and life history evolution. However, it is only recently that properly accounting for individual heterogeneity when studying population dynamics has been made possible through the use of high-throughput technologies and the development of appropriate statistical models (Ford et al., 2015; Gimenez et al., 2017). In this study, we used a similar approach to Bresson et al. (2015) to model the bi-modality of the curve trajectory describing Water Use. Although, the analysis of growth parameters did not identify highly heritable parameters or high correlations between them, we realized the curve trajectory followed a similar pattern of observed by Xie et al. (2015) when they were looking into water accumulation and grain weight in wheat. The low heritability of Water Use growth parameters could also be explained by the sensitivity of water use to environmental variables such as changes in VPD.

Genetic mapping of individual phenotypic values measures across time not only highlighted key markers associated with area, height, senescence and water use but also indicated when marker effects became especially large or when their signal decayed. Most importantly, when comparing the plots on Figure 2 and those on Figures 4–7B,C, one can assess how trait development correlates with relative QTL strength.

Genetic mapping analysis identified peak QTLs for the traits Senescence (Q1) and Water Use (Q1) on chr2D at the location of Ppd-D1, the photoperiod sensitivity (Bentley et al., 2013) locus. The effect was highly significant at around 148 DAS and became less significant after that. In addition to the mapping of phenological traits, we also looked for markers associated with morphological traits. For example, strong markers on chr4D such as RAC875_rep_c105718_585 and RAC875_rep_c105718_585 were linked with plant Area and plant Height. In both cases, the QTL interval includes the Rht-D1 (Rht2) locus. The Rht-D1b allele at this locus has been associated with a reduction in plant height and several other morphological traits and is segregating in the MAGIC population (the dwarfing allele at this locus is present in all parent lines except Robigus and Soissons, which carry the dwarfing allele Rht-B1b). Table 2 confirms that the estimated founder QTL effect contribution of Robigus and Soissons over height and for the RAC875_rep_c105718_585 marker is higher than for the other parents.

We also identified two strong effects (–logP > 8.00) on chr5A associated with plant Height at markers IAAV1650 and BS00011360_51. We believe these markers are closely linked to the vernalization gene Vrn-A1 which plays an important role in the vernalization process in diploid Einkorn wheat (Triticum monococcum) and polyploid common wheat (Triticum aestivum; Kiss et al., 2014). Finally, a peak marker was found on chr7B which was associated to Senescence. Table 2 shows that the estimated founder QTL effect contribution Xi19 over Height and for the IAAV1650 and BS00011360_51 markers is higher than for the other parents. BS00011360_51 is likely to be the VRN-B3 gene which has been associated with increased yield in EU 2011 and GBR 2010 wheat trials (Bentley et al., 2014).

To look further into the effect of key markers over trait development, we fitted a regression model of the trait against the marker, for each time point. Results are summarized in Figures S7–S11. Briefly, RAC875_rep_c105718_585 (likely to be the Rht-B1b gene) marker showed a allelic effect on area, height, senescence and negative on Water Use, indicating a positive correlation with the trait. The Kukri_c27309_590 marker (likely to be related to the Ppd-D1 gene) showed a positive effect on area, height, and water use, indicating a positive correlation with the trait. However, for Senescence, the marker effect was positive up until 136 DAS but its significance level was lower after that time point which coincided with the average plant initiating Senescence. The marker IAAV1650 (closely linked to the vernalization gene Vrn-A1) showed completely different patterns for each trait: for Area, the effect was positive; for height, the effect was negative; for senescence the effect became positive after the average plant started senescence; and for water use the effect became negative at around 158 DAS. The BS00087197_51 (on chr7B) showed a positive effect on area and water use and negative on height. However, for senescence, the marker effect was negative up until 136 DAS but its significance level was lower after that time point, this pattern was the opposite of that showed by the Kukri_c27309_590 marker. Regardless of the marker, this analysis together with QTL mapping seems to suggest that fundamental changes take place around 136 DAS.

Genetic mapping of growth curves parameters fitted to the same traits confirmed the identification of major QTLs such as those on chr2D, chr4D, and on chr7B. This result demonstrate the power of analyzing growth curves that carry all the information about the plant's development as opposed to the analysis of single time points. However, it also showed that the analysis of single time points helps to describe how traits and their marker effects evolve over time. Figure S11 shows a comparison of phenotypes vs. haplotypes of a number of RILS who carried different allelic variation for the markers m1 = RAC875_rep_c105718_585, m2 = BS00011360_51, m3 = IAAV1650 and m4 = Kukri_c27309_590. Although these four large QTL have been detected in this experiment and they are known important controllers of plant growth and architecture in wheat (Vrn-A1, Rht-D1, and Ppd-D1), there are no striking differences between these 16 plants representing all possible combination. This demonstrates the merit of accurate measurement taken here to quantify the parameters responsible for plant form and development.

This study used a new data driven approach to analyse the longitudinal data capturing the process of formation of dynamic traits such as senescence or water use. We combined the mapping power and precision of a MAGIC wheat population with robust computational methods to track the spatio-temporal dynamics of traits associated with wheat performance. We demonstrated that the combination of these two methodologies can be used as a powerful strategy for fine-tuning wheat's response to the environment.
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Molecular marker analysis allow for a rapid and advanced pre-selection and resistance screenings in plant breeding processes. During the phenotyping process, optical sensors have proved their potential to determine and assess the function of the genotype of the breeding material. Thereby, biomarkers for specific disease resistance traits provide valuable information for calibrating optical sensor approaches during early plant-pathogen interactions. In this context, the combination of physiological, metabolic phenotyping and phenomic profiles could establish efficient identification and quantification of relevant genotypes within breeding processes. Experiments were conducted with near-isogenic lines of H. vulgare (susceptible, mildew locus o (mlo) and Mildew locus a (Mla) resistant). Multispectral imaging of barley plants was daily conducted 0–8 days after inoculation (dai) in a high-throughput facility with 10 wavelength bands from 400 to 1,000 nm. In parallel, the temporal dynamics of the activities of invertase isoenzymes, as key sink specific enzymes that irreversibly cleave the transport sugar sucrose into the hexose monomers, were profiled in a semi high-throughput approach. The activities of cell wall, cytosolic and vacuole invertase revealed specific dynamics of the activity signatures for susceptible genotypes and genotypes with mlo and Mla based resistances 0–120 hours after inoculation (hai). These patterns could be used to differentiate between interaction types and revealed an early influence of Blumeria graminis f.sp. hordei (Bgh) conidia on the specific invertase activity already 0.5 hai. During this early powdery mildew pathogenesis, the reflectance intensity increased in the blue bands and at 690 nm. The Mla resistant plants showed an increased reflectance at 680 and 710 nm and a decreased reflectance in the near infrared bands from 3 dai. Applying a Support Vector Machine classification as a supervised machine learning approach, the pixelwise identification and quantification of powdery mildew diseased barley tissue and hypersensitive response spots were established. This enables an automatic identification of the barley-powdery mildew interaction. The study established a proof-of-concept for plant resistance phenotyping with multispectral imaging in high-throughput. The combination of invertase analysis and multispectral imaging showed to be a complementing validation system. This will provide a deeper understanding of optical data and its implementation into disease resistance screening.

Keywords: crop resistance, phenotyping, multispectral imaging, invertase, Blumeria graminis f.sp. hordei, PhenoLab, classification, support vector machine


1. INTRODUCTION

The ascomycota Blumeria graminis f.sp. hordei (Bgh) is an obligate biotroph organism and the causal agent of barley's powdery mildew. It infests leaves and all green parts of barley plants. After the pre-penetration stage which finished with the penetration of the epidermal cell 15 hai, the post-penetration stage starts with an invagination of the fungus inside the epidermal cell. After this entering, Bgh develops a haustorium in the periplasmatic space 24 hai (Francis et al., 1996; Pryce et al., 1999). Haustoria are the feeding organs of Bgh and they deliver nutrients and necessary compounds for the biotrophic fungus (Green et al., 2002). A missing ATPase activity in Bgh is predicted to cause a loss of solute retention capacity of the host cell, which enable Bgh to take up nutrients (Gay et al., 1987). To make necessary carbohydrates available, Bgh reduce the activity of Ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO) and further enzymes of the Calvin cycle (Scholes et al., 1994; Wright et al., 1995a). Studies with powdery mildew of wheat (B. graminis f.sp. tritici) indicated that powdery mildew triggers the accumulation of acid invertases to change the source-sink relation in cereals (Wright et al., 1995b). With the nutrient income, Bgh is able to develop secondary mycelium on the leaf surface. Close to the area of the primary haustorium, conidiophores are grown, producing new conidia 5 dai. The disease is then macroscopically visible as white pustules and the conidiophores produce ~6,000 conidia per millimeter per day (Blumer, 1967). Thus fungal plant pathogens have an strong impact on gen-protein-hormone-metabolite signaling and on the cell histology of plants to overcome resistances such as waxy cuticula, cell wall and the innate resistance. Resistant barley genotypes are typically incompatible plant-pathogen systems e.g., based on mildew locus o (mlo, papilla formation) or mildew locus a (Mla, hypersensitive response resistance) (Jørgensen, 1992). Different plant-pathogen interactions have specific impact on the plant physiology and histology which individually influence the spectral reflectance signature of plants (Mahlein et al., 2012; Wahabzada et al., 2015).

To determine and assess these changes, different optical sensors were established which non-invasively measure specific spectral ranges e.g., spectral sensors, chlorophyll fluorescence and thermography (Mahlein, 2016). These optical sensors record the plant phenotype. Phenotyping is the visual description and assessment from single organs to the canopy, and this phenotype is influenced by the genome and the environment (Fiorani and Schurr, 2013). In this context, plant spectral reflectance from 380 to 2,500 nm can be measured using hyperspectral imaging. The recorded reflectance signature can be used to assess the plant health status, because several chemical compounds and the cell structure has specific optical characteristics. The visual range (VIS, 400–700 nm) is mainly influenced by photo pigments like chlorophyll, carotenoide and anthocyanin (Gitelson et al., 2001; Blackburn, 2007). The near infrared (NIR, 700–1,000 nm) is characterized by scattering processes of the plant and on the leaf structure. Spectral range from 1,000 to 2,500 nm is described as the short wave infrared range (SWIR) with specific water absorption bands (Whiting et al., 2004). During plant pathogenesis the characteristic spectral signature pattern is specifically changed over time (Mahlein et al., 2010). These changes in the spectral reflectance intensity and spectral pattern can be also used to derive histological changes and biological stages of the plant and pathogenesis (Wahabzada et al., 2016). This enables the characterization of the causal agent and the pathogenesis stage (Mahlein et al., 2012). According to these findings, different plant-pathogen interactions specifically influence the spectral signature and the detection of resistant and tolerant crop varieties may be possible. Recent studies identified different resistance reactions such as barley resistances against powdery mildew or sugar beet lines resistant against Cercospora leaf spot using hyperspectral imaging (Kuska et al., 2017; Leucker et al., 2017). Spectral pattern of the corresponding pathogenesis differ and can be distinguished from incompatible plant-pathogen interactions (Arens et al., 2016; Oerke et al., 2016; Kuska et al., 2017; Leucker et al., 2017). Therefore, hyper-/multispectral imaging is a promising technique for high-throughput phenotyping approaches in plant resistance breeding with increasing flexibility, due to technical and methodology developments (Behmann et al., 2018; Thomas et al., 2018b). Leaf chemicals and metabolites can be detected using hyperspectral imaging and machine learning approaches (Arens et al., 2016; Pandey et al., 2017), but the relationship of biochemical mechanisms and hyperspectral reflectance during plant-pathogen interactions are not completely clear.

Currently, many crop improvements are based on molecular plant breeding techniques to identify key factors (Wenzel, 2006; Schaart et al., 2016). Established molecular markers and genetic maps are used for marker-assisted selection, efficient parental selection and high-throughput screening of desired genotypes (Wenzel, 2006). In this context, plant invertases play a key role in plant development, cell regulation, metabolism, hormone signaling and defense response (Roitsch and González, 2004; Proels and Hückelhoven, 2014). The proposed main function of invertases is the carbohydrate partitioning, but investigations of the last decades revealed the multi-functionality of invertases (Roitsch and González, 2004; Proels and Hückelhoven, 2014). Invertases irreversibly cleaves sucrose to glucose and fructose which are the major transported sugars in higher plants (Williams et al., 2000). These can be taken up by plant cells due to hexose transporters (Roitsch, 1999). A coordinated regulation of primary metabolism and pathogen defense responses has been shown (Ehness and Roitsch, 1997; Berger et al., 2007). Studies by Roitsch et al. (2003), Proels and Hückelhoven (2014), and Tauzin and Giardina (2014) reviewed functions of cell wall invertases (Cw-Inv) in the context of pathogen infection. They highlighted the modes of Cw-Inv in plant cell regulations and plant-pathogen interactions. In addition to the extracellular invertase isoenzyme, two intracellular isoenzymes were shown to be involved in the infection by necrotrophic fungi (Berger et al., 2004) and hemibiotrophic bacteria (Bonfig et al., 2010). Such sugar-based signals were also shown in barley-powdery mildew compatible and incompatible interactions (Scholes et al., 1994; Swarbrick et al., 2006). Scholes et al. (1994) hypothesized that apoplastic invertase increased in barley during powdery mildew pathogenesis, because of a increased activity of acid invertase. These specific enzyme kinetics could be used as possible biomarkers for the detection of resistant plant genotypes. Linking these physiological and the optical scales will improve the performance of hyper-/multispectral imaging in plant resistance breeding and will establish a new non-invasive methodology for plant sciences (Großkinsky et al., 2015, 2017).

In this study, different barley genotypes were measured in a high-throughput approach using multispectral imaging. In the first experiment, plants were not inoculated to determine the natural senescence of the genotypes and the influence on the spectral reflectance signature. In the second experiment, plants were inoculated with Bgh. Powdery mildew pathogenesis as well as mlo gene-based resistances and Mla gene-based resistances were identified. Data analysis approach from machine learning could establish and validate resistance phenotyping by multispectral imaging. This is the basis for an automated spectral characterization of susceptible and resistance phenotypes in high-throughput. Furthermore, the temporal dynamics of changes in the activities of invertase isoenzymes were analyzed during different barley-powdery mildew interactions. Proved barley-powdery mildew interactions could be identified by invertase activity pattern already from 0.5 hai.



2. MATERIALS AND METHODS


2.1. Plant Cultivation and Inoculation of Powdery Mildew

The experimental set-up was divided into two parts. For both investigations, plants were grown in commercial substrate (SW Horto AB, Hammenhög, Denmark) for 10 days in the greenhouse at 22/18°C and a photoperiod of 16 h. H. vulgare cv. Ingrid wild type (WT) was used as a susceptible genotype to powdery mildew. The corresponding near-isogenic line Ingrid M.C. 20, containing dysfunction in mildew locus o 3 (mlo3) (Hinze et al., 1991) and near-isogenic line cv. Pallas 22, containing dysfunction in mlo5 gene were used to assess non race-specific papilla based resistance. H. vulgare cv. Ingrid I10 with resistant mildew locus a 12 (Mla12) and Pallas 01 with Mla1 and Mla12 resistance loci were used to analyze a hypersensitive response (Kølster et al., 1986; Boyd et al., 1995).

Bgh, isolate A6 is avirulent to cv. Ingrid M.C. 20 and I10, and cv. Pallas 01 and 22 (Wolter et al., 1993; An et al., 2006; Swarbrick et al., 2006) and was maintained on cv. Ingrid WT in a controlled environment. Twenty-four hours before inoculation the conidia of heavily infested plants were shaken off and discarded in order to assure homogenous and vital conidia for inoculation. For each genotype, 80 primary leaves were inoculated with a density of [image: image] = 307 (± 112) conidia/cm2 from young powdery mildew pustules (7–10 dai). Further 80 primary leaves were kept untreated (non-inoculated) as healthy control. For destructive measurements, five primary leaves of both treatments were sampled and frozen in liquid nitrogen 0.5, 12, 24, 48, 72, 96, and 120 hai.



2.2. Total Protein Extraction

Barley leaves were weighed and then homogenized in liquid nitrogen with 0.1 % PVPP. According to (Jammer et al., 2015), 1 ml extraction buffer (40 mM TRIS-HCl pH 7.6, 3 mM MgCl2, 1 mM EDTA, 0.1 mM PMSF, 1 mM benzamidine, 14 mM ß-mercaptoethanol, 24 μ M NADP) was mixed with 500 mg powdered material for 60 min at 4°C. The homogenate was centrifuged at 4°C and 20,000 g for 45 min. The supernatant was transferred into a new tube and kept on ice as a crude extract. According to Jammer et al. (2015), the remaining pellet was washed three times with ddH2O and resuspended in 1 ml high salt buffer (1 M NaCl, 40 mM TRIS-HCl pH = 7.6, 3 mM MgCl2 and 15 mM EDTA) over night at 4°C in a dark room. The resuspended pellet was centrifuged at 4°C and 20,000 g for 25 min. The supernatant was transferred into a new tube as the cell wall extract. To reduce the salt concentration, both extracts were dialysed overnight against 20 mM potassium phosphate buffer (pH = 7.4) at 4 °C in a dark room. Extracted protein content in both extracts was determined according to the Bradford method (Bradford, 1976), using BSA Fraction V as standard protein. The extracts were aliquoted, frozen in liquid nitrogen and stored at −20°C for further use.



2.3. Enzyme Activity Profiling

For semi-high-throughput analysis, a 96-well microtiter plate (Sarstedt, Nümbrecht, Germany) formate was used with a 5 μl citric acid-phosphate-buffer, 5 μl 0.1 M sucrose, 35 μl ddH2O, and 5 μl of dialysed protein extract. For determination of Cw-Inv activity, aliquots of the cell wall extract were incubated with citric acid-phosphate-buffer pH = 4.5 (454 mM Na2HPO4, 273 mM citric acid). For determination of cytosolic invertase (Cyt-Inv) activity, aliquots of the dialysed crude extract were incubated with citric acid-phosphate-buffer pH = 6.8 (772 mM Na2HPO4, 114 mM citric acid) and to test vacuolar invertase (Vac-Inv), citric acid-phosphate-buffer pH = 4.5 was used. In addition, a 0–50 nmol glucose standard curve was prepared with ddH2O. Reaction mixtures were incubated for 30 min at 37°C and then cooled down for 5 min on ice to stop the reaction. According to Jammer et al. (2015), the cooled down reaction mixtures were incubated with 200 μl of glucose oxidase-peroxidase reagent (10 U ml−1 GOD, 0.8 U ml−1 POD, 0.8 mg ml−1 ABTS, 0.1 M potassium phosphate buffer, pH = 7.0) for 30 min at 25°C. The amount of liberated glucose was determined by measuring the absorbance at 405 nm in a plate reader (Ascent Multiskan, Thermo Fisher Scientific, Waltham, USA). Specific activities were expressed as nkat gFW−1. All assays were carried out in triplicate and relative differences of nkat gFW−1 were calculated using Formula 1. To consider the biological dynamic, a variance propagation was calculated as measure of dispersion according to Formula 2.

Formula 1. Calculation of relative differences in specific activity rD[%] [nkat gFW−1] of invertases between non-inoculated (healthy) and B. graminis f.sp. hordei inoculated barley leaves.

[image: image]

Formula 2. Calculation of the standard deviation of relative activity differences between non-inoculated (healthy) and B. graminis f.sp. hordei inoculated barley leaves by variance propagation as measure of dispersion of relative difference specific activity rD[%] [nkat gFW−1] of invertases.
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2.4. Multispectral Image Acquisition and Data Analysis

Using narrow banded LEDs, multispectral images with 10 wavelength bands were automatically acquired at spectral bands 365, 460, 525, 570, 645, 670, 700, 780, 890, and 970 nm and spatial resolution of five megapixels (PhenoLab, Videometer, Hørsholm, Denmark) (Svensgaard et al., 2014). A hemisphere setup (PhenoLab, Videometer, Hørsholm, Denmark) was used to assure homogeneous and diffuse illumination of the plants by high power LED sources. Multispectral images consist of consecutive panchromatic images each with a specific LED illumination at the corresponding wavelength. Plants were daily randomized and imaged 0–8 dai.

Spectral signatures of pixels from healthy and diseased regions were extracted manually. Therefore, a rectangular region of interest of ≥ 155 pixels was extracted. When a symptomatic area became visible the amount of pixels extracted increased depending on the symptom development. The spectral reflectance signature was calculated as the arithmetic average of the regions of interest.

For data driven analysis of the multispectral imaging data, a non-linear Support Vector Machine (SVM) classification with a radial base function kernel was applied. Two different classification models for powdery mildew symptoms and HR-spots were learned. As training data healthy plant pixels of the control group and manually selected powdery mildew symptoms and HR spots were used, respectively. To enhance accuracy at the last 2 days of the second experiment, healthy plant pixels provided by the mlo3-resistant genotype were included in the training data. Hyperparameters were optimized using the combination of ten-fold cross-validation and grid-search. Predictions were obtained applying the model on pixel-level to the plant pixels within the image. Background image parts like soil, tray and conveyor system were removed in a preprocessing step by thresholding and spatial masks. The pixel-wise classification was then summarized per tray to the ratio of affected pixels to all plant pixels expressed in percentage. As both models were applied to all images, two ratio values per day and image are derived.



2.5. Separability of Phenotypes

Based on the ratio of powdery mildew symptoms, and HR-spots the plants were assigned to a response type, (I) susceptible, (II) mlo resistance or (III) Mla resistance. A threshold classification of the 20 samples was performed whereas each sample was represented by the two ratios determined by the SVM. A threshold of 5 % on the powdery mildew ratio was used to separate resistant and susceptible samples whereas a threshold of 0.45 % on the HR-ratio was used to separate Mla resistance and mlo resistance.




3. RESULTS


3.1. Temporal Dynamics of Changes in Activities of Invertase Isoenzymes During Barley-Powdery Mildew Interactions

To characterize susceptible and Bgh resistant genotypes the specific activities of cell wall, cytosolic and vacuolar invertases were analyzed (Figure 1). Therefore, relative differences (rD) of the specific activity of inoculated plants to non-inoculated plants were calculated. Positive values indicate higher specific activity in Bgh inoculated individuals compared to non-inoculated plants. Negative values showed a lower activity.


[image: image]

FIGURE 1. The effect of compatible and incompatible mlo and Mla barley interactions with B. graminis f.sp. hordei on the specific activity signatures of invertases 0.5–120 hai. Relative differences (rD) of the specific activity between the inoculated near-isogenic lines and their corresponding non-inoculated leaves were calculated. Positive values demonstrate higher invertase activity in inoculated leaves, negative values higher invertase activity of non-inoculated leaves. Each invertase shows a specific activity signature for each near-isogenic line. Data shown are from a representative of three independent experiments (n = 5 × 3 biological replicates × technical replicates).



Cell wall invertase activity increased over the experimental period (Figure 1A). Susceptible WT showed the lowest activity of −77% comparing to the non-inoculated control 0.5 hai. The mlo5 genotype showed a declined activity of the cell wall invertase until 24 hai. Highest activity up to 200% was measured in mlo3 leaves. Cw-Inv activity revealed significant differences between mlo3 and mlo5 on all investigated time points in exception of 96 hai (Table 1). Both Mla genotypes showed a similar cell wall invertase activity pattern with significant differences 96 and 120 hai (Table 1).



Table 1. Hours after inoculation with B. graminis f.sp. hordei that have significant differences in invertase activity of proved near-isogenic barley lines (Welch's t-test, α = 0.05).

[image: image]




Specific activity of WT cytosolic invertase increased after 0.5 hai (Figure 1B). Compared to control plants, the activity was higher at 48 and 120 hai. The mlo3 and mlo5 genotypes showed similar dynamics in the cytosolic invertase activity with an 6% increased activity in mlo5 leaves 96 hai. But significant differences were shown to all other tested time-points (Table 1). Mla1 had the highest cytosolic invertase activity up to 11% over the experimental period (Figure 1B). The Mla12 genotype had a declined activity and could significantly differentiate from Mla1 0, 24, 72, and 120 hai (Table 1).

Susceptible WT had a declined activity of the vacuolar invertase to −96% until 48 hai (Figure 1C). Then, the activity normalized until the end of the analysis 120 hai. Interestingly, this activity was significantly different to all resistant barley near-isogenic lines (Table 1). Both mlo genotypes showed an similar dynamic pattern of the vacuolar invertase activity with the highest increase of 48% 96 hai (Figure 1C). HR based resistant Mla12 genotype showed lower activity comparing to non-inoculated plants until 72 hai. Mla1 plants had an increased activity at 24, 72, and 120 hai.



3.2. Influence of Barley-Powdery Mildew Interactions on the Multispectral Reflectance

The multispectral reflectance changed over the experimental period specifically for each interaction type (Figure 2). First changes of the reflectance of susceptible cv. Ingrid WT were assessable 2 dai (Figure 2A). The reflectance intensity increased in the VIS range from 380 to 700 nm in accordance with plant growth. Reflectance in the blue range and around 680 nm showed a stronger increase from 4 dai. The NIR range from 700 nm showed a stepwise increase in the reflectance intensity 3 and 5 dai. Powdery mildew pustules were visible from 5 dai and overspread the whole plants 7 dai (Figure 2A). The papilla based resistant mlo3 genotype showed no relevant changes in the multispectral reflectance until 4 dai (Figure 2B). The reflectance increased in the NIR range from 6 dai. In addition, the intensity increased around 380 and 550 nm. The plants showed no powdery mildew symptoms but several bleached spots. Multispectral signatures of Bgh inoculated Mla12 plants significantly changed from 600 to 680 nm and around 900 nm 4 dai (Figure 2C). A plateau pattern was observed in the spectral range from 550 to 690 nm from 7 dai. The plants show necrotic spots on the leaf surface from 5 to 6 dai.
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FIGURE 2. Multispectral signatures of B. graminis f.sp. hordei inoculated H. vulgare leaves cv. Ingrid WT (A), mlo3 (B), and Mla12 (C) 0–8 dai and corresponding RGB images 7 dai. Susceptible WT leaves showed increased reflectance over the entire spectrum during the experimental period (A). The mlo3 genotypes showed a slight increase around the green peak and NIR (B). Reflectance intensity of Mla12 increased especially around 680 nm (C) (n = 64 × (≥150) biological replicates × technical replicates).



The Pallas Mla1 genotype showed similar changes in the spectral reflectance already 2 dai (Figure 3A). Small necrotic spots were also visible on the leaves from 5 to 6 dai. In contrast, the mlo5 genotype showed several bleached spots (Figure 3B). The multispectral signature revealed a slight increases in the intensity from 380 to 660 nm. The reflectance intensity in the NIR range showed a continuous increase.


[image: image]

FIGURE 3. Spectral characteristics of B. graminis f.sp. hordei inoculated H. vulgare leaves cv. Pallas Mla1 (A) and mlo5 (B) 0–8 dai and corresponding RGB images 7 dai (n = 64 × (≥150) biological replicates × technical replicates).





3.3. Automatic Classification of Barley Genotypes Based on the Interaction With B. graminis f.sp. hordei

Applying the SVM on the multispectral images, the identification of powdery mildew diseased tissue and HR spots was feasible (Figure 4). For the identification of reaction types, two different SVM models were applied. In both analyses, healthy tissue is indicated in green pixels, powdery mildew infested tissue is indicated in blue pixels (Figure 4A), HR spots are indicated in red pixels and non-plant pixels are indicated in black. (Figure 4B).


[image: image]

FIGURE 4. Automatically detected powdery mildew (PM) diseased and HR undergoing pixels applying SVM on multispectral images. In (A,B), representative sections of the multispectral images are illustrated. Healthy tissue is indicated in green pixels and PM diseases tissue in blue pixels (A). Red pixels are indicated tissue undergoing a HR (B). PM and HR pixels are quantified in their ratio to healthy pixels (C). Quantification revealed the susceptible near-isogenic line WT by a high amount of PM diseased pixels from 5 dai. The Mla near-isogenic lines can be identified by high amount of HR pixels. Low pixel ratios for both models are shown for mlo near-isogenic lines.



The ratio determination of powdery mildew diseased pixels and pixels undergoing a HR, revealed a specific pattern which was in accordance with the different barley-powdery mildew interactions (Figure 4C). The quantitative ratios for all investigated near-isogenic lines are shown in Figure 4C. Powdery mildew symptoms can be clearly detected and reach a level of up to 9% of the overall plant pixels. A significant increase in affected pixels was visible at 3 dai with a strong increase till 8 dai. The highest value of the non-susceptibly groups was reached by mlo5 with below 0.6% at the last day. The determined ratio of HR-reactions reached up to 1.15% for Mla12 and up to 0.7% for the Pallas Mla1. For susceptible Ingrid genotype, up to 0.67% of the pixels were determined as HR reactions.

The detection of the susceptible genotype bases mainly on the powdery mildew-ratio whereas the differentiation between Mla and mlo resistance is based on the HR-ratio. In the present experiment, a simple threshold based classification was sufficient for an accurate separation of the classes. The confusion matrix, shown in Table 2 summarizes multispectral images of the individual barley-Bgh interactions 7 dai. All samples (16 plants per multispectral image) were classified correctly, except of one single Mla sample. This sample showed neither powdery mildew symptoms nor a significant number of HR pixels and was therefore assigned to be mlo resistant. An overall accuracy of 95% was reached in the present experiment.



Table 2. Confusion matrix of automatic prediction of susceptible, mlo and Mla based resistant barley near-isogenic lines against powdery mildew based on Support Vector Machine analysis of multispectral images 7 dai.
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4. DISCUSSION


4.1. Temporal Dynamics of Invertase Activity Signatures Allow Early Identification of Barley-Bgh Interactions and Their Functionality Is Assessable by Parallel Multispectral Imaging

Cw-Inv increased especially in mlo and Mla resistant near-isogenic lines over the experimental period. An increase in the activity of invertases in Bgh inoculated leaves will have several consequences. Beside an increased hydrolysis of sucrose to glucose and fructose, the photosynthesis rate is reduced and several defense genes are activated (Scholes et al., 1994; Both et al., 2005; Swarbrick et al., 2006). Recently, investigations by Brugger et al. (2017) highlighted a decreased photosynthetic rate and an increased non-photochemical quenching of mlo3 and Mla1 leaves inoculated with Bgh. This is caused by the light energy, reflected as thermal dissipation and not used for photosynthesis. Swarbrick et al. (2006) hypothesized that a reduced photosynthesis rate is induced by increased Cw-Inv activity and play a role in hexoses generation which may supply energy for the defense response and signaling for defense genes against Bgh. The increased spectral reflectance intensity 500–700 nm from 48 hai is associated with lower rate in photosynthesis of susceptible WT and resistant Mla1 and Mla12. A specific increase of Cw-Inv activity during plant-pathogen interaction was also observed in different systems and trophic styles (Proels and Hückelhoven, 2014). This supports Cw-Inv as a promising biomarker, but several signals are converged at the site of Cw-Inv. Therefore, this potential biomarker must be evaluated for every specific plant-pathogen system. In this study, Cw-Inv and Cyt-Inv showed to be significantly different between the investigated plant-pathogen systems at least during two experimental time points. The spectral reflectance showed similar patterns for the specific interaction and allowed an accurate characterization of the interaction type. Differences on the “omic level” can be induced by their different signal pathways e.g., Mla1 induces Bgh race-specific resistance via a RAR1 independent pathway (Schulze-Lefert and Vogel, 2000; Bieri et al., 2004).

Specific activities of the tested invertase isoenzymes was significant lower in Bgh inoculated WT compared to the corresponding non-inoculated leaves already 0.5 hai. Furthermore, the continuous increase of Vac-Inv activity from 48 hai was in accordance with increased reflectance around 365, 460, and 670 nm of susceptible WT, which is characteristic for powdery mildew pathogenesis (Kuska et al., 2015, 2017; Wahabzada et al., 2015). Such early phenomena was investigated by Nielsen et al. (2000). They have shown an extracellular proteinaceous matrix from the conidia body by electron microscopy already 1 hai. They proposed even an earlier interaction between plant and conidia, because they identified that conidia can uptake low-molecular-weight compounds before germination. This makes Bgh conidia capable of signal- recognition and respond to the host, immediately after the first contact (Nielsen et al., 2000). In this context, it was also shown that cell wall carbohydrates contribute to penetration resistance (Ellinger et al., 2013). Later increased invertase activities in this study are similar to results of Scholes et al. (1994); Both et al. (2005); Swarbrick et al. (2006) and are important to facilitate nutrition uptake by the Bgh haustoria which prefer glucose (Whipps and Lewis, 1981). In addition, the increased spectral reflectance in the green and red range are in accordance with studies by Scholes et al. (1994). They hypothesized a reduced photosynthesis activity due to increased invertase activity, because the increased carbohydrate concentration down regulates the Calvin cycle. These would affect plant development and architecture, which are indicated in the NIR range (Gates et al., 1965; Slaton et al., 2001). But, increasing reflectance between 750 and 1,000 nm in this study was mainly caused by plant growth and leaf overlapping. The decreased reflectance intensity 8 dai is caused due to hang down and overlapping of the barley leaves. Thus, the leaves were in a different height and angle composed to earlier experimental days. This can be avoided using a plant fixation which keep the leaves in position at every day time and will reduce the effect of increasing reflectance intensity over the whole spectrum and experimental period (Mahlein et al., 2012). Further solution, which consider the leaf angle could be the implementation of 3D models for the normalization of spectral reflectance (Behmann et al., 2016). Different state-of-the-art optical approaches and machine learning applications for the estimation of disease severity were realized on the leaf level (Bock et al., 2010; Rumpf et al., 2010; Pethybridge and Nelson, 2015; Kuska et al., 2017; Thomas et al., 2017). Thomas et al. (2018a) established a mini-plot facility in the greenhouse for high-throughput identification and quantification of powdery mildew tolerant barley lines using hyperspectral imaging in the VIS range. For detailed review of limitations and solution statements for spectral imaging in plant breeding processes, we refer to Kuska and Mahlein (2018) and Thomas et al. (2017). In our study, the quantification of diseased and HR pixels was feasible on whole plants using SVM on multispectral images. This enables the characterization of barley-powdery mildew interaction types with a high precision and shows the potential of machine learning methods for high-throughput resistance screening (Behmann et al., 2015). In further trials, the trained model can be applied to identify and characterize unknown genotypes as mlo or Mla resistant, even if the causing locus is unknown so far. For further models, the specific crops and pathogenesis must be investigated. Therefore, the use of specific fungal isolates is essential to identify race-specific resistances e.g., against the wheat stem rust isolate Ug99. Here the isolate overcame wheat resistances and common biological markers are now limited or inoperative (Singh et al., 2011). The here presented technique and method has high potential to identify new promising parental candidates for present and future breeding purposes in a fully automated manner. However, a direct differentiation of the mlo and Mla loci was not realized by the multispectral imaging, which shows the current limitation for practical breeding processes. For such a detailed phenotyping, the coherency of hyperspectral reflectance signatures with physiological and “omic data” must be systematically investigated (Arens et al., 2016; Leucker et al., 2017; Kuska and Mahlein, 2018). New developed markers and resulted new breeding lines can be then tested under different environmental conditions and will be analyzed and assessed by multispectral imaging.

In summary, this study represents a successful proof-of-concept for effective and efficient screening of barley-powdery mildew interaction types in a controlled environment with high-throughput solutions. Data analysis can be highly improved by machine learning approaches. In addition to reduced labor intensity, a pixelwise disease and HR spot estimation was enabled by a SVM which allows a precise barley-powdery mildew interaction type prediction. Consequently, multispectral imaging can be used for high-throughput plant resistance screenings to identify resistant plants and to differentiate them in a controlled environment. The distinct temporal dynamics of changes in activity signatures of invertase isoenzymes can be used for early identification of barley-Bgh interactions, which are assessed on functionality by parallel multispectral imaging. In future approaches, multispectral imaging will be established for different environmental scenarios to analyze the stability of plant resistance in combination with abiotic stress factors. In these scenarios, the combination of metabolic and phenomic profiles will be highly informative.
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Fatty Acid Profile Changes During Gradual Soil Water Depletion in Oats Suggests a Role for Jasmonates in Coping With Drought
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Although often investigated within the context of plant growth and development and/or seed composition, plant lipids have roles in responses to environment. To dissect changes in lipid and fatty acid composition linked to drought tolerance responses in oats, we performed a detailed profiling of (>90) different lipids classes during a time course of water stress. We used two oat cultivars, Flega and Patones previously characterized as susceptible and tolerant to drought, respectively. Significant differences in lipid classes (mono, di and triacylglycerols; [respectively MAG, DAG, and TAG] and free fatty acids [FFA]) and in their fatty acid (FA) composition was observed between cultivars upon drought stress. In Flega there was an increase of saturated FAs, in particular 16:0 in the DAG and TAG fractions. This led to significant lower values of the double bond index and polyunsaturated/saturated ratio in Flega compared with Patones. By contrast, Patones was characterized by the early induction of signaling-related lipids and fatty acids, such as DAGs and linolenic acid. Since the latter is a precursor of jasmonates, we investigated further changes of this signaling molecule. Targeted measurements of jasmonic acid (JA) and Ile-JA indicated early increases in the concentrations of these molecules in Patones upon drought stress whereas no changes were observed in Flega. Altogether, these data suggest a role for jasmonates and specific fatty acids in different lipid classes in coping with drought stress in oat.

Keywords: drought, fatty-acids, jasmonates, lipids, oats, profiling


INTRODUCTION

Lipids play an important role as major energy storage compounds, as essential components of membranes and as signaling molecules (Singh et al., 2002; Vrablik and Watts, 2012). Lipids are usually classified as neutral/simple lipids and polar/complex lipids. Neutral lipids include monoacylglycerols (MAG), diacylglycerols (DAG), and triacylglycerols (TAG), consisting on a glycerol moiety with one, two or three hydroxyl groups esterified to a fatty acid (FA), respectively, and free (unesterified) fatty acids (FFA). Polar lipids (PL) are the majority class accounting for approximately 90% of total lipids and constitute 40% of membrane dry matter (Thi et al., 1990). Crucially, they contain a polar moiety but this is also linked to a glycerol backbone that may be also esterified to a variety of FAs. Thus, a particular lipid class will include numerous various molecular species differing in the nature of their FAs. The length of the acyl chains of these FAs usually ranges from 10 to 24 carbon atoms and may be fully saturated or unsaturated with double bonds at different positions. Both the length and the level of fatty acid saturation can confer distinct properties to a fatty acid. For instance, the presence of even a single double bond greatly reduces the ability of fatty acids to pack together in membranes allowing for increased fluidity (Vrablik and Watts, 2012). In addition, long chain polyunsaturated fatty acids may act as precursors for signaling molecules. For instance, linolenic acid (18:3) released from complex lipids by phospholipase activity is the precursor for phyto-oxylipin biosynthesis (Blee, 2002).

Oat (Avena sativa) currently ranks at around sixth in world cereal production statistics (FAO). This is due partly to the good adaptation of oat to different soil types including marginal soils where oats can perform better than other small-grain cereals (Stevens et al., 2004; Buerstmayr et al., 2007; Løes et al., 2007; Ren et al., 2007). However, oat transpiration rates and hence water requirements are higher than that of other small grain cereals (Ehlers, 1989). Thus, oats are especially susceptible to grain abortion caused by drought, which shows as empty white spikelets (Sánchez-Martín et al., 2017). Therefore, there is a need to derive oats lines with higher yields under water-limited conditions. Indeed, drought is considered the most important stress in reducing crop quality and productivity worldwide compromising both economic output and food security (Farooq et al., 2009).

Understanding plant tolerance to drought is therefore of fundamental importance and has been the object of extensive investigations over the last decade (reviewed in Osakabe et al., 2014). These have revealed part of the intricate network of genes induced upon drought stress including those involved in ABA, late embryogenesis abundant (LEA) protein, chaperone biosynthesis, those related to reducing reactive oxygen species (ROS) or ion homeostasis. Additionally, key transcription factors regulating drought-responsive gene transcription have been identified such as MYB, MYC, DREB/CBF, ABF/AREB, NAC, and WRKY (Stockinger et al., 1997; Sakuma et al., 2006; Tran et al., 2007; Nakashima et al., 2009). Similarly, drought responsive protein kinases, such as RPK1, SNF1-related protein kinase 2C, the guard cell-expressed calcium-dependent protein kinases CPK3 and CPK6 (Agrawal et al., 2003; Umezawa et al., 2004; Mori et al., 2006; Osakabe et al., 2010) have also been identified. These drought responsive features have been defined from studies in model species such as Arabidopsis. However, a number of studies show substantial dissimilarities in drought tolerance responses between model plants and crops, and even between closely related crops. Therefore, it is necessary to explore the responses leading to drought tolerance for a given species and especially in economically important crops.

From the biochemical point of view, most studies aiming to decipher drought tolerance mechanisms have focused on changes in polar metabolites and associated metabolic pathways. As a result, these studies have highlighted a role for sugar alcohols (e.g., mannitol) or sugars (e.g., raffinose family oligosaccharides), and also amino acids (e.g., proline) and amines (e.g., glycine, betaine, and polyamines). The function of these metabolites is (i) as solutes that stabilize enzymes, membranes and other cellular components, (ii) as osmolytes to reduce cellular dehydration; and (iii) as chelating agents that sequester metals and inorganic ions (Guy et al., 2008). Our own previous studies in oat revealed an important function for salicylate signaling pathways and the modulation of carbon, antioxidant and photo-oxidative metabolism (Sánchez-Martín et al., 2012, 2015). Fewer studies have attempted to discern the role of non-polar metabolites, such as lipids, in drought tolerance responses. Nevertheless, these have suggested a role for lipid metabolism in coping with drought (e.g., Gigon et al., 2004) but the underlying mechanisms are largely unknown.

In order to shed light on the role of lipids in drought tolerance in oats, we profiled more than 90 FAs for each of the main lipid classes (i.e., PLs, MAGs, DAGs, TAGs) and FFAs in two well characterized oat genotypes differing in their response to drought (Sánchez-Martín et al., 2012, 2014, 2015, 2017). Since the experimental design was also similar to our previous studies (i.e., Sánchez-Martín et al., 2015) it was possible to relate the results with previously observed changes in polar metabolites and associated biochemical pathways. These studies and targeted assays suggested a role of the production of the jasmonate phyto-oxylipin class in stress tolerance.



MATERIALS AND METHODS

Plant Material, Growth Conditions and Sampling

All experiments were carried out with the oat cultivars (cvs) Flega and Patones, which are susceptible and tolerant to drought stress, respectively (Sánchez-Martín et al., 2012). Patones, which is well adapted to Mediterranean agroclimatic conditions, was developed by “Plant Genetic Resources Center” (INIA, Madrid, Spain), which also provided the seeds. Flega was developed by the Cereal Institute (Greece). Details of the genetic relationships between these cultivars have been previously reported in Montilla-Bascón et al. (2013).

Experiments were carried out with 3-week old seedlings in line with such studies as (Xiao et al., 2007; Hao et al., 2009; Gong et al., 2010; Sánchez-Martín et al., 2012). Experiments were carried out according to Sánchez-Martín et al. (2015): “Seedlings were grown in 0.5 L pots filled with peat: sand (3:1) in a growth chamber at 20°C, 65% relative humidity and under 12 h dark/12 h light with 250 μmol m−2 sec−1 photon flux density supplied by white fluorescent tubes (OSRAM). During growth, trays carrying the pots were watered regularly. At day 21, watering was withheld in those plants selected for drought treatment for a period of 18 days. Control plants were watered as described above throughout the whole experiment. During the drought treatment, the relative water content of the soil was monitored daily and reached approximately 20% by day 18. As previously observed (Sánchez-Martín et al., 2012, 2015), no significant differences were observed in the soil water content when growing either of the two genotypes during the drought treatment. This indicated that they were subjected to similar water stress during the whole experiment. Sampling times were chosen to cover different levels of sRWC: mild water deficit (9 daww, 40–45% sRWC), moderate water deficit (12 daww, 30–35% sRWC), high water deficit (15 daww, 20–25% sRWC) and severe water deficit (18 daww; 15–20% sRWC).”

At the set time points (9, 12, 15, and 18 days), the second leaf of each oat plant from the different cultivars and treatments was harvested from watered and droughted plants, rapidly frozen in liquid nitrogen and lyophilised. Six replicate samples per time point, cultivar and treatment were assessed. Each sample consisted of a pool of 4 leaves, each one from an independent plant. Following sampling, the plant was discarded.

Assessment of Drought Symptoms

Assessment of drought symptoms was carried out on 10 replicates per genotype/treatment. The method of drought assessment was according to Sánchez-Martín et al. (2012, 2015). “Drought severity values were assessed daily according to a 0–5 scale where 0 = vigorous plant, with no leaves showing drought symptoms; 1 = one or two leaves (older leaves) showing slight drought symptoms in the tips (less turgor) but most leaves remain erect; 2 = several leaves showing a slight decrease in the turgor, however, most of the leaves still show no drought symptoms; 3 = leaves showing bending of the tip although the rest of the leaf remain turgid, incipient yellowing of the older leaf; 4 = all leaves showing drought symptoms including incipient wilting and/or yellowing of the older leaf; 5 = all leaves starting to appear rolled and/or shrunken. The scoring corresponds approximately to the following leaf relative water content: 1 = 80–85%; 2 = 70–75%; 3 = 55–65%; 4 = 40–50%; 5 = 30–35%. Daily visual scoring data were used to calculate the area under the drought progress curve (AUDPC) similarly to the area under the disease progress curve widely used in disease screenings (Jeger and Viljanen-Rollinson, 2001) using the formula:
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where Si is the drought severity at assessment date i, ti is the number of days after the first observation on assessment date i and k is the number of successive observations.

Lipid Extraction, Fractionation and Quantification

The extraction and analyses of total fatty acids were performed as described by Kramer and Zhou (2001) and Mossoba (2001). Briefly, 100 mg of freeze-dried material were ground and 100 μL of internal standard (C23, 15 mg/mL) and 2 mL of chloroform:methanol (2:1, v/v) were added. The extracts were mixed for 5 min on an orbital shaker and were centrifuged for 5 min at 2000 rpm. The extraction procedure was repeated twice more and the supernatants were mixed. The final extract was divided in two halves and dried completely under a nitrogen stream at 50°C and subsequently stored at −20°C. One part was methylated by direct-transesterification according to Sukhija and Palmquist (1988) and used for the fatty acid profile by gas chromatography; the other part was resuspended in 1 mL of chloroform:methanol (2:1, v/v) and used for lipid fractionation as described by Nichols (1963). Fractions were subjected to a similar methylation procedure in order to determine the fatty acid profile of each fraction. Gas chromatography was performed according to Huws et al. (2011). The gas chromatograph (CP-3800, Varian, ıPalo Alto, CA, United States) was equipped with a flame ionization detector, automatic injector, split injection port and a 100 m fused silica capillary column (i.d., 0.25 mm) coated with 0.2 mm film of cyanopropyl polysiloxane (CP-Sil 88; Varian) using hydrogen as the fuel and helium as the carrier gas. The total FAME profile in a 1 ml sample at a split ratio of 1:30 was determined using a temperature gradient program described by Lee et al. (2005). Detection temperature was set at 255°C and injection temperature at 250°C. The temperature profile of the oven was as following: temperature was set at 70°C during 1 min then increased 5°C per min until 100°C, this temperature was held for 2 min, then increased by 10°C per min to 175°C, held for 34 min, increased by 4°C per min to 225°C and then held at this temperature for 29 min. The line pressure was set at 40 p.s.i. during the first 52.5 min and then increased by 0.5 p.sp.i. per min to 45 p.s.i. and held until the run finished. Peaks were identified by comparison of retention times with authentic FAME standards (ME61, Larodan fine chemicals, Malmo, Sweden; S37, Supelco, Poole, Dorset, United Kingdom) and quantified using the internal standard using the Varian star 6.4.1 software (Varian).

Jasmonate Quantification

Jasmonate quantification was performed according to de Ollas et al. (2013). A sample of 0.4 g of frozen plant material was extracted in 5 mL of distilled water, after spiking with 100 ng dihydrojasmonic acid as internal standard. After centrifugation at 4000 g at 4°C, supernatants were recovered and pH adjusted to 3.0 with 30% acetic acid. The acidified water extract was partitioned twice against 3 mL of di-ethyl ether. The organic layer was recovered and evaporated under vacuum in a centrifuge concentrator. The dry residue was then resuspended in 1 mL of a 10% MeOH solution by gentle sonication. The resulting solution was filtered and directly injected into a HPLC system (Acquity SDS UPLC, Waters Corp., Milford, MA, United States). Separations were carried out on a C18 column (C18 Gravity, 1.8 μm particle size, 50 × 2.1 mm, Macherey-Nagel, Germany) using a linear gradient of MeOH and water supplemented with 0.1% acetic acid at a flow rate of 300 μl min−1. Jasmonates (12-oxophytodienoic acid, OPDA; jasmonic acid, JA and jasmonoyl isoleucine, JA-Ile) were quantified with a TQS triple quadrupole mass spectrometer (Micromass Ltd., Manchester, United Kingdom) connected online to the output of the column through an orthogonal Z-spray electrospray ion source. Transitions for JA/DHJA (209 > 59/211 > 59), OPDA (291 > 165), and JA-Ile (322 > 130) were monitored in negative ionization mode. Quantitation of plant hormones was carried out by external calibration using standards of known concentration. Processing of chromatograms, integration of peaks and quantitation was performed with Masslynx 4.1 software (Micromass Ltd., Manchester, United Kingdom).

Data Analysis

All experiments were performed in completely randomized designs. For ease of understanding, means of raw percentage data were presented in Tables and Figures. However, for statistical analysis, data recorded as percentages were transformed to arcsine square roots to normalize data and stabilize variances before being subjected to analysis of variance using SPSS software. Afterward, residual plots were inspected to confirm data conformed to normality. Shapiro–Wilk test and Bartlett’s test was performed to test normality and homogeneity of variances respectively. Significance of differences between means was determined by LSD and contrast analysis (Scheffe’s). Linear regression analyses were used for calibration of all analyzed metabolites. Calibration curves were described by the following linear equation: y = ax + b, where y is the metabolite area and x is the concentration. The slope, intercept and correlation coefficient were calculated for each regression curve. The limits of detection (LOD) and limit of quantitation (LOQ) were determined based on the linear regression across the concentration range used for calibration. LOD and LOQ were calculated as the ratio 3Sa/b and 10Sa/b, respectively, where Sa is the standard deviation of the response and b is the slope of the calibration curve. For multivariate analyses, the data were analyzed using canonical analysis.



RESULTS

As expected (Sánchez-Martín et al., 2012, 2015) cv. Flega was susceptible and Patones resistant to drought. Flega showed earlier drought symptoms than Patones starting as a slight loss of turgor in the tip of the older leaves and then progressing down the leaf and into younger leaves as soil water content decreased. This was accompanied by a yellowing of the older leaves at the latter stages of water deficit. Thus, by the end of the experiment, Flega plants were scored at a 5 value and showed drought associated senescence in the first leaves, whereas Patones plants did not reach a score of 4 and were visually healthier than Flega (Sánchez-Martín et al., 2015). Importantly, even in Flega, plants were still far from the wilting point which usually occurred > 10 days later at c.a. 6–9% sRWC.

Total Lipid and Lipid Fraction Contents

In both, Flega and Patones total lipid content was significantly (p < 0.001) reduced during the 18 days experimental period. However, no significant differences were observed between treatments or genotypes indicating that the lesser lipid content was related to the developmental changes in the leaves that were common to both genotypes (Figure 1).
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FIGURE 1. Total Lipids. Total lipids were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error.



Overall, the polar fractions contained by far the most lipids accounting for nearly 90% of the total lipids. This was followed by the fractions containing MAG+DAG (4.5%) and TAG (3.6%) and finally the FFA fraction with less than 2.5% (Figure 2A). These relative proportions were similar for both genotypes. However, when each of the fractions was analyzed in detail, significant differences were found with treatment and sampling time (Figure 2B).
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FIGURE 2. Lipid fractions. (A) Lipid fraction distribution. Total lipids were separated cromatographycally in four lipid fractions: polar (PF), mono and di-acylglicerides (MAG + DAG), triacylglicerides (TAG) and free fatty acids (FFA) and their proportions calculated. (B) Lipid Fraction dynamic over a drought time course. Each lipid fraction was quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗, ∗∗, and ∗∗∗ indicate significant differences at P < 0.05, 0.01, and 0.001, respectively.



Polar fraction content did not differ significantly between Flega and Patones under well-watered conditions. However, when exposed to drought, a significant reduction of PLs compared to control plants was observed in Flega from 15 days after withholding water (daww; P < 0.001) reaching more than 15% reduction at 18 daww. In contrast, in Patones, there was a slight but insignificant loss of PLs. MAG and DAG accumulation patterns in Flega and Patones were also different. Whereas no significant differences were observed between droughted Flega and control plants, in Patones plants both MAG and DAG increased very early (6 daww) reaching a twofold increase at the latest sampling time, 18 daww (Figure 2B). However, the content of TAG increased earlier and higher in Flega plants under drought than in Patones with drought (Figure 2B). Considering the FFA fraction, no differences were seen in Patones plants exposed to drought compared to controls, and only a very late, albeit dramatic, increase at 18 daww was observed in Flega (Figure 2B)

Fatty Acid Profiling Within Lipid Fractions

Polar Fraction

A more detailed analysis of the content of the different FA components within each of the different lipid fractions showed that out of the 92 FAs analyzed only 19 were detected in the oats (Supplementary Table 1). The polar fraction possessed the widest range of FAs (Supplementary Table 1) although most of them were in a very low proportion (<1% of the fraction) and exhibited no differences between genotypes or treatment. Only three FA exceeded 5%, C18:3 n3 (linolenic acid) being the most abundant at 74% of the fraction, followed by C16:0 (palmitic acid) at 11.9% and C18:2 cis9 cis12 (linoleic) with 8.9% (Figure 3A). Droughted Patones but not Flega plants slightly increased the content of these major FA in the polar fractions compared to well-watered controls at the earliest time-points assessed. At latter times points (15 and 18 daww) both Flega and Patones plants tended to decrease the content in linolenic acid (Figure 3B). The effect of the drought stress in the content of the other minor FA of this and the other fractions are available in Supplementary Figure 1 as a heat map. These did not show any significant differences with drought.
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FIGURE 3. Fatty acid content of Polar fraction. (A) Fatty acid distribution within polar fraction. The proportion of fatty acids detected in the polar fraction was calculated from a profiling of 92 fatty acids. (B) Fatty acid content. Fatty acids accounting for at least 5% of the fraction were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗, indicate significant differences at P < 0.05.



Mono- and Di-acylglyceride Fraction

Only 9 FA out of the 92 assessed were detected in the MAG and DAG fractions. From these, three FA exceed 5% of the total in this fraction being linolenic acid (the most abundant FA of this lipid fraction), followed by palmitic and linoleic acid (Figure 4A). This was similar to the accumulation patterns observed in the PF. Interestingly an unidentified FA accounting by more than 30% was observed within the MAG and DAG fraction. However, no significant differences were observed between genotypes and treatment regarding this FA.
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FIGURE 4. Fatty acid content of mono- and di-acylgliceride fraction. (A) Fatty acid distribution within mono- and di-acylgliceride fraction. The proportion of fatty acids detected in the fraction was calculated from a profiling of 92 fatty acids. (B) Fatty acid content. (C) Fatty acids accounting for at least 5% of the fraction were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗ and ∗∗ indicate significant differences at P < 0.05 and 0.01, respectively.



The total content of the FA of this fraction significantly increased in cv. Patones under drought compared to the well-watered controls (P < 0.001) from the earliest time-point assessed. Flega plants followed a similar trend but the differences were not significant between droughted and well-watered plants (Figure 4B). Analysis of the MAG and DAG fractions showed a significant increase of palmitic acid (C16:0) in Flega plants under drought with respect to their controls at 15 and 18 daww (Figure 4C). Such an increase was observed in Patones plants only at the latest time point and not as high as in Flega (Figure 4C). Contrary to this, Patones plants showed significant increases of linolenic acid (C18:3) at most time points of the drought time course, which were not observed in Flega. No significant differences were observed in linoleic acid (C18:2) in any genotype or with any treatments.

Triacylglyceride Fraction

Similar to PF and MAG + DAG fractions, the most abundant FA of the TAG fraction were palmitic, linoleic and linolenic acids. However, in the TAG fraction, arachidic fatty acid (C20:0) detected accounted for 5.1% of the fraction and another saturated FA, stearic acid (C18:0), accounted for 4.9% of total TAGs (Figure 5A).
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FIGURE 5. Fatty acid content of triacylgliceride fraction. (A) Fatty acid distribution within triacylgliceride fraction. The proportion of fatty acids detected in the fraction was calculated from a profiling of 92 fatty acids. (B) Fatty acid content. Fatty acids accounting for at least 5% of the fraction were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗ and ∗∗ indicate significant differences at P < 0.05 and 0.01, respectively.



Overall, no significant differences in FA content of TAG fraction were observed in Patones plants under drought compared to their controls. However, important changes were observed in Flega. This genotype had an early (9 and 12 daww) and slight decrease of palmitic and linoleic acids followed by a dramatic increase at 15 and 18 daww of all the majority FAs of this fraction with palmitic acid increasing by 52% (P < 0.001), linoleic acid by 52.6% (P = 0.002), linolenic acid by 58.2% (P < 0.001) and arachidic acid by 47.5% (P = 0.006) (Figure 5B). Stearic acid followed a similar trend to that of arachidic acid (data not shown).

Free Fatty Acid Fraction

Unlike the other fractions, in the FFA fraction, the proportions of all FAs detected were higher than 1% (Figure 6). The most abundant FAs of the FFA fraction were linolenic (33.2%), palmitic (24.6%), stearic (10.9%) and linoleic (9.6%) acids. Two additional FAs, arachidic and eicosatrienoic and/or behenic acids were also detected accounting for more than 5% of the total fraction (Figure 6A). Since it was not possible to distinguish between eicosatrienoic and behenic acids, they were not included in the analysis.
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FIGURE 6. Fatty acid content of free fatty acid fraction. (A) Fatty acid distribution within free fatty acid fraction. The proportion of fatty acids detected in the fraction was calculated from a profiling of 92 fatty acids. (B) Fatty acid content. Four major fatty acid of the fraction were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗, ∗∗, and ∗∗∗ indicate significant differences at P < 0.05, 0.01, and 0.001, respectively.



Analysis of the FFA fraction showed increases in Flega droughted plants of up to 85% for the saturated palmitic, stearic and arachidic acids, compared to controls at the latest points of the drought time course (Figure 6B). Interestingly, the stearic acid and other saturated FAs in the other fractions also increased differentially in Flega plants under drought (Supplementary Figure 1). This increase in the saturated fatty acids of the FFA fraction was not observed in Patones.

Overview of FA Changes Linked to Drought Tolerance

In order to determine the most important changes discriminating the behavior of the two oat cvs during the drought time course, FA profiles were subjected to canonical variate analysis (CVA). This analysis showed that MAG + DAG and TAG fraction discriminated the response of the two oat genotypes under drought (Figure 7). Interestingly, FAs of the MAG+DAG fraction did not discriminate between both genotypes under well-watered conditions but only under drought conditions. CVA of the TAG fraction showed that while Flega plants under drought differentiated from the well-watered controls, no significant differences were observed in resistant Patones plants (Figure 7).
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FIGURE 7. Multivariate analysis of susceptible and resistant oat genotypes according to the different fatty acids assessed. Scatterplot of Canonical variates analysis scores of components 1 and 2 based on the profile of fatty acids within each of the different lipid fractions were performed in drought susceptible Flega and resistant Patones well-watered plants (FW and PW, respectively) and during a time course of water stress (FD and PD, respectively).



Again to provide an overview of FA changes the Double Bond Indices (DBI) and Polyunsaturated-Saturated (PUFA/SFA) ratios were calculated for Flega and Patones with each treatment. Overall, the watered controls of both genotypes showed similar DBI and PUFA/SFA ratios. However, when focusing on the changes of the droughted plants compared to their controls, important differences between genotypes arose. DBI and PUFA/SFA ratio in the PF decreased in Flega and Patones plants under drought with respect to their controls, albeit this decrease started earlier in Flega than in Patones (Table 1). The DAG fraction showed the largest differences between genotypes (P < 0.006). Compared to controls, DAGs in droughted Flega plants showed reduced DBI and PUFA/SFA ratios of approximately 15 and 10% respectively, but in Patones plants exhibited increases in both DBI and PUFA/SFA ratios of approximately 45%. A similar increase was also observed in DBI and PUFA/SFA ratio of the TAG and FFA fraction in Patones whereas Flega showed decreases of both parameters at several time points in DAG, TAG and FFA fraction with a marked increase at 15 daww in the TAG fraction. Interestingly, linolenic acid, which was the major fatty acid in all fractions, were positively correlated with DBI for the polar (r = 0.75; P < 0.01) and negatively correlated for the TAG (r = −0.59; P < 0.05) fractions in plants subjected to drought whereas no correlation were observed in well-watered controls plants.

TABLE 1. Double bond index (DBI) and ratio between polyunsaturated and saturated fatty acid (PUFA/SFA) for polar lipid fraction (PF), diacylglycerides (DAG), triacylglycerides (TAG) and free fatty acids (FFA) in oat genotypes Flega (susceptible) and Patones (tolerant) during a time course of increasing water stress at 9, 12, 15, and 18 days after withholding water (daww).
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Linolenic Acid and Jasmonates

The detailed profile of FAs described above suggested that there were interconversions of the lipids between different fractions and in particular in the FA profile within fractions. The most important change that discriminated between drought susceptible Flega and resistant Patones related to linolenic acid. Thus, when values were referred as percentage of the total fraction we observed that the susceptible Flega tended to reduce the proportion of linolenic acid of the polar fraction during the drought time course whereas Patones showed relative increases of linolenic acid all over the drought time course in the MAG + DAG and FFA fraction (P < 0.02 and 0.004, respectively) (Figure 8).
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FIGURE 8. Dynamic of 18:3 fatty acids during drought respect total lipid fraction. Linolenic acid was quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗, ∗∗, and ∗∗∗ indicate significant differences at P < 0.05, 0.01, and 0.001, respectively.



Since linolenic acid is the precursor of the JAs, which are involved in signaling during stress responses, we measured changes in JA, the isoleucine (Ile) conjugate of jasmonic acid (JA-Ile) and the JA precursor 12-oxophytodienoic acid (OPDA). Interestingly, JA and Ile-JA increased significantly in Patones leaves compared to well-watered controls during the drought time course (P < 0.05 and 0.001, respectively) (Figure 9). However, no changes in jasmonates were observed in Flega. This correlation suggested a role for jasmonate in coping with drought stress.
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FIGURE 9. Jasmonate content during a drought time course. Jasmonic acid, Ile-jasmonic and OPDA were quantified in drought susceptible Flega (triangles) and resistant Patones (circles) well-watered plants (open symbols) and during a time course of water stress (solid symbols) (9, 12, 15, and 18 days). Data are mean of five replicates ± standard error. ∗ and ∗∗ indicate significant differences at P < 0.05 and 0.01, respectively.



Interestingly no correlation was observed in well-watered plants between JA and DBI. However, under drought conditions there was a positive correlation between JA and DBI albeit only in the DAG fraction (r = 0.66; P < 0.01). Similarly, no correlation was found between JA and linolenic acid in well-watered plants but a positive correlation were observed for these metabolites in the DAG fraction (r = 0.60; P < 0.05) following drought. This suggests a drought induction of the pathway leading to linolenic acid in the DAG fraction and JA biosynthesis.



DISCUSSION

It is now accepted that FAs and lipids are more than simply storage compounds or structural components of membranes. They also regulate processes such as growth and development and responses to biotic and abiotic stresses for acclimation (Upchurch, 2008). Our previous metabolomic studies on drought tolerance in oats have focused in polar metabolites (Sánchez-Martín et al., 2015), but clearly, the potential roles of lipids and FAs should also be considered.

Considered as a whole, we did not observe differences in the total lipid content between the susceptible and resistant oat genotypes or between the drought-stressed plants compared to their well-watered controls. During the course of the drought experiments a slight reduction in total lipids was observed in all genotypes and treatments, probably reflecting the process of slowly natural leaf senescence during the 40 days period of the experiment. The oxidation and release of membrane fatty acids are known to be involved in senescence process (Chapman, 1998).

More detailed analyses showed differences in each of the lipid classes and their FAs. These showed significant differences between the drought responses of resistant and susceptible genotypes. Interestingly, the observed patterns appeared consistent with a re-distribution of already existing FAs to give different profiles. Thus, in Flega the dramatic reduction in PL correlated well with increases in TAG and FFA, whereas in Patones the slightly reduction in PL under severe stress correlated with an increase in DAG at this time point. There were slight increases of MAG+DAG over the whole time-course in Patones in absolute values (Figure 4); possibly indicating the biosynthesis of minority neutral lipid classes.

The dramatic reduction of PL observed in Flega during the drought time-course could reflect membrane damage that would agree with previous studies that reported an inhibition of lipid biosynthesis under drought stress (Thi et al., 1990; Depaula et al., 1993). This decrease in the PL of Flega leaves during the drought time-course correlated with our previously reported increases in lipolytic activities (Sánchez-Martín et al., 2012). This may lead to losses in cell compartmentation and protein function (Gigon et al., 2004). Such changes in the composition of the lipid bilayer would influence lipid-protein and protein–protein associations, membrane-bound enzyme activities and the carrier-mediated transport capacity of membranes which are essential for cell division, biological reproduction and intracellular membrane trafficking (Quartacci et al., 2002). It would be expected that in stressed Flega plants the reduction in polar lipids would severely impair such functions, a feature not observed in the resistant genotype until severe water deficit. Beyond this, cell membranes are also the first receptors of stress achieved through quantitative changes in the unsaturation level of the membrane fatty acids (van Meer et al., 2008). These can have two effects, altering the rigidity of the cell structure and also associated signaling events.

Our data, taken along a relatively long period of increasing water deficit, report a sharp decrease in linolenic acid of the polar fraction in the sensitive accession at moderate water stress. This contrasts with the resistant genotype Patones where levels of linolenic acid stay constant for most time points and only slightly decreases at severe stress could be observed. The reduction in 18:3 levels in Flega correlated with an earlier decrease in the double bond index and PUFA/SFA ratio. Linolenic acid is the major fatty acid of PLs. In the case of Avena, it accounts for approximately 74% of total PLs and is mainly concentrated in the chloroplast membranes. Linolenic acid is crucial to maintain membrane integrity and the functionality of integral membrane proteins, such as the proteins forming the photosynthetic machinery hence, its concentration decrease has a major impact on photosynthesis (Upchurch, 2008). In addition, the degradation of linolenic acid and other polar lipids release FFAs and lipid hydroperoxides, which trigger the senescence process (Leshem et al., 1986). Interestingly, a reduction in photosynthesis and the induction of senescence symptoms can be observed in Flega at moderate drought stress, which are not observable in the resistant Patones (Sánchez-Martín et al., 2015).

Patones showed significant increases in the content of linolenic acid within the MAG + DAG pool and also in the FFA fraction (Figure 8) whereas in Flega the levels of this compound did not change or even reduced. Linolenic acid is the precursor of jasmonates (JAs), important signaling molecules involved, among other processes, in stress resistance. Although a role for JAs in the adaptation to drought stress has been suggested, the molecular mechanisms of the role of JAs in drought stress-signaling are still mostly unclear (Riemann et al., 2015). Indeed, JAs have been reported to improve drought tolerance in some studies but others suggest that it causes a reduction in growth and yield. These differences could depend on the type of plant and tissue assessed, intensity and duration of drought stress and, where exogenous applications are performed, on the JA dosage applied (Kim et al., 2009). Our results show an increase of free linolenic acid in the resistant genotype from the earliest sampling time assessed. This increase was associated with JA and Ile-JA accumulation but not its biosynthetic intermediate 12-OPDA. The increase in free linolenic acid in Patones was at least 15-fold excess over that required to account for the levels of newly synthesized JA (Conconi et al., 1996). Despite this considerable increase, in absolute levels it is a minor proportion of membrane lipids so, in agreement with previous reports, JA increases do not result in a change in total lipid content (Conconi et al., 1996). JAs could play an important role in signaling drought-induced antioxidant responses, in particular related to ascorbate metabolism (Ai et al., 2008), which is a feature of Patones plants under drought (Sánchez-Martín et al., 2015). In addition to changes in linolenic acid, lipoxygenase activity (LOX) is also linked to jasmonate biosynthesis but also to lipid peroxidation. Whereas no differences in LOX activity has been described in well-watered Flega and Patones plants a significant increase in LOX activity in water-stressed plants were observed (Sánchez-Martín et al., 2012). Interestingly, while there was a significant correlation between the level of LOX activity and lipid peroxidation in susceptible Flega, this correlation was not found in the resistant Patones. Overall, the pattern of early free linolenic acid and jasmonates accumulation in Patones plants and the lack of correlation with lipid peroxidation suggests a role for these signaling molecules driving the resistant response.

As stated above, the dramatic reduction of polar lipids in Flega was accompanied by an increase in TAG. The formation of TAG, as a result of membrane lipid hydrolysis have been observed previously during drought stress for desert shrubs (Benadjaoud et al., 2013), forage grasses (Perlikowski et al., 2016), a resurrection plant (Gasulla et al., 2013), also in crop species (Thi et al., 1990) and as a result of other abiotic stresses (Sakaki et al., 1990). In contrast to the membrane functions of PLs, the functional significance of TAGs in vegetative tissues has not been fully described. It has been suggested that the accumulation of TAG might be a way of regulating the levels of FFA, which disrupt a range of membrane functions (Mckersie et al., 1988; Singh et al., 2002). This might explain the effects of the substantial FFA accumulation at the latest sampling time of the drought time-course in Flega which could cause an unbalance between the increase of PLs released from the membrane and the capacity to esterify the resulting FFA to TAG. Alternatively, the accumulation of TAG is a mechanism for dissipation of excess radiation energy in leaves that is induced at increased levels of photoinhibition (Marchin et al., 2017). The rationale of this hypothesis is that the production of the energy-rich reduced carbon compounds requires about twice the energy of carbohydrate biosynthesis (Solovchenko, 2012). This fits well with our observations since from 15 daww the level of photoinhibition was significantly increased in Flega (Sánchez-Martín et al., 2015).

With Patones and not Flega, we observed a rapid increase in DAG from the earliest sampling time assessed and all along the stress period. DAG is an important signaling molecule in animal cells, binding to the C1 domain of key signaling proteins as protein kinase C and activating them (Munnik and Testerink, 2009). In plants, phosphatidic acid (PA; the phosphorylated product of DAG) rather than DAG itself has been most often implicated as a major secondary messenger (Munnik and Testerink, 2009). However, DAG itself may act as a signaling molecule during plant development and in response to certain environmental stimuli (Dong et al., 2012). For example, progressive dehydration in Vigna unguiculata led to the accumulation of the transcripts of two PA phosphatases genes, involved in the catalysis from PA to DAG (Franca et al., 2008). Irrespective of the involvement of DAG itself or PA, the fast increase in this lipid class suggests early signaling events in Patones leading to processes that avoid drought-related damage.

Our previous reports, suggest that in Flega, rapid stomatal closure, a later induction or low photorespiration and a weak induction of antioxidant pathways lead to an increase in ROS, damaging the photosynthetic apparatus, and reducing cell membrane stability (Sánchez-Martín et al., 2015). Here, we extend this study to show that this decrease of the cell membrane stability is supported by the decrease in membrane lipids observed together with the increase in saturated FA and a reduction of the double bond index and PUFA/SFA ratio. This can be related to the observed triggering of drought-induced senescence. Accumulation of TAG could be related to a survival response in this genotype in an attempt to reduce the levels of free fatty acids and hence damage. By contrast, Patones is characterized by the fast induction of metabolic responses suggesting either a lower stress threshold or faster drought sensing for triggering a response (Sánchez-Martín et al., 2015). This was also reflected in the early induction of signalisation related lipids and fatty acids, such as DAGs and linolenic acid and their related JAs derivatives driving processes probably related to impair oxidative stress.
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Boron (B) is an essential micronutrient for seed plants. Information on B-efficiency mechanisms and B-efficient crop and model plant genotypes is very scarce. Studies evaluating the basis and consequences of B-deficiency and B-efficiency are limited by the facts that B occurs as a trace contaminant essentially everywhere, its bioavailability is difficult to control and soil-based B-deficiency growth systems allowing a high-throughput screening of plant populations have hitherto been lacking. The crop plant Brassica napus shows a very high sensitivity toward B-deficient conditions. To reduce B-deficiency-caused yield losses in a sustainable manner, the identification of B-efficient B. napus genotypes is indispensable. We developed a soil substrate-based cultivation system which is suitable to study plant growth in automated high-throughput phenotyping facilities under defined and repeatable soil B conditions. In a comprehensive screening, using this system with soil B concentrations below 0.1 mg B (kg soil)-1, we identified three highly B-deficiency tolerant B. napus cultivars (CR2267, CR2280, and CR2285) among a genetically diverse collection comprising 590 accessions from all over the world. The B-efficiency classification of cultivars was based on a detailed assessment of various physical and high-throughput imaging-based shoot and root growth parameters in soil substrate or in in vitro conditions, respectively. We identified cultivar-specific patterns of B-deficiency-responsive growth dynamics. Elemental analysis revealed striking differences only in B contents between contrasting genotypes when grown under B-deficient but not under standard conditions. Results indicate that B-deficiency tolerant cultivars can grow with a very limited amount of B which is clearly below previously described critical B-tissue concentration values. These results suggest a higher B utilization efficiency of CR2267, CR2280, and CR2285 which would represent a unique trait among so far identified B-efficient B. napus cultivars which are characterized by a higher B-uptake capacity. Testing various other nutrient deficiency treatments, we demonstrated that the tolerance is specific for B-deficient conditions and is not conferred by a general growth vigor at the seedling stage. The identified B-deficiency tolerant cultivars will serve as genetic and physiological “tools” to further understand the mechanisms regulating the B nutritional status in rapeseed and to develop B-efficient elite genotypes.

Keywords: boron, rapeseed, Brassica napus, phenotyping, boron deficiency tolerance, boron efficiency


INTRODUCTION

The metalloid boron (B) is a microelement essential for growth and development of vascular plants (Blevins and Lukaszewski, 1998; Marschner, 2012). This essentiality is based on the di-ester bond formation of B with apiose residues of the polysaccharide rhamnogalacturonan II (RG-II) thereby establishing crosslinks in the cell wall’s pectin layer determining integrity and stability of cell walls (O’Neill et al., 1996, 2001). B deficiency inhibits root- and shoot meristem activity, cell elongation, and flower development, leading to reproductive failure and ultimately reduced yield (Shorrocks, 1997; Eggert and von Wirén, 2015). At the macroscopic level, these histological B deficiency-mediated disorganizations result in disease-like symptoms such as heart rot ( = dry rot or crown rot) in roots and shoots of, e.g., rapeseed or sugar beet (Bergmann, 1992; Marschner, 2012). B deficiency-derived crop failures are widespread around the globe and soils low in B [<0.25 mg B (kg soil)-1] are found in more than 80 countries (Shorrocks, 1997). Under physiological and most environmental soil conditions relevant for crop plant cultivation, plant available B is present as highly water soluble boric acid (H3BO4, pKa1 = 9.25). Soil pH, pore water, and humidity are major factors affecting B availability and solubility. Strategies to avoid or ameliorate effects of B deficiency usually rely on the application of B fertilizers (Goldbach et al., 2001; Marschner, 2012). The timing of fertilization is however difficult to set as B deficiency with detrimental consequences on plant growth or yield occurs often before visible symptoms appear. The reliable prediction of B deficiency in B-demanding crops is therefore difficult because B deficiency can onset either phenotypically latent and/or only locally linked to certain rapidly occurring weather conditions, such as extensive rainfall (leaching of B) or drought (Pommerrenig et al., 2015). An immediate B supply following the detection of B deficiency symptoms does not completely reverse detrimental effects. Preventative measures such as high B fertilizer dosage applications can also be problematic as the range between B deficiency and toxicity is quite narrow within one species and can be misaligned between different crop species. Slightly excessive B supply for a crop with high B demand can cause toxicity to the crop that is following in the crop rotation cycle (Gupta, 1983; Gupta et al., 1985).

Brassica napus is allopolyploid and originated, probably several times independently, from hybridization between the diploid B. rapa and B. oleracea genome donors about 7500 years ago (Chalhoub et al., 2014). B. napus was cultivated and bred in several regions of the world, and developed globally to one of the major oil crops (oilseed rape) used for animal and human consumption, industrial products, and as a biofuel source (Basunanda et al., 2010). Together with sugar beet, oilseed rape and other Brassica crops have the highest demand for B among crop species (Gupta, 1980). B. napus is extremely sensitive to B deficiency and above-described deficiency symptoms frequently occur under B limiting conditions. Most detrimental for yield, B. napus exhibits a “flowering without seed setting phenotype” when B deficiency occurs during reproductive development. Oilseed rape yield- and quality losses, caused by B deficiency, mainly occur in countries of Northern Europe, Canada, and China (Food and Agriculture Organization of the United Nations, Faostat1). Agriculturally used B. napus cultivars have B concentration requirements higher than 0.5 mg B (kg soil)-1, which exceed the concentrations in many agricultural soils (Shorrocks, 1997), mostly in China, where more than 33.3 million hectares of soils of agricultural land have lower B concentrations (Xu et al., 2001).

Studies investigating B efficiency in B. napus have been conducted since the 1990s (Xue et al., 1998; Stangoulis et al., 2001; Xu et al., 2001, 2002; Yang et al., 2013; Zhang et al., 2014a). Knowledge on physiological, molecular, and genetic factors influencing B efficiency only exists for a very limited number of cultivars (Zhao et al., 2012; Yang et al., 2013; Zhang et al., 2014a, 2017; Yuan et al., 2017; Zhou et al., 2017). Genetic analyses for yield-related traits under low B conditions suggested two major and various minor loci associating with B efficiency traits (Xu et al., 2001, 2002; Zhao et al., 2008, 2012; Zhang et al., 2014a,b). Recently, a strategy combining fine mapping and digital gene expression analyses identified BnaA3.NIP5;1, a Nodulin26-like intrinsic protein (NIP)-encoding gene as the responsible gene for one of those B efficiency loci in B. napus cv. Qingyou10 (Hua et al., 2016). BnaC4.BOR1;1c has also been described recently as an AtBOR1 homolog being crucial for the delivery of B to the inflorescences (Zhang et al., 2017). These findings are in agreement with the knowledge that boric acid-permeable NIP channel proteins in coordination with borate effluxing BOR1 transporters are essential for B uptake from the soil into roots and the subsequent translocation to shoots and flowers in monocot and dicot plants (Miwa and Fujiwara, 2010; Yoshinari and Takano, 2017).

Certain developmental stages are more prone to B-deficiency than others. Most sensitive phases are early leaf development, inflorescence emergence, and flowering. Hence, B deficiency tolerance is a complex trait that is governed by many loci, most of which act at certain restricted developmental phases. Therefore, the breeding of high-yielding oilseed rape lines and hybrids with improved B efficiency and B deficiency tolerance traits at sensitive stages is a highly sustainable approach to face the challenge of low B-containing soils and to deal with spatiotemporally varying B availabilities.

Genotypes exhibiting different or even contrasting nutrient efficiencies can be most useful for the discovery of genomic loci regulating the B nutritional status, B efficiency markers, as well as for understanding phenotypic, molecular, and physiological B deficiency responses of plants (Xu et al., 2002; Zhang et al., 2014a,b). The present study focusses on the identification of cultivars, which are tolerant to B-deficient soil conditions during the first weeks of growth, until about BBCH (“Biologische Bundesanstalt, Bundessortenamt und CHemische Industrie”) stage 15 (Lancashire et al., 1991). Genetic and physiological studies showed that B. napus plants are especially sensitive to B deficiency at these young growth stages and that at this point, the nutrient uptake, the tissue water content, and the seedling vigor highly depend on sufficient and continuous external soil B supply (Zhang et al., 2014b; Eggert and von Wirén, 2015). The identification of genotypes, which are B deficiency tolerant at this early developmental growth stage, would be highly desirable, as they must possess mechanisms ensuring a healthy seedling establishment even under spatiotemporally limiting B conditions. In this context, studies evaluating the basis and consequences of B deficiency would benefit from the development of stable, high-throughput compatible “B-free” soil substrate cultivation systems which allow the identification and characterization of B-efficient cultivars in defined growth conditions.

In this study, we successfully established such a soil substrate-based cultivation system as well as procedures and protocols to conduct B efficiency screenings in automated high-throughput phenotyping facilities under highly defined and repeatable soil substrate nutrient conditions. This allowed us to identify three highly B deficiency tolerant B. napus cultivars among a genetically diverse collection comprising 590 accessions from all over the world. Different phenotyping technologies were employed to unravel the different B-responsive shoot and root growth patterns of cultivars contrasting in their B deficiency tolerance. Moreover, elemental analyses of plants grown under various B conditions suggest a higher B utilization efficiency of identified cultivars rather than a higher B uptake capacity which is characteristic for the so far described B deficiency tolerant B. napus cultivars. Assaying response reactions to other nutrient deficiency treatments suggest that the cultivars identified in this study possess a specific tolerance to B-deficient conditions.



MATERIALS AND METHODS

Plant Material

A manually assembled population of 234 spring-type and 356 winter-type B. napus L. subsp. napus var. napus (Schübl. & Mart.) Thell. accessions was used in this study (Supplementary Data Sheet S1). The B. napus cultivars were retrieved from the IPK Genbank2. The majority of winter-type cultivars are of the “++” type (with erucic acid and high glucosinolate content) to comprise genotypes with a broad genetic diversity. Passport data of used accessions are accessible on-line via the Genebank Information System of the IPK Gatersleben, GBIS/I3. Passport data include for instance the accession number, the scientific name, the accession name, the country of origin, the donor, the biological status, or the life form.

Seed Sterilization

Brassica napus seeds used for the root cessation assay and the hydroponic growth analysis under different nutrient deficiencies were sterilized by adding 10 ml of 4.2% NaOCl to about 2 ml seeds in a 15 ml Falcon tube. The suspension was horizontally shaken for 10 min at room temperature. Seeds were washed three times with 10 ml sterile water and dried on sterile filter paper.

Seed Germination

Seeds germinated on sterile agar medium containing a ½ strength modified Hoagland solution plus 0.3% Agar–Agar (Carl Roth, Germany) after stratification at 4°C for 2 days in the dark. Modified Hoagland solution used for germination contained the following nutrient salts (final concentration in 1× modified Hoagland in parentheses): MES (1 mM) pH 5.8, Ca(NO3)2 (2.5 mM), MgSO4 (2.5 mM), KNO3 (2.5 mM), KH2PO4 (0.5 mM), FeNaEDTA (5 μM), MnCl2 (2.25 μM), ZnSO4 (1.9 μM), H3BO3 (0.625 μM), CuSO4 (0.15 μM), and (NH4)6Mo7O24 (0.05 μM). Two to three days after germination (DAG), seedlings were transferred to an according medium and cultivated in a growth cabinet (Percival Scientific) with 22°C light and 19°C dark temperatures and a 10-h light period with a light intensity of 120 μmol photons m-2 s-1 at 60% humidity.

Soil Substrate Preparation

Soil substrate was a white-peat volcanic clay mixture, a so-called “Fruhstorfer Nullerde” with B levels below 0.1 mg B (kg soil)-1 (as from now on referred to as zerosoil-substrate) (Eggert and von Wirén, 2017). This zerosoil-substrate was supplemented with 0.5% CaCO3 and 0.3% CaO. Calcium concentration was adjusted by mixing 20 kg soil with 1 l of CaCO3 (100 g l-1) and 1 l of CaO (60 g l-1) in a clean cement mixer for 10 min. Thereafter, soil substrate was manually mixed each other day. About 1–2 weeks after preparation clumps were sieved out and the soil (dry matter: ∼30%) was used for the experiments.

Soil Cultivation Greenhouse Experiments With Defined B Conditions

Rapeseed plants germinated and have been grown in pots (∅ 16 cm) filled with 1 kg of zerosoil-substrate in the greenhouse. Plants were watered per pot every 2 days with 250 ml 1× Hoagland solution containing either 2 mM (B 2), 200 μM (B 1), or 0 μM boric acid (B 0) (see Supplementary Data Sheet S2). All solutions additionally contained the following concentrations of nutrients: 7.5 mM NH4NO3, 2.9 mM KH2PO4, 850 μM MgSO4, 340 μM K2SO4, 320 μM MnCl2, 52 μM CuSO4, 20 μM NaFeEDTA, 4.5 μM ZnSO4, and 0.4 μM NaMoO4. Nutrient solutions were prepared out of 100× stock solution mixes with MilliQ water. 100× stock solution mixes were prepared in 1 l plastic bottles (Nalgene): 100× macro element mix (60 g l-1 NH4NO3, 40 g l-1 KH2PO4, 20 g l-1 MgSO4, 6 g l-1 K2SO4), 100× micro element mix (4 g l-1 MnCl2, 1.3 g l-1 CuSO4 × 5H2O, 1.3 g l-1 ZnSO4 × 7H2O, 8.5 mg l-1 NaMoO4), and 100× NaFeEDTA mix (0.7 g l-1). No glassware was used in any process during the preparation of the nutrient solution or the irrigation of the plants to prevent additional input of B into the growth system. For growth analysis at toxic B soil concentrations, plants were germinated in zerosoil-substrate buffered with CaO and CaCO3 and fertilized with nutrient solution as mentioned-above supplemented with either sufficient (4.2 mg B per kg zerosoil-substrate), or toxic (360 or 420 mg B per kg zerosoil-substrate) B levels. Nutrients were supplied to the soil in four subsequent waterings. Thereafter, plants were fertilized weekly with nutrient solution without B. Greenhouse conditions were set to long-day conditions (16 h day/8 h night) at 22/18°C, 60/70% relative humidity, and ∼250 μmoles photons PAR m-2 s-1 light intensity.

Soil Cultivation Growth Experiments in an Automated High-Throughput Plant Phenotyping Facility

The automated phenotyping experiment was conducted at the IPK Gatersleben employing an automated plant transport and imaging system (the IPK automated plant phenotyping system for small plants) situated in a plant growth chamber for controlled environmental conditions (Junker et al., 2015). The experiment included 13 selected accessions (Supplementary Data Sheet S3) with eight replicates per cultivar and treatment (–B, +B, and ++B). Replicates were distributed throughout the system using a randomized block design. Ten centimeter-diameter pots were filled with ca. 190 g of zerosoil-substrate supplemented with 0.5% (w/w) CaCO3 and 0.3% (w/w) CaO (prepared as described above). Zerosoil-substrate-filled pots were soaked with 250 ml of nutrient solution (as given above; according to treatment –B, +B, and ++B) prior to sowing. Seeds of analyzed rapeseed cultivars were stratified on wet filter paper for 2 days at 4°C in the dark and placed onto prepared zerosoil substrate. Pots were kept for 2 days at constant temperature (15°C) to favor germination. For the germination, the phytochamber conditions were set to long-day conditions (16 h day/8 h night) at 20/17°C, 60/70% relative humidity, and ∼260 μmoles photons PAR m-2 s-1 light intensity. After 5 days plants were grown with a higher light intensity (450 μmoles photons PAR m-2 s-1 light intensity). Plants were watered every day to readjust to 70% field capacity, alternatively with double distilled water using the automated weighing and watering system, or with manually added nutrient solution (to prevent B contamination). Manual applications of nutrient solution were done at day 5 (15 ml/pot), 7 (25 ml/pot), 10 (30 ml/pot), 12 (50 ml/pot), 14 (50 ml/pot), and 16 (50 ml/pot) after sowing (DAS). Nutrient solution consisted of 1× modified Hoagland solution containing no B (–B), +B (226 μM), and ++B (3 mM), prepared as mentioned above. Nutrient solution was pre-treated over-night with 3 g/l Amberlite IRA-743 (Sigma–Aldrich) to remove B traces. For the +B and ++B condition, boric acid was re-supplied after the Amberlite IRA-743 treatment. Between 5 and 13 DAS top and side view images of all plants were taken daily in the visible range of the light spectrum (VIS), and of static fluorescence signals (FLUOR) as described earlier in Junker et al. (2015). At the end of the experiment (17/18 DAS) shoot fresh weight (FW) was measured on single-plant basis by cutting the shoot directly above ground level. Different shoot fractions [cotyledons, oldest vegetative leaf (L1), third vegetative leaf (L3), rest of leaves (RL), and stem] were collected and stored at -80°C until further characterization [i.e., dry weight (DW), element content, or sugar analysis]. DW was measured after drying the material at 65°C for 48 h. Macro- and micro nutrient concentrations in the zerosoil-substrate have been quantified after the growth experiment (Supplementary Data Sheet S4).

In vitro Agar Plate Root Cessation Assay

Sterilized seeds of the 229 spring-type B. napus cultivars (Supplementary Data Sheet S1) were pre-germinated in sterile plastic containers on a medium containing ½ strength Hoagland solution and 0.3% Agar–Agar (Carl Roth). Seeds were stratified without light at 4°C. After 2 days, germinating seeds were moved to a growth cabinet with 22°C light and 19°C dark temperatures and a 10-h light period with a light intensity of 120 mmol photons m-2 s-1 for <48 h before comparable seedlings with identical radicle length (about 3–5 mm) were transferred onto 12 × 12 cm plastic plates filled with 50 ml medium (½ strength modified Hoagland solution, 0.6% Agar–Agar, pH 5.8) supplemented with different B concentrations (5 μM boric acid = B-sufficient condition or 0.01 μM boric acid = B-deficient condition). To reduce B contamination in the Agar–Agar-based growth medium to a minimum, 3% (w/v) B chelating agent Amberlite IRA-743 (Sigma–Aldrich) was added to the non-sterile Hoagland medium in plastic flasks and the medium incubated overnight on a horizontal shaker. On the next morning, Amberlite IRA-743 had settled and the medium was carefully decanted into new plastic flasks for autoclaving. B concentrations were adjusted by adding autoclaved boric acid to final concentrations of 5 μM (B-sufficient condition) or 0.01 μM (B-deficient condition). The layer of Hoagland medium in the plastic plates was sloped. Five seedlings (radicle between 3 and 5 mm) were positioned at about 4 cm from the top of the plastic plate then being sealed with Leukopor tape (Smith and Nephew). Seedlings were grown on vertically oriented plastic plates in above-described growth cabinet conditions. Main root depth of all seedlings was marked directly after the transfer and each 24 h thereafter on the plastic plate. Five days after the transfer, plastic plates were scanned [Epson Expression 10000XL scanner (Seiko Epson)] for the documentation of the root growth and daily root-depth-gain was quantified. Each of the 229 accessions was assayed by three biological replications of up to five seedlings per accession. Within each experiment, the spatial arrangement of plastic plate replications of the different accessions was randomized in the growth cabinet.

Hydroponic Growth Conditions for the Analysis of the Root System Architecture

Seedlings of the different B. napus accessions, with a radicle length of about 3–5 mm, which have been germinated as described above, were transferred onto a cut 200 μl pipette tip filled with 200 μl ½ strength modified Hoagland (conc. as above except for: 0.625 μM B) Agar–Agar medium. Pipette tips were inserted in a punched lid of 50 ml Falcon centrifuge tubes which were filled with 50 ml ½ strength modified Hoagland solution (control) or 50 ml ½ strength modified Hoagland solution without the macro- or micronutrient for which the nutrient deficiency response was assayed. Seedlings were cultivated in above-described growth cabinet conditions and Hoagland solution was refilled when necessary. After 7–8 days of growth, plants were transferred to a transparent plastic film, the roots were separated such that single roots were clearly distinguishable from one another, and scanned in gray scale at 400 dots per inch resolution using an Epson Expression 10000XL scanner (Seiko Epson). After scanning, shoots and roots were separated and weighted. Five to six root systems per cultivar and nutrient deficiency condition were analyzed using WinRhizo Pro version 2007d (Regent Instruments). The following root traits were determined and calculated: primary root (PR) length, first-order lateral root (1LR) number, total 1LR length, average 1LR length, and 1LR density. The experiment has been independently performed twice with similar results. Significance was determined using one-way ANOVA (p < 0.05).

Boron Use Efficiency Ranking

The relative efficiency indices of B use [B-efficiency indices (BEIs)] of the 590 B. napus cultivars (Supplementary Data Sheet S1) were calculated from the ratio between the mean plant DW under B 0 (DWB0) and mean DW under B 1 (DWB1) multiplied by the ratio between the mean length of the first vegetative leaf (L1) under B 0 (L1B0) and under B 1 (L1B1) according to the following formula:
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At least 10–12 plants per accession and condition were used for the calculation of the mean DWB0, DWB1, L1B0, and L1B1 values. DWB0, DWB1, L1B0, and L1B1 values have been determined at BBCH13–BBCH17 of plants growing under B 0 or B 1 conditions.

Carbohydrate Analyses

Soluble sugars glucose, fructose, and sucrose were extracted two-times for 60 min at 80°C in 1 ml of 80% ethanol in 2 ml reaction tubes from discs (1 cm in diameter, 50–100 mg FW) punched out of vegetative B. napus leaves at 5-, 10-, 15-, 20-, and 25-DAG. Clear ethanolic extracts were vacuum-evaporated until dryness in a Speed-Vac concentrator (Eppendorf) at 45°C. Pellets were resuspended in 200 μl double-distilled water on a horizontal shaker for 15 min at 4°C. Sugars were quantified from 10 μl solution using the enzymatic NAD+-dependent conversion of glucose-6-phosphate to 6-phosphogluconate as described in Kim et al. (2013).

Image Processing and Statistical Analysis

The Integrated Analysis Plattform (IAP; Klukas et al., 2014) was used for automated image pre-processing and segmentation as well as for the extraction of 12 relevant biomass-related, architectural, and color-related features (Supplementary Data Sheet S5) in the automated high-throughput plant phenotyping experiment. Principal component (PC) analysis was computed on the basis of the means of all replicates for each cultivar, trait, and imaging day using the GREPEL R package. Analysis of variance with post hoc Bonferroni test was performed using GenStat (18th edition).

HR–ICP–MS Analysis

Whole seeds or 10–20 mg of oven (65°C)- or freeze-dried B. napus plant material were analyzed for their elemental composition as described in Eggert and von Wirén (2015).



RESULTS

Establishment of a B-Deficient Soil Substrate Growth System Suitable for High-Throughput Screening

In this study, we established a growth cultivation system in which plants can be grown on non-sandy soil substrate with clearly defined B concentrations. To this aim diverse soil substrates have been assayed for low hot-water extractable B concentrations and their ability to serve as a suitable soil substrate for normal plant cultivation. We selected the “Fruhstorfer Nullerde” soil substrate (zerosoil-substrate) based on the criteria that it has B levels below 0.1 mg B (kg zerosoil-substrate)-1. Soil B and general nutrient concentration determination demonstrated stable nutrient compositions over independently acquired zerosoil-substrate batches. A zerosoil-substrate fertilization protocol (see the “MATERIALS and METHODS” section) was elaborated to generate a soil substrate which allowed B. napus growth identical to that on other typically used commercially available soil substrates.

Identification of B Deficiency Tolerant Brassica napus Cultivars

We selected a heterogeneous collection of 234 spring-type and 356 winter-type B. napus accessions from the Genebank of the IPK Gatersleben4 for the analysis of B-dependent growth of the individual accession (Supplementary Data Sheet S1). These cultivars represent a set of accessions from all over the world including cultivation areas with B-sufficient and B-deficient soils. Spring- and winter-type, Asian- and European-type, and oil- and leaf-type cultivars were included in the survey, also comprising 93 accessions (22 spring- and 71 winter-type cultivars) of a genetically divergent core collection (marked with “c” in Supplementary Data Sheet S1) (Lühs et al., 2003). The majority of the cultivars were from the ++ type [high glucosinolate (+) and erucic acid (+) levels] being genetically more diverse then their 00 (low glucosinolate and low erucic acid levels), 0+ (high glucosinolate levels), and +0 (high eruic acid levels) progenies being bred first from the 1970s onward. Genotypes were grown on soil substrate with very low [B 0; ≤0.1 mg B (kg zerosoil-substrate)-1] or adequate B supply [B 1; ≥2.4 mg B (kg dry zerosoil-substrate)-1]. Both conditions contained additionally a full supplementation of all essential macro- and micronutrients (see the “MATERIALS and METHODS” section). Most plants grown under the B 0 condition exhibited strong B deficiency symptoms such as an impaired leaf elongation and arrested shoot meristematic outgrow (Figure 1B). Development of the first emerging leaf (L1), hypocotyl length, and total shoot DW of most genotypes were significantly negatively affected (Figure 1). L1 length, hypocotyl length, and shoot DW were recorded 25 DAG for all genotypes (Figure 1). BEIs were calculated for the different cultivars from the B 0 / B 1 ratios of the B-dependent parameters “L1 length” and “DW” for all cultivars (for a complete list of all tested cultivars and their BEIs see Supplementary Data Sheet S1). We classified accessions with a BEI ≥ 0.7 as B-efficient and accessions with lower BEIs as B-inefficient. Interestingly, no winter-type cultivar could be classified as B-efficient using this cut-off BEI (Supplementary Data Sheets S1, S6). Among the spring-type accessions, B efficiency distribution was dependent on the geographical origin of the accessions showing a higher percentage of high BEIs for cultivars originating from the eastern Asiatic countries Japan, Taiwan, or China (Figure 1C). BEIs determined for members belonging to the core collection of Lühs et al. (2003) distributed evenly over the whole BEI range (Supplementary Data Sheet S1). Three cultivars with very high BEI have been identified, namely cv. CR2267 (BEI = 0.7059), cv. CR2280 (BEI = 0.7039), and cv. CR2285 (BEI = 0.8800). These cultivars have been classified as B-deficiency tolerant cultivars, and are different from those described in previous screenings (Xue et al., 1998; Stangoulis et al., 2001; Xu et al., 2001, 2002; Yang et al., 2013; Zhang et al., 2014a).
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FIGURE 1. (A) Boxplots showing the distribution of boron (B) efficiency parameters recorded for 234 spring-type Brassica napus accessions. Left panel: length of leaf 1 ( = L1) in millimeters. Middle panel: hypocotyl length in millimeters. Right panel: shoot dry weight (DW) in milligrams. Crosses inside boxes show average values, horizontal lines within boxes mark the median value. Each boxplot consists of 234 parameter average values. Each parameter average value derives from n ≥ 10 plants. Significance between treatments (B 0/B 1) was calculated using t-test: ∗∗∗p < 0.001. (B) Exemplary pictures of plants of B-inefficient B. napus cultivars grown on B-deficient zerosoil-substrate and displaying B deficiency phenotypes such as arrested shoot apical meristem growth and leaf- and vasculature deformations. (C) Origin-dependent distribution of B efficiency indices (BEIs), calculated from the B 0/B 1 ratios of the B-related parameters L1 length and DW. Crosses inside boxes show average values, horizontal lines inside boxes mark the median value. Each boxplot consists of the BEI average values from n ≥ 10 plants. (D) Phenotypes (top panel), growth parameters (lower panel), and B concentrations (lower panel) in leaves of 25-day-old plants of B-inefficient (CR2262 = IE) and B-efficient (CR2267 = E) B. napus cultivars growing on zerosoil-substrate containing sufficient (B 1) or deficient (B 0) B levels. Growth parameters and B concentrations are means ± SD from n = 12 plants. Significance was calculated using t-test: ∗∗∗p < 0.001.



The two cultivars CR2262 (IE, B-inefficient, BEI = 0.0005) and CR2267 (E, B-efficient, BEI = 0.7059) contrast in their B deficiency tolerance but possess similar shoot DW and L1 lengths under B-sufficient (B 1) conditions. The B accumulation in shoots of these contrasting accessions was dependent on the B supply level (B 0 or B 1), but not on the genotype (Figure 1D). Therefore, these two cultivars were selected for detailed analyses of their B-dependent shoot and root development, B nutritional status, and carbohydrate accumulation described later.

Assessment of B-Dependent Growth Dynamics of Contrasting Brassica napus Genotypes in an Automated Plant Phenotyping Facility

The cultivation and repeated imaging of selected B. napus accessions in an automated phenotyping system offered the possibility to precisely quantify the temporal dynamics of plant biomass-related, architectural, and color-related parameters (Figure 2A), which were hardly measurable manually in the prior screening approach (Figure 1). The cultivation was optimized for a camera-based quantification of the projected leaf area (Figure 2A). Thirteen cultivars, each with eight replicates per treatment, were used in the phenotyping approach including the three highly B-efficient accessions (CR2267 = E, CR2280 = E2, and CR2285 = E3), and 10 additional B-inefficient accessions (Supplementary Data Sheet S3). Also, plants of cv. Darmor-PBY018 (herein termed as “D”) which is genetically very similar to the recently sequenced winter-type cultivar “Darmor-bzh” (Chalhoub et al., 2014; Schmutzer et al., 2015) have been included in this analysis. In analogy to previous analyses, we set up three different B conditions, that are deficient [(-) <0.1 mg B (kg zerosoil-substrate)-1], adequate [(+) = 1.4 mg B (kg zerosoil-substrate)-1], or excessive [(++) = 37.4 mg B (kg zerosoil-substrate)-1; excessive but non-toxic at the monitored developmental stages] B conditions (described values are calculated values; Supplementary Data Sheet S4 lists the determined values). For validation of the imaging and image analysis pipeline the image-derived biomass-related parameter “projected leaf area from the top view” extracted from images taken at 13 DAS was correlated with plant FW determined at 17/18 DAS (Supplementary Data Sheet S7). A highly significant positive correlation (R = 0.928, p < 0.001, Supplementary Data Sheet S7) confirmed the experimental setup and analysis pipeline. In general, results of the automated phenotyping confirmed the results of the initial screen and the B-deficiency tolerance classification (Figure 2A). Plants from the B-inefficient cultivars (for example, CR2262 = IE in Figure 2A) displayed clearly visible B-deficiency symptoms and showed growth arrest at 9 DAS when grown under the (-) condition. No visible differences were detected from plants grown under (+) or (++) conditions (Figure 2A). For further analysis, a set of 12 B deficiency relevant imaging-based features was selected comprising biomass and color-related traits. In a PC analysis on the basis of these traits measured at all imaging days, the PC1 clearly separated the treatments for the B-inefficient cultivars (Figure 2B). In contrast, for B-efficient cultivars the different B treatments were not separated and clustered together (Figure 2B). PC1 explained 58% of the detected phenotypic variation and was mainly determined by biomass-related parameters (such as border length, Supplementary Data Sheet S8A). This parameter represents the number of pixels at the border between foreground (plant) and background and is highly related to biomass. This is supported by the fact that we observed a highly significant positive correlation between the traits “border length” and “projected leaf area from the top view” extracted from images of the whole growth period (R = 0.928, p < 0.001, Supplementary Data Sheet S8B). PC2 explained 12% of the phenotypic variance and was mainly determined by color-related traits describing intensity and coloration of plant pixels as determined in different color spaces (HSV, RGB, and LAB). No clear separation of cultivars, their efficiency status, and treatments was found, although cultivars with low resistance to B deficiency tended to cluster separated from the efficient cultivars.
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FIGURE 2. B-dependent growth behavior and analyses of B. napus cultivars grown in a LemnaTec cultivation system. (A) Left panel: Exemplary pictures of selected cultivars [IE (CR2262) = B deficiency-sensitive cultivar; E (CR2267) = B deficiency-tolerant cultivar] growing in B-deficient (-boron) or B-sufficient (+boron) zerosoil-substrate taken at days 5, 9, or 12 after sowing (DAS). Right panel: segmented plant images which are used for image analysis. (B) Principal component analysis (PCA) for 13 rapeseed cultivars based on recorded imaging-based growth parameters. Symbols indicate different B soil substrate conditions [[image: image] = B-deficient (-), [image: image] = B-sufficient (+) or [image: image]= B-surplus (++) conditions].



The B deficiency-induced phenotypes of inefficient cultivars were characterized by a strong retardation or arrest of growth at cotyledon stage. In order to assess differences in B deficiency-induced growth patterns, relative growth rates (RGR) were calculated on the basis of the “projected top view leaf area” values according to Poorter and Lewis (1986) for two time windows during the phenotyping experiment: early stress (4–7 DAS) and late stress (10–13 DAS) (Figures 3A,B). These analyses revealed that the inefficient cultivars IE (CR2262), IE2 (CR3153), and D (Darmor-PBY018) differed in their B-dependent growth patterns. In contrast to the IE cultivar, young plants of the D and the IE2 cultivar did not exhibit different RGRs before the emergence of the first vegetative leaf (L1) during growth from 4 to 7 DAS when compared to the efficient cultivars (Figure 3A). At later time points, at 10–13 DAS, when cotyledons were fully expanded, and first vegetative leaves started to emerge in plants grown under (+) or (++), also IE2 responded with a complete growth arrest on the (-) condition (Figure 3B). Plants of the B-inefficient (IE, IE2, D) accessions again showed drastically retarded growth and development under B-deficient (-) condition compared to the (+) or (++) condition. Growth dynamics were not altered between accessions under normal B conditions (+) as well as in response to excess B (++) (Figure 3B).
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FIGURE 3. (A) B-dependent relative growth rates (RGR) based on the measurement of the leaf surface area (border length) of different B-efficient (E = CR2267, E2 = CR2280), moderate (Darmor; D), or inefficient (IE = CR2262, IE2 = CR3153) B. napus cultivars recorded in the LemnaTec facility at early (4–7 DAS) (A), or later (10–13 DAS) (B) growth stages. Different letters indicate significantly different RGRs. Red and green crosses mark outliers outside the 5 and 2.5% range of the standard deviation of the value distribution, respectively. (C) Measurements of aboveground physical growth parameters of B. napus plants grown in the automated phenotyping facility. DW per plant part [cotyledons, leaf 1 (L1), leaf 3 (L3), remaining leaves (RL), stems] of indicated B. napus cultivars grown under B-deficient (–), B-sufficient (+), or B-surplus (++) conditions. DW values are means ± SD from n = 8 plants.



At the (-) condition FW and DW of the B-inefficient cultivars were reduced more than 90% (Figure 3C and Supplementary Data Sheet S9). The (-) condition also negatively affected the water content of the accessions IE and IE2 (Supplementary Data Sheet S9). However, under the conditions used in the automated phenotyping facility, the (-) condition also affected FW of two B-efficient accessions (E and E2), which responded with a loss of about 50% FW under this condition in comparison to the (+) condition (Supplementary Data Sheet S9).

Elemental Analysis of Contrasting Brassica napus Genotypes Grown Under Different B Soil Conditions

Elemental analyses of E, E2, IE, and IE2 accessions grown on the zerosoil-substrate, which have been prepared and fertilized according to our developed protocol, proved that the growth substrate is mimicking standard soil nutrient conditions (Supplementary Data Sheet S4) as macro- and micronutrient contents and concentrations were matching values which have been determined to be normal for B. napus in a diversity panel of 387 accessions (Thomas et al., 2016). Moreover, analysis of elemental contents of different organs of E, E2, IE, and IE2 plants grown under the different B soil conditions revealed that the two B-efficient cultivars accumulated B to similar concentrations in a soil B-dependent manner (Figure 4). Interestingly, B-tissue concentrations of phenotypically almost normal E and E2 plants, grown under B-deficient conditions, represent values which were below the critical B tissue concentration (Huang et al., 1996). The different soil B conditions affected the accumulation of other nutrients, namely S and Fe which accumulated to higher concentrations in young leaves in a soil B-dependent manner (Figure 4). Interestingly, Na concentrations and contents simultaneously decreased with higher soil B levels in the cotyledons of these plants indicating altered transport and distribution of nutrients via the vasculature (Figure 4 and Supplementary Data Sheet S10). Ca concentrations were of particular interest, because Ca is also able to crosslink pectic polysaccharides to regulate cell wall stability and flexibility (Hepler, 2005). We measured higher Ca concentrations in cotyledons, but not in other organs of B-efficient plants grown under the low (-) B conditions compared to the normal (+) B conditions. This suggest that the consequences of the lack of B in the E and E2 cultivars are not compensated by an increased level of Ca.
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FIGURE 4. Macro- and microelement concentrations of different B. napus plant parts. HR–ICP–MS-based element analysis of different aerial B. napus plant parts of two B deficiency tolerant (E = CR2267, E2 = CR2280) and two B deficiency sensitive (IE = CR2262, IE2 = CR3153) cultivars grown in an automated phenotyping facility under B-deficient (–), B-sufficient (+), or B-surplus (++) conditions. Bars represent concentrations of specific plant parts or organs (cot, cotyledon; L1, first vegetative leaf; L3, third vegetative leaf; RL, remaining leaves; stem, remaining stem tissue without leaves). Values show mean element concentrations in ng or μg per mg DW from n = 3 biological replicates ± SE.



Analysis of soluble sugars in cotyledons of plants from the IE and E cultivar showed differential B-dependent sugar accumulation. Cotyledons of IE plants accumulated drastically increased monosaccharide and sucrose levels under B-deficient (-) in comparison to B-sufficient (+) growth conditions. Under the (++) B condition, such sugar increase could only be measured for glucose and fructose but not for sucrose, indicating different carbon fixation and carbohydrate transport-related responses to either low or excess B. Plants from the E cultivar on the other hand were unaffected in their sugar accumulation under both low or excess B (Figure 5).
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FIGURE 5. Soluble sugar concentrations [Glc, glucose (A); Frc, fructose (B); and Suc, sucrose (C)] in cotyledons from B. napus plants of B-deficiency tolerant (E = CR2267) and B-deficiency sensitive (IE = CR2262) cultivars grown in an automated phenotyping facility under B-deficient (–), B-sufficient (+), or B-surplus (++) conditions. Values are means ± SD from n = 4 plants. Significance was calculated using t-test: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05.



Screening for B-Efficient Root Growth at the Seedling Stage: Root Cessation Assay

In earlier studies, squash (Cucurbita pepo), sunflower (Helianthus annuus), and Arabidopsis seedlings transferred from B-sufficient to B-deficient medium respond with a growth arrest of the PR within hours (Cohen and Lepper, 1977; Hirsch and Torrey, 1980; Abreu et al., 2014). The roots primarily sense B-deficient soil conditions, and detrimental B deficiency symptoms appear very fast at the root level. We elucidated, whether rapeseed accessions, which have been determined to be B deficiency-tolerant, based on shoot growth parameters at the seedling stage, would display also B deficiency-tolerant traits with respect to root growth parameters. Therefore, we tested, whether the transfer of rapeseed plants to altered B concentrations would result in a similar cessation of root growth. To this aim, seeds from the IPK Genebank spring-type rapeseed collection were germinated on modified Hoagland agar medium with sufficient B levels (5 μM B) and subsequently transferred to new agar plates with either sufficient (5 μM B) or deficient (0.01 μM B) B concentrations. PR elongation per day after transfer was recorded and quantified. Consistently with the results obtained in other species, seedlings from almost all cultivars decelerated the growth of their roots after transfer from B-sufficient to deficient conditions within a day and ceased it completely after 3 more days (Figure 6). To visualize root growth as a function over time, we recorded acceleration curves of the root elongation after transfer to B-sufficient or B-deficient conditions. For these acceleration curves, slope coefficients of the PR growth gain were calculated and used as a measure for B efficiency of the root growth during the seedling stage. The slope coefficient values calculated for the spring-type accessions can be found in Supplementary Data Sheet S1. Seedlings of the E and E2 accessions were the only B-efficient (BEI > 0.7) ones which did not respond with root cessation ( = negative acceleration of root growth) after transfer to B-deficient conditions and, therefore, showed similar kinetics of their acceleration curves on B-sufficient and B-deficient conditions (Figure 6). Roots of E and E2 were thicker and shorter in comparison to roots of the IE and IE2 cultivars. This difference in the root morphology was, however, not causative for the observed B efficiency of these cultivars as also other cultivars with similar roots like E and E2 were identified as B inefficient. Moreover, the cultivar Qingyou10, which had been described as a B-efficient genotype before (Xu et al., 2002), exhibited a root system morphology similar to the B-inefficient cultivars IE or IE2 identified in this study. Only one additional cultivar (cv. CR3195) exhibited also a positive slope coefficient after transfer to deficient B conditions. This accession however had a low BEI (0.10) characterizing it as highly B inefficient regarding shoot development under B-deficient conditions (Supplementary Data Sheet S1).
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FIGURE 6. Analysis of B-dependent Brassica napus root growth. (A) Root cessation assays of the identified B-efficient (E = CR2267) and B-inefficient (IE = CR2262) B. napus cultivars. Plants were transferred from B-sufficient (= control = 5 μM B) to control or B-deficient ( = 0.01 μM B) conditions. IE-, but not E-plants showed growth arrest of root and shoot tissues after transfer to B-deficient conditions. (B) Primary root (PR) growth depth per day was recorded for all cultivars and acceleration curves plotted. Acceleration curves for the IE (CR2262) and the E (CR2267) cultivar after transfer to control or B-deficient conditions are shown. Values represent the average ± SD of three replicates with five plants each (n = 15). (C) Slope coefficients calculated from the acceleration curves of 229 spring-type B. napus accessions plotted against their BEIs. CR2267 (E) and CR2280 (E2) exhibited both BEIs greater 0.7 and a positive slope coefficient of PR growth gain. Cultivar CR2285 with the highest BEI of all tested accessions exhibited a negative slope coefficient. Slope coefficient values of all spring-type rapeseed cultivars are listed in Supplementary Data Sheet S1.



Detected B Efficiency of Seedlings Does Not Depend on the B Seed Content

To test whether differential B accumulation in seeds of the tested accessions were causal for the different B efficiencies of these plants, B concentrations (Figure 7A) and contents (Figure 7C) were analyzed in mature seeds of the E and IE cultivars as well as in seeds of cultivars of the core collection. The B concentration ranged from 9.4 to 15 ng per mg seed tissue. The B seed contents varied between 21.8 ng B per seed to 53.1 ng B per seed and reflected the relative differences of the 1000 kernel weights (Figure 7B). However, the seed B content did not correlate with the calculated BEI among 20 tested accessions (Figure 7D). These data indicated that the different B efficiencies recorded for the individual cultivars were not due to differential B storage in the seeds of these accessions.
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FIGURE 7. B seed concentrations and contents. B seed concentration (A), 1000-kernel weights (B), and B seed contents (C) of selected B-efficient (E = CR2267, plain blue; E2 = CR2280, vertically dashed blue; E3 = CR2285, yellow) and inefficient (IE = CR2262, plain gray; IE2 = CR3153, diagonally dashed gray; IE3 = CR3035, horizontally dashed green) cultivars. (D) B efficiency does not correlate with B seed contents. B seed contents of 20 cultivars plotted against their BEIs. Values in A and (C) represent means from n = 3 measurements ± SE.



Root Growth Responses Toward Various Nutrient Deficiencies of Brassica napus Genotypes Contrasting in Their B Deficiency Tolerance

Arabidopsis plants modulate their root system architecture (RSA) quite specifically in response to different nutrient deficiencies including B deficiency (Martín-Rejano et al., 2011; Giehl et al., 2013; Gruber et al., 2013). When grown in hydroponic modified Hoagland solution supplemented with sufficient B levels (5 μM B), plants from the E cultivar exhibited a shorter but thicker PR and a higher total root mass in comparison to the plants from the IE cultivar (Table 1 and Figure 8). When IE plants were transferred from B-sufficient control conditions (5 μM B) to B-deficient conditions (0.01 μM B), they responded with a growth arrest of their lateral roots resulting in a strongly reduced total root mass in comparison to control conditions, as it has already been reported for other plant species (Cohen and Lepper, 1977; Martín-Rejano et al., 2011; Camacho-Cristóbal et al., 2015). Such alterations were under these conditions less pronounced in plants of the E cultivar, underlined by non-significant changes of lateral root number and length resulting in unchanged total root mass in comparison to control conditions (Table 1 and Figure 8). However, similar to IE, the E cultivar displayed significant alterations of its RSA in response to macro- (Ca, N, P, K) and micronutrient (Fe) deficiencies other than B, demonstrating a strong B-specific nutrient efficiency of the E cultivar at the seedling stage (Table 1 and Figure 8). When grown under N-deficient conditions on zerosoil-substrate both cultivars responded with severe stress and N deficiency-related symptoms, indicating that the cultivars did not differ in their N deficiency tolerance (Supplementary Data Sheet S11).

TABLE 1. Root system architecture parameters for the IE (CR2262) and the E (CR2267) Brassica napus cultivars grown under different nutrient (B, Ca, Fe, N, P, and K) deficiency- and control conditions.
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FIGURE 8. Root system architecture parameters and shoot and root fresh weights (FW) from B-efficient (E = CR2267) and B-inefficient (IE = CR2262) Brassica napus cultivars grown in hydroponic culture medium with different nutrient deficiencies. (A) Representative pictures of seedlings grown under indicated nutrient deficiencies for 7–8 days. (B) Shoot (left panel) and root (right panel) FW from E and IE plants grown under above conditions. Values represent averages ± SD from n ≥ 6 plants. Asterisks indicate significant differences (∗p < 0.05, t-test) of the recorded parameter in comparison to the control (“none”) condition. Bars = 1 cm.



Responses Toward Toxic B Conditions of Brassica napus Genotypes Contrasting in Their B-Deficiency Tolerance

Next, we tested whether the two contrasting cultivars, E and IE, would show differential tolerance to toxic B soil concentration. To this aim, plants from both accessions were grown on 100-fold higher B concentrations than the control conditions and shoot FW and DW at 25 DAG were measured (Figures 9A,B). FW of both cultivars decreased between 35 and 50% on the high B concentrations in comparison to the control condition (Figure 9A), and DW (Figure 9B) decreased more than 75% on the high B concentration. The soil B-dependent loss of both FW and DW was significantly greater in the IE than in the E cultivar indicating a higher tolerance also to toxic soil B conditions of the E cultivar. The water content of plants grown on the high B concentrations was higher than that of plants grown under control conditions, suggesting that both, E and IE, responded with increased water uptake to the excess B inflow (Figure 9C).
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FIGURE 9. Boron toxicity growth assays of B-efficient (E = CR2267, blue chart bars) and B-inefficient (IE = CR2262, gray chart bars) B. napus cultivars on zerosoil-substrate with toxic B levels. Values represent averages ± SE from shoot material (n ≥ 17). Asterisks indicate significant differences (∗∗p < 0.01, ∗∗∗p < 0.001, t-test) of the recorded parameter between the two cultivars in the same growth condition (Ns = not significant). (A) Shoot FW in grams, (B) shoot DW in grams, and (C) water content in % are displayed.



Developmental- and B-Dependent B Accumulation in Brassica napus Genotypes Contrasting in Their B-Deficiency Tolerance

For a more detailed developmental-dependent analysis of the B-dependent response of the B-deficiency tolerant and sensitive cultivars during early vegetative development, both cultivars had been germinated on B 0 or B 1 zerosoil-substrate conditions and additionally on surplus B supply [B2 = 12.8 mg B (kg zerosoil-substrate)-1] and were then grown until 25 DAG (Supplementary Data Sheets S2A,B). At 5, 10, 15, 20, and 25 DAG the fresh and DWs, the water contents, and the shoot B concentrations have been determined. The differential B supply levels resulted in significantly altered fresh and DWs of the IE, but not the E cultivar (Figures 10A,B). Plant water contents, however, were similar between cultivars and B supply levels (Figure 10C). Interestingly, at these young developmental stages, IE accumulated B to higher concentrations than E under B 1 and B 2 conditions indicating a higher B demand for IE in comparison to E (Figure 10D). Under the low B 0 condition, however, both cultivars accumulated 10- (E) to 12-fold (IE) less B than under B 1, and did not differ significantly in their absolute B concentration over the analyzed time. These results show that the E cultivar could develop normally under low internal B concentrations, which clearly impaired growth of the IE cultivar (Figure 10).
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FIGURE 10. Boron (B)- and cultivar-dependent B accumulation and growth-reflecting parameters during early vegetative development (until 25 days after germination; DAG) of B. napus plants from B-inefficient (IE = CR2262, gray dots) and B-efficient (E = CR2267, blue squares) cultivars growing on B-deficient (B 0), B-adequate (B 1), or B-surplus (B 2) zerosoil-substrate conditions. (A) Shoot FW in mg per plant, (B) shoot DW in mg per plant, (C) water content in %, and shoot B concentrations are displayed. Measurements are means ± SD from n = 4 biological replicates containing each six to eight plants.



Both cultivars did not exhibit obvious morphological differences when grown with suboptimal, but adequate B supply [at 0.39 and 0.44 mg B (kg soil)-1] under near-field conditions at two different locations in Poel, Germany (Figures 11A,B). In addition, no significant differences in the B concentrations were detected between the same plant tissues of the different cultivars grown under near-field conditions. Aerial plant parts, namely leaves and inflorescences of both cultivars had twofold to threefold higher B concentrations, respectively, than root tissue indicating efficient B-translocation into shoots. This is in accordance with an increased B demand of leaves and flowers, compared to roots (Figure 11C).
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FIGURE 11. Growth of B deficiency tolerant and sensitive B. napus cultivars under near-field conditions with sufficient B supply (0.39 mg B/kg soil; hot water extract). Exemplary pictures of flowering plants of the IE (CR2262) (A) or E (CR2267) (B) cultivars grown under near-field conditions. (C) B concentrations of indicated plant tissues from IE (gray chart bars) and E (blue chart bars) cultivars grown under near-field conditions.





DISCUSSION

A Newly Established Soil Cultivation System Allows Resolution of B-Dependent Growth Effects

In this study, we identified rapeseed cultivars with increased tolerance toward B-deficient conditions. The growth behavior in B-deficient conditions was recorded in different cultivation systems, namely in soil-grown plants, in plants grown in agar medium, and in plants grown in hydroponic culture medium. The identification of these cultivars demanded to work with defined and repeatable B nutrient regimes. This is challenging because B is a trace element with a very small range between deficient, sufficient, and toxic conditions and a high mobility in various soils. Plant-available B can vary tremendously even in locally restricted field plots. To circumvent the heterogeneous B availability in soils, very often, hydroponic growth systems are chosen in which B supply can be adequately adjusted, e.g., by the use of B chelating resins (Asad et al., 1997; Stangoulis et al., 2000; Savić, 2013). However, soil substrates are superior to hydroponic or pure sand cultivation systems as they enable the rhizosphere to develop in a way similar to natural conditions. This is of importance, as parameters shaping the rhizosphere and subsequently the rhizosphere itself have a particularly high impact on the uptake of water and nutrients and therewith on plant growth traits (Gregory, 2006; Oburger and Schmidt, 2015). In the present study a novel soil substrate-based soil column cultivation system was developed for assessment of plant growth in an automated high-throughput phenotyping facility under highly defined soil B conditions. Because of the high variability of B-bioavailability in most soils, we pre-screened soil substrates and chose one with B concentrations below 0.1 mg B (kg soil)-1 (=B-deficient). The successful identification of B deficiency-tolerant rapeseed cultivars demonstrated that this substrate allowed to set and control the nutrient status of plants in a highly defined manner. Moreover, the herein developed and established procedures and protocols using this soil substrate will allow performing successful micronutrient efficiency screenings of Brassica crops in automated high-throughput phenotyping facilities which is of great relevance and timely. The system can in the future also be adapted to other plant species.

Screening of Independent B. napus Collections Identified B-Efficient and B-Inefficient Cultivars

In the 1990s, 210 cultivars from the germplasm collections of the Genetic Breeding Institute of Rapeseed at Huazhong Agricultural University and the Oil Crop Research Institute of the Agricultural Academy of China have been screened for B-efficient B. napus accessions. This screening led to identification and characterization of the B-efficient cv. Qingyou10 (Wang and Lan, 1995; Wang et al., 1996; Xu et al., 2002). In the present survey, we screened 234 spring- and 356 winter-type B. napus cultivars from the Genebank of the IPK Gatersleben for various B deficiency tolerance growth traits in plants grown until around BBCH15 on B-sufficient and B-deficient conditions (Supplementary Data Sheet S1). All 590 assayed accessions have been indexed for their B-deficiency tolerance growth behavior. We included all spring-type cultivars of the IPK Genebank as well as winter-type cultivars incorporating a representative collection from all over the world. We chose mainly winter-type cultivars belonging to the “++”-type being assumed to represent most of the genepool in which modern traits such as low erucic acid and glucosinolate levels or Phoma resistance have been introgressed. We also included cv. Bronowski (CR0270) and cv. Liho (CR0704) in our screen. Bronowski was the first cultivar identified to possess very low-glucosinolate levels and a spontaneous mutant of Liho was identified to be free of erucic acid. Both these spring-type traits have been subsequently introgressed into our-days commonly used spring- and winter-type cultivars. Bronowski and Liho are B deficiency-sensitive (see BEI in Supplementary Data Sheet S1). This suggests that the trait “B deficiency tolerance” was not introduced into modern elite lines during this bottleneck breeding phase. Moreover, we included B. napus cultivars which have been described in the literature to be B-efficient, moderate B-efficient, or B-inefficient as reference material to demonstrate the power and validity of our screening conditions. Zhongshuang11 and Qingyou10, which were described as B-efficient cultivars in the past (Xu et al., 2001, 2002), were not ranked as B-deficiency-tolerant in our screening conditions (see Supplementary Data Sheet S1), due to the fact that we defined a more stringent BEI threshold value for a B deficiency tolerance assignment within our B. napus accession panel. Additionally, we employed harsher B-deficient conditions in our screen [<0.1 mg vs. 0.25 mg B (kg soil)-1] than those applied by Wang and co-workers (Wang and Lan, 1995; Wang et al., 1996). As a consequence, cv. Ningyou7 (CR0796), another cultivar which has been described in the literature to be moderately B-efficient (Zhao et al., 2008), was classified as B-deficiency-sensitive by us according to its growth parameter scores. A variety of cultivars described as B deficiency-sensitive before, including Westar (CR1054) or Campino (CR3430) (Zhang et al., 2014a; Eggert and von Wirén, 2017) did also rank as highly B deficiency-sensitive in our study. Together, these results highlight the power and validity of our screening conditions and scoring method.

An Automated Phenotyping Approach Revealed Informative Parameters of the B Nutritional Status

In this study, visual light and fluorescence imaging modules have been employed in high-throughput plant phenotyping analyses to assess morphological and physiological plant traits. Although also the application of hyperspectral imaging modules is increasingly tested for the evaluation of in vivo plant vigor and the plant nutrient status, this technique clearly failed in the quantification and prediction of the plant nutritional B status during high-throughput analyses of crop plants despite being successful for other tested macro- and micronutrients (Pandey et al., 2017). Besides B, the only other element which could not be quantified by hyperspectral imaging was Na (Pandey et al., 2017). In our study, we demonstrate that in high-throughput phenotyping approaches the evaluation of biomass and growth parameters by visual light and fluorescence imaging modules or by physical parameter determination are the methods of choice to reliably assess and identify B deficiency-tolerant genotypes. Quantified color-related imaging parameters tended to separate cultivars with low tolerance from those with high tolerance to B deficiency but not the different B treatments. Their relevance for the detection of B deficiency tolerant cultivars will be subject of further detailed investigations.

Moreover, the results demonstrate that traits which contribute to B efficiency may appear at different developmental stages. Therefore, for identification of B-deficiency-related traits, recording of growth dynamics seems preferable to one time-point examination in particular when studying underlying genetic and physiological mechanisms. Our high-resolution analyses of the growth rate inhibition of IE and IE2 genotypes in response to B deficiency (Figure 3) clearly demonstrated that modern high-throughput phenotyping facilities and subsequent image analysis can provide such advantages. Such a high-resolution-knowledge is of great relevance for the identification of specific B deficiency tolerance traits but also for the implementation of an efficient agricultural fertilization management. Early developmental stages are relevant growth phases for the identification of B-efficient genotypes/accessions as vegetative responses to B deficiency of young B. napus plants grown in soil column experiments reflected also their B efficiency performance over the entire growth period, also under field conditions, as suggested and demonstrated by other studies (Chu et al., 1999; Stangoulis et al., 2000). Investigations at early growth stages can advantageously be performed under highly controlled conditions (with rather small plant bodies) and reduce the impact of secondary biotic and/or abiotic effects occurring during the long growth period of rapeseed. The high-resolution growth analysis is, at these early growth stages, more informative for impact and severity of B-deficient conditions than other color-related traits (e.g., darkening of leaves, accumulation of anthocyanins) since latter start only to appear at later growth stages after the establishment of the shoot growth arrest and the onset of other severe and irreversible B deficiency symptoms.

Comparative Characterization of B. napus Cultivars With Contrasting B Efficiencies

In this work three highly B deficiency-tolerant Asian spring-type B. napus cultivars were identified and characterized. One of these cultivars named “Hiyauchina” = cv. CR2267 (herein termed as “E”) was subsequently analyzed in more detail. CR2267 developed large leaves and exhibited late flowering, typical characteristics for leafy or forage but not oilseed B. napus cultivars (Soengas et al., 2008). According to the IPK’s Genebank documentation, this accession had been collected at the island of Taiwan in 1988. Interestingly, all in this study identified accessions with high BEIs originated from eastern Asiatic countries. Main cultivable acreages of these countries suffer from low B conditions, e.g., granite derived soils in Korea [0.07–0.15 mg hot-water soluble B (kg soil)-1] and large parts of China [0.25 mg hot-water soluble B (kg soil)-1] (Shorrocks, 1997; Yan et al., 2006). This might suggest that certain B. napus cultivars succeeded in evolving B deficiency tolerance mechanisms as an adaptation to the limited B availability at these agricultural sites. Despite its susceptibility for B-deficient conditions, B. napus is one of the major oil crops in China (Hu et al., 2017) reaching 16.8 million tons in 2016/2017 (USDA5) and Chinese groups already succeeded in the isolation and crossbreeding of B-efficient genotypes (Hu et al., 1991; Xu et al., 2002; Shi et al., 2009). The cultivars identified in this study have not yet been described with respect to their B deficiency tolerance and are different to the already published B-efficient accessions (Xu et al., 2002; Yang et al., 2013). These accessions are, therefore, a highly valuable genetic resource for the search of genomic B efficiency loci and molecular and physiological B efficiency traits. The results from our implemented screening demonstrated that B efficiency is a very rare trait in B. napus, since only 3 out of 590 analyzed accessions exhibited clear B-efficient growth and development (Figure 1 and Supplementary Data Sheet S1). Moreover, the B deficiency tolerance trait seem to be predominantly encoded in spring-type cultivars, as no highly B-efficient winter-type cultivar has been identified yet.

For comparison of physiological and nutritional responses, among the many B-inefficient accessions, we selected B-inefficient cultivars with similar morphologic properties under adequate B conditions compared to the E cultivar. For instance, cv. CR2262 (=IE), exhibited DW, hypocotyl length, and leaf length values under adequate B conditions like cv. CR2267 (=E). Plants of CR2262 had large leaves and a late onset of flowering, which was indicative that also this genotype is a leafy or fodder rapeseed cultivar. However, no information existed, whether the cultivar was indeed a leafy or fodder rapeseeds. CR2262 had been collected 1981, 4 km Northeast of Pago Veiano, in the province Benevento, Campania, Italy.

B-Dependent Sugar Accumulation in Contrasting Cultivars

Boron deficiency disrupts vascular tissue differentiation and integrity which results in irreparable damage of the affected transport routes. These impairments have detrimental and irreversible consequences on long distance transport processes and often generate transport bottlenecks, which are of particular concern when occurring early in the development or in minor leaf veins (Letho et al., 2010; Wimmer and Eichert, 2013). Our analysis of soluble sugars in cotyledons of IE and E plants cultivated in the high-throughput phenotyping facility indicated such B-dependent impairment of sugar transport and accumulation (Figure 4). Both glucose and sucrose levels showed a drastic increase under B-deficient zerosoil-substrate conditions in comparison to adequate B conditions. Especially, the high sucrose levels indicated impaired phloem loading and transport. Interestingly, surplus fertilization of the soil substrate with B [as in the (++) B condition] led also to an increase of monosaccharides glucose and fructose, but not to an accumulation of sucrose, indicating that vascular transport was unaffected in plants grown under high B soil conditions, but carbon assimilation was elevated. The results from the DW measurements (Figure 3) supported a scenario, in which plants of at least E used such elevated availability of building blocks for the development of biomass. In this case, the elevated B soil conditions had beneficial effects on shoot growth but no detrimental consequences as it would appear under toxic B conditions. High levels of soluble sugars in the cytosol of source leaves normally feedback negatively on both photosynthetic activity and expression of genes related to CO2 fixation (Rolland et al., 2002; Eveland and Jackson, 2011). The perception of constantly elevated cytosolic sugar levels represents an emergency signal for the plant metabolism reflecting growth arrest and persistently elevated stress levels (Rolland et al., 2002). B-efficient genotypes, however, apparently had the ability to keep soluble sugars low by incorporation of sugars into biomass and proceeding growth and development.

Boron and Nutrient Efficiency in Contrasting Cultivars

Boron concentrations in aerial tissues of the E cultivar under B 0 conditions were extremely low and not exceeding the B concentration of IE tissues, clearly excluding the possibility that B contamination in the test soil substrate was causative for the superior growth and the higher B efficiency of the E in comparison to the IE cultivar. Seed B level quantifications further showed that B deficiency tolerance and vigorous seedling growth under B-deficient conditions does not correlate or depend on the seed B content. This is in agreement with earlier studies (Eggert and von Wirén, 2015). Under B1 and B2 conditions in the greenhouse, both cultivars accumulated significant amounts of B in a soil B concentration-dependent manner (Figures 1, 11). Under these conditions, the leaf B concentration of plants from the IE cultivar was roughly 10–20% higher than that of the E cultivar indicating an elevated B demand or uptake of the IE cultivar. The same observations applied to plants grown in the phenotyping facility. One may speculate that the different physiological and nutritional B-dependent responses of the different B-efficient cultivars (E and E2) were due to different B-related QTLs. In the same context, it can be argued that also different sensitivities toward B deficiency were caused by different underlying genetic mechanisms. The results from the analysis of these cultivars under B-deficient conditions in the automated plant phenotyping facility supported such a scenario since the calculated RGRs revealed cultivar-dependent differences, in both B deficiency-sensitive and -tolerant accessions (Figure 3). These results further indicate that the B-inefficient cultivars differ in susceptibility to B-deficiency depending on specific developmental time points. Whereas the IE cultivar apparently responded with a growth arrest immediately after the outgrowth of the cotyledons, plants from the D and IE2 cultivars were able to expand their cotyledons but failed to develop successive vegetative leaves. This marks the emergence of the first vegetative leaf as a critical developmental time point for the timely allocation of B in the shoot apical meristem.

However, leaves of adult plants with fully developed inflorescences grown under near-field conditions did not exhibit a genotype-dependent B leaf accumulation (Figure 11). Interestingly, flower B concentrations of such plants clearly exceeded those of leaves and roots and were slightly higher in the E than in the IE cultivar demonstrating that inflorescences are strong B sinks and may suggest that plants of the E cultivar allocate B more efficiently into these sinks than plants of the IE cultivar. A high B requirement of generative organs is general to all seed plant species, also those which have a very low B demand during vegetative plant growth such as cereals (Marschner, 2012). Under B-deficient soil conditions or due to a lack of active B transport proteins, plants fail to develop fertile flowers and seeds (Noguchi et al., 1997; Rerkasem and Jamjod, 2004; Marschner, 2012). Crop plant disorders such as “flowering without seed setting” and “budding without flowering” in oilseed rape and cotton, respectively, which were occurring in Chinese agricultural areas had been discovered to be caused by B deficiency (Wang et al., 2007). One possible explanation for an increased B deficiency tolerance phenotype under B limiting conditions is an enhanced B uptake and translocation ability of the cultivar, as it was demonstrated for cv. Qingyou10 (Hua et al., 2016; Zhang et al., 2017). While transport kinetics of the contrasting cultivars, E, E2, IE, and IE2, will have to be determined in future, the similarly low B tissue concentrations of these cultivars under B deficient conditions argue against the fact that B uptake traits are solely responsible for the B deficiency tolerance. Moreover, the results which have been obtained under toxic B growth conditions showed that the E cultivar was also less sensitive to toxic B concentrations (Figure 9) suggesting that E can fine-regulate its B transporters according to the B status of the growth medium and that the B deficiency tolerance is not due to a permanently active B uptake system. Otherwise E should be more sensitive to toxic B conditions. Together our results suggest that the herein identified B deficiency tolerance traits seem to be based on B utilization mechanisms and not solely on B transport-related traits. A combination of the different B efficiency mechanisms by crossing the independently identified B deficiency tolerant B. napus genotypes (e.g., CR2267 and Qingyou10) will provide the possibility to succeed in a trait stacking of plant B nutritionally valuable traits within one genotype. This would be highly desirable given that plants with united beneficial traits can be used as pre-breeding material to generate highly B-efficient rapeseed cultivars suitable for a sustainable agricultural usage in B-deficient areas.

The specific modulation of a plant’s RSA is exemplary of the impact of a specific nutrient deficiency (Giehl et al., 2013; Gruber et al., 2013). Both the E and the IE cultivar responded with significant and typical changes of several RSA parameters and with changes in root and shoot FWs to Ca, Fe, N, P, and K deficiencies (Table 1 and Figure 7). In detail, both cultivars showed a dramatic increase in the total first order LR length to N, P, and K deficiency indicative for a typical response reaction toward these nutrient deficiencies. These results indicated that the E cultivar did not possess any elevated general nutrient efficiency due to an intrinsic different RSA or other root traits. Interestingly, cultivars which have been identified as B-deficiency-tolerant based on shoot growth parameters displayed also lower root growth inhibition under low B conditions both in hydroponics and in in vitro agar-based medium. This observation strongly suggests that both root and shoot traits contribute to their resilience under B-deficient conditions. The underlying mechanisms remain to be identified. The non-differing low B concentrations in shoots of E and IE plants (Figures 11, 10) grown at B-deficient soil conditions, however, indicate that the B-independent root and shoot growth ability of E plants is most likely not solely related to an increased B uptake affinity of B transport mechanisms, but may rather hint toward a cell expansion- and tissue growth ability in the presence of trace amounts of B, possibly maintained by an altered cell wall polysaccharide composition or B-independent growth signaling transductions. To elucidate, whether such underlying mechanisms are eventually mediated by altered B-dependent signaling cascades or phytohormone responses will be issue of follow-up studies.

Future Perspectives of B-Deficiency Tolerant Varieties

Rapeseed has been cultivated worldwide in different climatic and environmental regions as well as on B-deficient and B-sufficient soils for a long period of time. Spring-, semi-winter-, and winter-type cultivars have been developed as well as oil-, fodder-, and cover crop varieties. Therefore, it is likely that different B deficiency tolerance mechanisms exist in this species. It has been hypothesized that the B uptake capacity, the re-translocation rate to sink tissues, the B utilization ability, as well as the ROS protection capacity contribute to B efficiency in different plant species including B. napus (Geng et al., 1999; Nachiangmai et al., 2004; Zeng et al., 2007; Zhang et al., 2014a; Hua et al., 2016). Conventional, biotechnological, and Selection with Markers and Advanced Reproductive Technologies (SMART) breeding strategies benefit from the identification of B-efficient B. napus genotypes. In future, the cultivars identified in this study will be investigated in further detail at the transcriptomic level in response to different B treatments, with respect to their B uptake and translocation abilities, their cell wall composition, their B-dependent signaling cascades and in terms of differing quantitative trait loci in order to unravel underlying mechanisms and genetic determinants of B efficiency.



CONCLUSION

In summary, we succeeded to develop a reliable soil-substrate-based cultivation system which is compatible with high-throughput phenotyping facilities and which allows, in the first instance, identifying B deficiency tolerant cultivars as well as development-dependent B-sensitive growth stages and subsequently, characterizing B-dependent and cultivar-specific growth characteristics in detail. In accordance with other reports (Pandey et al., 2017), our study suggests that biomass-related traits are superior to color-related imaging traits when assessing B-efficient growth of young plants. Comparison of imaging-based and physical property-based biomass quantification validated the herein used experimental set-up and analysis pipeline and highlights the potential of this set-up in the future identification of further B-efficient genotypes, also in other species. Using different phenotyping technologies and approaches, we screened IPK Genebank rapeseed cultivars for B deficiency tolerance. We identified three highly B deficiency tolerant Asian spring-type cultivars, which grow phenotypically normal on 0.1 mg B (kg soil)-1 until flowering, while others stopped their growth at the cotyledon stage. This indicates that the trait “B deficiency tolerance” is very rare in B. napus and probably evolved as an adaption to the cultivation on agricultural soils with low B levels. Elemental analyses revealed significant differences in B contents of B deficiency tolerant- and sensitive cultivars when grown under B-deficient but not under standard conditions. These results indicate that the herein identified cultivars have a very low demand for B and an increased B utilization efficiency as they can grow with a very limited amount of this micronutrient. In contrast, so far identified cultivars which are more tolerant to B limiting conditions inhere in beneficial B uptake and translocation traits. Moreover, we can conclude that the nutrient deficiency tolerance of the herein identified cultivars is restricted to B-deficient conditions and is not subjected to a general growth vigor at the seedling stage. Comparisons of root and shoot growth describing B deficiency tolerance indices of plants grown under B-deficient and -sufficient conditions indicated that the used B. napus genotype panel encodes for both root- and shoot-based traits which can independently or synergistically contribute to B deficiency tolerance. Our collection of genetically diverse B. napus genotypes set the basis for successive genetic, molecular, phenotypic, and metabolic analyses to identify shoot- and root-based B efficiency mechanisms as well as their underlying responsible loci/genes in B. napus. The identified B deficiency tolerant cultivars will potentially allow to introduce the B utilization-related B deficiency tolerance traits alone, or by trait stacking, in combination with previously identified B-uptake and translocation traits, into modern elite lines to generate highly nutrient- and resource-efficient genotypes in a sustainable manner in the future.
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Modern plant phenotyping, often using non-invasive technologies and digital technologies, is an emerging science and provides essential information on how genetics, epigenetics, environmental pressures, and crop management (farming) can guide selection toward productive plants suitable for their environment. Thus, phenotyping is at the forefront of future plant breeding. Bibliometric science mapping is a quantitative method that analyzes scientific publications throughout the terms present in their title, abstract, and keywords. The aim of this mapping exercise is to observe trends and identify research opportunities. This allows us to analyze the evolution of phenotyping research and to predict emerging topics of this discipline. A total of 1,827 scientific publications fitted our search method over the last 20 years. During the period 1997–2006, the total number of publications was only around 6.1%. The number of publications increased more steeply after 2010, boosted by the overcoming of technological bias and by a set of key developments at hard and software level (image analysis and data storage management, automation and robotics). Cluster analysis evidenced three main groups linked to genetics, physiology, and imaging. Mainly the model plant “Arabidopsis thaliana” and the crops “rice” and “triticum” species were investigated in the literature. The last two species were studied when addressing “plant breeding,” and “genomic selection.” However, currently the trend goes toward a higher diversity of phenotyped crops and research in the field. The application of plant phenotyping in the field is still under rapid development and this application has strong linkages with precision agriculture. EU co-authors were involved in 41.8% of the analyzed papers, followed by USA (15.4%), Australia (6.0%), and India (5.6%). Within the EU, coauthors were mainly affiliated in Germany (35.8%), France (23.7%), and United Kingdom (18.4%). Time seems right for new opportunities to incentivize research on more crops, in real field conditions, and to spread knowledge toward more countries, including emerging economies. Science mapping offers the possibility to get insights into a wide amount of bibliographic information, making them more manageable, attractive, and easy to serve science policy makers, stakeholders, and research managers.

Keywords: phenotyping, bibliometric analyses, imaging, growth, marker


INTRODUCTION

Phenotyping is the foundation of any breeding selection process. However, modern plant phenotyping measures complex traits related to growth, yield, and adaptation to stress, with an improved accuracy and precision at different scales of organization, from organs to canopies (Fiorani and Schurr, 2013). A more recent and comprehensive definition for plant phenotyping is the assessment of complex plant traits such as growth, development, tolerance, resistance, architecture, physiology, ecology, yield, and the basic measurement of individual quantitative parameters that form the basis for complex trait assessment (Li et al., 2014). The plant phenotype emerges from the dynamic and local interaction of phenotypes with the spatially and temporally dynamic environment above and below ground. Direct quantification of the phenotype includes diverse structural and functional aspects, like plant biomass (Menzel et al., 2009; Golzarian et al., 2011), root morphology (Walter et al., 2009, 2015; Clark et al., 2011; Flavel et al., 2012; Kumar et al., 2014), leaf characteristics (Jansen et al., 2009; Arvidsson et al., 2011), fruit traits (Costa et al., 2011; Antonucci et al., 2012; Monforte et al., 2014), but also chemical phenotypes, like secondary metabolites with roles in plant defense and biosphere-atmosphere interactions, such as Volatile Organic Compounds (VOCs) (Taiti et al., 2015). Even more complex are functional trait concepts, like photosynthetic efficiency (Bauriegel et al., 2011), and biotic and abiotic stress resistance/tolerance (Antonucci et al., 2013; Rao and Laxman, 2013).

A major challenge in integrating such a diversity of disciplines (spanning biological sciences, computer science, mathematics and engineering) is to find a common language basis to ease communication between technology developers, providers of infrastructures and diverse users. In this scenario that sees phenotyping at the forefront of future plant breeding and selection, application of bibliometric science mapping is a powerful tool to observe trends, and identify research opportunities. Research trends are being detected by bibliometrics and by quantitative methods that analyze scientific publications as an information process. Once patterns and dynamics in scientific publications are identified, they are used as a proxy for the development of the investigated disciplines (Pritchard, 1969; van Raan, 2004). Thus, bibliographic analysis is a powerful tool to measure scientific production of research and trends, facilitating science-based strategy developments and policies. The bibliometric approach has successfully been applied to research fields such as climate change (Li et al., 2011), geo-statistics (Hengl et al., 2009), and solid waste research (Mesdaghinia et al., 2015). In addition, during the last years bibliometrics has been used in concert with the analysis of terms (i.e., words) that appear in the titles, abstracts and keywords of published papers. Such an approach, termed “bibliometric mapping,” has been widely used to acquire a deeper understanding on the structure of the research itself. For example, it has been applied successfully to different research fields such as the evolution of chemistry research (Boyack et al., 2008), Mediterranean forest inventories (Nardi et al., 2016), and the use of stable carbon isotopes to detect the physiological impact of forest management (Di Matteo et al., 2016). To our knowledge, bibliometric mapping or science mapping has never been applied to analyze developments in plant phenotyping. As plant phenotyping is such an emerging research subject, the aim of this analysis was to show the evolution of the plant phenotyping research structure and predict emerging topics of this discipline. This will help orienting technology providers, researchers, and end-users entering the field and will provide guidance to research managers and policy decision makers.



MATERIALS AND METHODS


Database Search

The Scopus database was consulted on April 5th 2018 and used to retrieve bibliographic records related to plant phenotyping research for the period 1997–2017. To identify relevant plant phenotyping publications, the following keywords were used in the combined fields of title, abstract, and keywords (per publication): plant PRE/3 phenotyping (PRE/n means “precedes by,” where the first term in the query must precede the second by a specified number of terms n). Being the Scopus search conducted on April 2018, 2018 publications were not included in the analysis, and 2017 publications were not yet completely introduced in the Scopus database by the Scopus staff and may be underestimated. The search was restricted to publications (Article, Review, Book Chapter, Book, Letter, and Note) written in English. The EndNote file is attached as Supplementary Material.



Bibliometric Mapping and Clustering

A general quantitative description of the bibliographic records was conducted. The trend in plant phenotyping publications from 1997 to 2017 was analyzed and compared with trends in other subjects: Genomics, Proteomics, Mediterranean forest research (Nardi et al., 2016), and Precision agriculture (Pallottino et al., 2018). Maps of the plant phenotyping publications in the world and in EU countries were constructed using color intensities related to the number of publications. Data were normalized by dividing the plant phenotyping publications per population number (multiplied per 107) in the world and in EU countries (ONU, 2017). The number of publications was counted considering all the co-authors of a paper.

Bibliometric maps were created on retrieved publications, using the VOSviewer software version 1.6.5.0 (freely available at www.vosviewer.com). The software was specifically developed for creating, visualizing, and exploring science's bibliometric maps (van Eck and Waltman, 2010). Using VOSviewer we produced term maps. A term map, also called co-word map, is a two-dimensional representation of a research field, in which strongly related terms are located close to each other and the weaker the relationship is between terms, the bigger the distance is between them. Thus, term maps provide overviews for identifying the structure of a topic. Thanks to natural language processing techniques and a linguistic filter employed by the software, terms occurring in titles, abstracts and keywords of publications were extracted, and represented in the map as circles (van Eck and Waltman, 2011). Only terms occurring at least 10 times were extracted from the retrieved publications. To display the elements on maps, the software uses the VOS (Visualization Of Similarities) mapping technique, that is closely related to the multidimensional scaling method (van Eck and Waltman, 2010). The idea of the VOS mapping technique is to minimize a weighted sum of squared Euclidean distances between all pairs of items through an optimization process. This mapping approach allows aligning terms on the map in a way that the distance between each pair of terms represents their similarity as accurately as possible. In a term map, similarities among terms are calculated based on their number of co-occurrences in the title or abstract of the same publication [for further explanation on the method see van Eck and Waltman, 2010; Nardi et al., 2016]. The larger the number of publications, in which two terms co-occur, the stronger the terms are related to each other. Therefore, terms that often co-occur in the same publications are located close to each other in a term map and less strongly related terms (low co-occurrence) are located further away from each other. Each term is represented by a circle, where its diameter and the size of its label indicate the number of publications, where the term appears in title, abstract, or keywords. Once terms are in the map, the next step is to identify clusters of related terms. The software uses a weighted and parameterized variant of modularity-based clustering called VOS clustering technique (Waltman et al., 2010; Waltman and van Eck, 2013). The assignment of terms to the same cluster depends on their co-occurrences in the title or abstract of publications. More specifically, terms that often co-occur are strongly related to each other and are assigned automatically to the same cluster. On the contrary, terms with a low co-occurrence or no-occurrences at all, are assigned to different clusters. A cluster that is made up of terms of the same colors represents a research theme in which one or more research topics can be identified. Although VOSviewer offers the possibility to change the number of clusters by changing the resolution parameters, we used the default setting of one. The same approach has been applied on the bibliographic information on the same publication dataset in order to observe the countries of the co-authorship map with the aim of observing the collaborative clustering of the countries based on plant phenotyping publications.

In addition to the cluster maps, one of which was based on the entire dataset and the top 5 EU countries (Germany, France, United Kingdom, Italy, Spain), we also produced a term citation and a term year map. A term citation map analyzes the scientific impact of specific topic, whereas a term year map performs a timeline analysis of the research topics. More specifically, in the term citation map, the color of a term is determined by the average citation impact of the publications where the term occurs, thus reflecting the average citation impact for the term rather than by cluster (as in the term map). To avoid biases related to the age of a publication (older publications are expected to be more cited), the number of citations of each publication is divided by the average number of citations of all publications appearing in the same year. This produces a publication's normalized citation score range from 0 to 2. In the map, the colors are assigned according to the score, ranging from blue (average score of 0) to green (average score of 1) to red (average score of 2). Therefore, a blue (cold) or red (hot) term indicates that publications, in which the term have low and high average citation impacts, respectively (van Eck et al., 2013). In the case of term year maps, the color of a term indicates the average publication year of all the publications, in which the term occurs. As for the term citation map, we used colors that range from blue (mean year term presence 2011 or earlier), to green (2013–2014) to red (2016 or later). Therefore, blue terms are those occurring mainly in older publications, while red terms occur mainly in publications that are more recent. To avoid overlapping labels, only a subset of all labels is displayed in the maps. In order to navigate all the map with labels VosViewer Map and Network files are available as Supplementary Material.

A collaborative clustering map of the countries based on plant phenotyping publications was also produced reporting the spatial relationship among countries. Moreover, a term year map based on countries' collaboration on plant phenotyping researches was produced. Based on FAO statistics for each country, the number of research papers on plant phenotyping was compared with the percentage of total cultivated area with respect to the total area.

Before starting with the analysis in VOSviewer, a thesaurus file (text file attached as Supplementary Material) was created to ensure consistency for different term spelling and synonyms (an example: quantitative trait loci analysis is often termed qtl). VOSviewer also offers the possibility to clean the data by omitting those terms considered not relevant for analyses. Using this software functionality, we performed the cleaning by omitting terms related to time, publishers' names, and geographical locations (i.e., names of cities or countries) or terms that could be used ambiguously (an example: addition or view). It should be noticed, however, that a term map represents a simplified version of reality and this can lead to loss of information and to a partial representation of the investigated field (van Raan, 2014). This limitation should be considered when interpreting results.




RESULTS AND DISCUSSION


Plant Phenotyping Publication Trends

A total of 1,827 scientific publications fitted our search method based on relevance for plant phenotyping. 81.3% of the publications were research papers, 11.7% review papers, 5.9% book chapters and the remaining 1.1% were books, letters, or notes. The studies were published in 145 journals. Top journals were Frontiers in Plant Science (N = 87; 4.8%), Journal of Experimental Botany (N = 83; 4.5%), Plant Methods (N = 72; 3.9%), Theoretical and Applied Genetics (N = 70; 3.8%), and PLoS ONE (N = 61; 3.3%). Figure 1 depicts the plant phenotyping publication numbers from 1997 to 2017. During the period 1997–2006, the total number of publications was only around 6.1%. The number of publications generally increased more steeply after 2010, but a first surge was already observed during 2008–2009, in coincidence with the 1st International plant phenotyping Conference 2008 in Canberra, Australia. In Figure 1 the number of field plant phenotyping papers with respect to other plant phenotyping papers was also reported. It is striking to observe how field plant phenotyping papers increases their importance since 2014 from a very small percentage in the early years to >30% of the total publications in 2016/2017.
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FIGURE 1. Trend in plant phenotyping publications from 1997 to 2017. The histogram on the top-left side of the figure represents the number of field plant phenotyping papers with respect to other plant phenotyping papers. 2017 publications were underestimated being not yet all inserted in the Scopus database.



A comparison (on standardized data) of the trend reported in Figure 1, with other disciplines like –omics (proteomics genomics), precision agriculture, and Mediterranean forestry shows the over-proportional increase of plant phenotyping papers after 2009 (Figure 2). Proteomics and genomics show a saturation trend after 2005–2006 in terms of published papers, while precision agriculture, sometimes considered a “sister discipline” of plant phenotyping, also showed a less evident increase after 2007. The application of plant phenotyping in the field is still under rapid development and this application has strong linkages with precision agriculture.
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FIGURE 2. Frequencies of plant phenotyping publications from 1997 to 2017 compared with other subjects: Genomics, Proteomics, Mediterranean forest (Nardi et al., 2016), and Precision agriculture (Pallottino et al., 2018). 2017 publications were underestimated being not yet all inserted in the Scopus database.



Plant phenotyping research was published by authors working in 74 different countries. Figure 3 represents the number of papers dealing with plant phenotyping published by co-authors in the world (left) and in the EU (right). EU co-authors published 1,210 papers (41.8% of total publications considering all the co-authors) followed by USA (15.4%; N = 447), Australia (6.0%; N = 174), and India (5.6%; N = 161). More than 40% of the studies performed in the USA and Australia apply plant phenotyping in the field. In the EU, Germany published 35.8% (319) of the total publications, followed by France (23.7%; N = 211), United Kingdom (18.4%, N = 164), Italy (9.9%, N = 88), and Spain (9.5%, N = 85). The proportion of phenotyping dedicated to field phenotyping in those countries ranged from 31% (France) to 38% (Spain). (Pallottino et al., 2018) showed how the leading countries in precision agriculture are EU, USA China and Australia. This is comparable to what was observed in this paper for plant phenotyping (Figure 3).
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FIGURE 3. Map of the plant phenotyping publications by all the co-authors in the world (left) and in the EU countries (right; in black countries that are not part of EU). The color intensities were related to the number of publications, as highlighted in the bars.



The same map, when standardized by dividing the plant phenotyping publications per population and multiplying the number per 107 (Figure 4), shows that Australia and Switzerland are the top world countries (left) most active in phenotyping publishing relative to their population size, EU remains at a leading position (5th) while India and USA only hold the 42nd and 68th position, respectively. In EU (right side of Figure 4) Denmark and Luxembourg are the top countries, and Germany also has a leading position (5th).
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FIGURE 4. Map of the plant phenotyping publications normalized according to the number of inhabitants in the world (left) and in the EU countries (right; in black countries that are not part of EU). The color intensities were related to the number of normalized publications, as highlighted in the bars.





World Evolution of Plant Phenotyping Research Topics and Their Citation Impacts

In the world term map (Figure 5) the 357 terms displayed on the map are grouped in three clusters. The red cluster (174 terms) at the left side of the figure is mainly represented by the terms “imaging,” “growth,” and “phenomics.” Other important terms that cluster in red are “drought,” “root,” and “biomass.” The green cluster (113 terms) at the right-side of Figure 5 shows as main terms “selection” and “genetics,” with associated terms “population,” “resistance,” “qtl,” and “marker.” The blue cluster (70 terms) at the top of Figure 5 shows terms related to species and physiology/metabolism. In this last cluster, the model plant Arabidopsis thaliana is strongly associated with metabolism. However, being a model species, A. thaliana is also linked with both red (“growth” term) and green (“genes” term) cluster, remarkably bridging these two clusters. Other plant species like rice and Triticum are mainly associated to the green cluster reflecting the fact that these plants are highly studied for “plant breeding” and genomic selection.
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FIGURE 5. Term clustering map based on the Scopus plant phenotyping publications. Different colors (red, green, blue) represent the terms belonging to different clusters. The size of the term is based on the number of occurrences. The connecting lines indicate the 100 strongest co-occurrence links between terms.



Similarly, Figure 6 represents the term map based on plant phenotyping publications from the 5 most publishing EU countries (Germany, France, United Kingdom, Italy, Spain; 755 papers). It could be noticed that, being a sub-group of the term map in Figure 5, green and red clusters are very similar (at least considering the general meaning). We observe that Arabidopsis thaliana (blue cluster; indicating plant physiology) is the most represented plant species (8.5% of the world total plant phenotyping papers) that is under investigation (relative larger circle in EU; 10.7% of the EU plant phenotyping papers). This points toward the observation that in the EU, research studies are mainly based on a model plant based laboratory context. Root phenotyping is represented in an additional cluster (yellow). Imaging (red cluster) is very important in the EU and cross linked with many other terms. Characterization of root architecture in soil-based assays in the lab and in the field remains challenging, and any useful methodology should also be exploited in specific chain combinations. Methodologies to study root growth and architecture in 2D and 3D are a frontier in plant phenotyping (Fiorani and Schurr, 2013).
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FIGURE 6. Term clustering map based on the Scopus plant phenotyping publications from the 5 most publishing EU countries (Germany, France, United Kingdom, Italy, Spain). Different colors (red, green, blue, and yellow) represent the terms belonging to different clusters. The size of the term is based on the number of occurrences. The connecting lines indicate the 100 strongest co-occurrence links between terms.



Figure 7 shows the world term year map. The colors show that terms used in early publications are mainly those represented by the blue and green clusters in Figure 5. These are terms related to genetics and metabolism that represent more “traditional” applications of plant phenotyping. The terms covered in more recent publications were rather related to the words imaging and plant/ environment interaction, as also identified by the red cluster of Figure 5. This clearly indicates a technology-driven change that takes advantage of progresses in ICT technologies and data analysis. The time stamp of the terms imaging, camera, phenomics, and sensor illustrate that high throughput plant phenotyping has a huge technological bias and a set of key technologies at hard and software level was required for the takeoff of plant phenotyping (image analysis and data storage management, automation, and robotics). Once they were developed, the publications started popping up. This technological shift is interestingly associated to a shift of the studied species from Arabidopsis thaliana, rice, potato, and tomato to Zea mais, Triticum, barley, and chickpea (Figure 7).
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FIGURE 7. Term map indexed per publication year based on all the Scopus plant phenotyping publications. The time scale is represented by different colors. The size of the term is based on the number of occurrences. The connecting lines indicate the 100 strongest co-occurrence links between terms.



The world term citation map (Figure 8) revealed “food security,” “precision agriculture,” “plant physiology,” “cotton,” “UAV” (Unmanned Aerial Vehicle), “complex trait,” “canopy,” and “sensor” as highly cited terms (red colors).
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FIGURE 8. Term map based indexed per citation rate based on all the Scopus plant phenotyping publications/citations. The normalized citation rate scale is represented by the different colors. The size of the term is based on the number of occurrences. The connecting lines indicate the 100 strongest co-occurrence links between terms.



Figure 9 represents the collaborative clustering of the countries. It is possible to observe how the 3 clusters are polarized by the EU, USA, and Australia. The clusters represent the main collaborations (same color): EU (red cluster) with all the EU countries (except Spain) together with Turkey, Russia, Canada, Norway, Serbia, India, Brazil and other countries; USA (blue cluster) with Mexico, Spain, and other countries; Australia (green cluster) with China, Japan, and other countries. It is also possible to observe some strict collaborations among the clusters (many linkages).
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FIGURE 9. Collaborative clustering map of the countries based on the affiliations of co-authorships in Scopus plant phenotyping publications. Different colors represent different collaboration clusters. The size of the country is based on the number of publications. The connecting lines indicate the 100 strongest co-occurrence links between countries.



Figure 10 shows the collaborative clustering map of the countries indexed by time. The USA, France and Germany are the most represented in terms of number of publications (size of the indicator) and those collaborations were established rather early. China, Australia, India, and the UK (green colors) join in later with respect to pioneer countries such as (Germany, France and USA). In a more recent phase (reddish) also Italy and Brazil appear in the literature as collaborators.
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FIGURE 10. Collaborative clustering map of the countries indexed by time. The scale represented the earlier (blue) or more recent (red) mean year considering the period when the authors of each country published their papers. The connecting lines indicate the 100 strongest co-occurrence links between countries.



Is there a relation between the proportion of the country that is dedicated to agriculture (FAO statistics) and the intensity of phenotyping research? Yes, countries more involved in plant phenotyping research development tend to have a low ratio (always lower than 7%). For example, EU and USA (leaders of plant phenotyping research papers) score both a value of 4.8% for this ratio. The first country, in terms of plant phenotyping publications, having a ratio higher than 7% is Saudi Arabia (8.1%; 21 plant phenotyping publications). However, this also indicates the sensitivity of the analysis at low numbers if highly cited researchers move countries.




CONCLUSION AND FUTURE PERSPECTIVES

Modern plant phenotyping relies on a couple of rapidly developing pillars: (i) non-destructive measurements to be able to follow a trait over time; (ii) high-throughput measurements, to be able to screen at similar conditions many genotypes. Initially, considerable progress has been made in molecular and genetic analysis of model plants (Arabidopsis thaliana) and model crops (rice, tomato, etc.) for genetic models. Phenotyping, as an emerging science, will provide information on how genetics, epigenetics, environmental pressures, and crop management (farming), shape the phenotype of plants and guide selection toward productive plants that are suitable for their environment. But it needs to develop further, and to do so, there is a strong need for dedicated infrastructures providing tools and resources for phenotyping the valuable genomic resources available. This requires a multidisciplinary team of scientists with expertise in (i) sensor development, automation and usage, (ii) –omics in the broadest sense, (iii) plant ecology, physiology, pathology, and interactions with other organisms and (iv) (bio)informatics and statistics. As shown, the knowledge is currently still concentrated in key countries that have the infrastructures. Luckily several initiatives arouse to integrate and disseminate the knowledge and share the infrastructures. For example, the COST Action FA1306 (http://www.cost.eu/COST_Actions/fa/FA1306), the projects EPPN (http://www.plant-phenotyping-network.eu/) and EPPN2020 (https://eppn2020.plant-phenotyping.eu/), and the ESFRI-project EMPHASIS (European Infrastructure for multi-scale Plant Phenomics and Simulation for food security in a changing climate; https://emphasis.plant-phenotyping.eu/), jointly aim to establish pan-European excellence in plant phenotyping by synergistically develop relevant technologies, critical mass, infrastructures, and access. On a global scale an increasing number of national initiatives align phenotyping efforts in USA and Canada (NAPPN http://nappn.plant-phenotyping.org/), China (www.APPP-con.org), and others. Globally, the International Plant Phenotyping Network (IPPN; https://www.plant-phenotyping.org/) develops integrated approaches beyond the national and regional perspectives. Plant phenotyping should become a high priority in many countries. We show that phenotyping - a challenging multidisciplinary science - is taking off and has made the leap from research on the model plant Arabidopsis to real crops. This analysis shows that it is possible to grow, to share and to collaborate. As the first bibliometric study of plant phenotyping research, this analysis is exploratory, but sets the status of the research landscape. Despite limitations (bibliometric mapping constrains) the term map analysis represents a valid tool to support experts (countries) to improve their knowledge and orient them on novel fields. Future studies should address related issues such as the analysis of collaborations among different actors (i.e., authors, organizations and countries) as well as a deeper characterization of the research carried out in different geographic regions.
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Seed weevils (Bruchus spp.) are major pests of faba bean, causing yield losses, and affecting marketability. Our objective was to identify stable sources of resistance to seed weevil attacks, determine the climatic factors that most influenced its incidence and its relationship with some phenological and agronomic traits. The accessions “BOBICK ROD115,” “CÔTE D’OR,” “221516,” and “NOVA GRADISKA” showed increased resistance to penetration and development of larvae. Other accessions such as “QUASAR,” “109.669,” and “223303” exhibited resistance to larval development. The results of this work suggest the presence of different defense mechanisms to seed weevils in faba bean, which in the future could be introgressed in elite cultivars to create resistant varieties and contribute to more sustainable agriculture with less need for pesticides. The temperature, rainfall, and humidity seemed to be the climatic factors most influencing faba bean seed weevil attack while the precocity and the small weight of the seeds were correlated with lower infestation rates in the different experiments.
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INTRODUCTION

Faba bean (Vicia faba L.) contributes to meet the basic dietary needs of millions of people and animals around the world thanks to its high content of proteins, carbohydrates, dietary fibers, and micronutrients (Mulualem et al., 2012). It plays a crucial role in environmentally friendly agriculture due to its ability to improve soil fertility by fixing atmospheric nitrogen and increasing crop yields when used in crop rotation with cereals. Seed weevils of the genus Bruchus, hereinafter referred to as faba bean seed weevils (Bruchus spp.), are among the pests that produce the greatest losses in V. faba and that most affect the marketability of the grain (Kharrat et al., 2006; Maalouf et al., 2009). Although B. rufimanus Boh. is the seed weevil species most affecting V. faba, it has been reported that B. dentipes Baudi and B. atomarius L. also use V. faba as host plant (Kergoat et al., 2007). B. rufimanus is a univoltine species present in most of the regions where faba bean is grown (Hoffman et al., 1962; Hulme, 2009). Throughout winter and at the time of seedling emergence in the field, adults diapause by hiding under the bark of trees or lichens while larvae or pupae diapause in stored seeds (Tran et al., 1993). In spring, the males terminate the diapause when the photoperiod reaches 16 h per day (being 18 h of light/6 h darkness the optimum), the diurnal temperature reaches 20°C and faba bean pollen is available (Tran and Huignard, 1992; Roubinet, 2016). The females become reproductively active at the beginning of the pod-setting period and oviposit up to 10 eggs on the surface of each green pod. They are able to oviposit up to one hundred eggs while they are sexually active (Tran and Huignard, 1992; Medjdoub-Bensaad et al., 2015; Roubinet, 2016). Larvae emerge from the egg in about 10 days and then go through the pods and seeds. Up to three larvae can colonize a seed and develop for about 3 months while feeding on the cotyledons. Then, the larvae pupate and reach the adult stage. The adults emerge out of the seed through a circular perforation of the seed coat. Seed weevils decrease seed viability by damaging the embryo and spreading bacterial and fungal infections (Sallam, 2013). Moreover, the reduced reserves in the infested cotyledons can slow down plantlet growth and negatively impact the success of establishment of germinated seeds. Attacks by seed weevils also reduce grain weight and affect the colour, taste, smell and nutritional value of the grains (Christensen and Kaufmann, 1965; Sallam, 2013).

Nowadays, the management of faba bean seed weevils depends to a large extent on the use of chemical insecticides. However, a large number of them have been banned as they have a negative impact on the environment, humans and non-target organisms including pollinators. Post-harvest treatment is necessary to limit the emergence of adult weevils from the inside of the stored seeds and to comply with market requirements that prohibit the presence of live insects in the grains for export. Biological control has been attempted by using predators and parasitoids (Titouhi et al., 2017) or by applying plant essential oil treatments (Jemâa, 2014; Amzouar et al., 2016; Titouhi et al., 2017). In addition, agronomical and cultural practices have also been applied (Keneni et al., 2011; Mishra et al., 2018). Nonetheless, their effectiveness is limited and their use in large production areas implies a considerable economic investment.

In this context, breeding of resistant cultivars is the most appropriate approach to achieve durable and efficient levels of resistance that meet the requirements of the agri-food sector and promote sustainable agriculture. However, no resistant faba bean cultivars have been developed so far. Bruchid resistance has been studied in other legume crops where wild relatives are the main source of resistance (Aznar-Fernández et al., 2017; Mishra et al., 2018). Nonetheless, some sources of resistance have also been identified in cultivated species such as in Vigna mungo (L.) Hepper (black gram) (Dongre et al., 1996), Cicer arietinum L. (chickpea) (Athiepacheco et al., 1994; Shaheen et al., 2006), Phaseolus vulgaris L. (common bean) (Ishimoto and Chrispeels, 1996; Goossens et al., 2000), Vigna unguiculata (L.) Walp. (cowpea) (Redden et al., 1983; Adam and Baidoo, 2008), V. radiata (L.) R. Wilczek (mungbean) (Schafleitner et al., 2016), Pisum sativum L. (pea) (Morton et al., 2000; Clement et al., 2002), or Cajanus cajan (L.) Millsp. (pigeon pea) (Jadhav et al., 2012). In faba bean, no completely resistant accession has been identified so far (Seidenglanz and Huňady, 2016; Seidenglanz et al., 2017). The screening of germplasm collections with genetic diversity is thus necessary to successfully identify sources of resistance. In the present work, we have screened a faba bean germplasm collection with the aim of (1) identifying stable sources of resistance to seed weevils, (2) revealing the climatic factors most influencing the pest incidence, and (3) determining the relationship between the pest incidence and some phenological and agronomic traits.



MATERIALS AND METHODS

Plant Material

The faba bean germplasm collection (Duc et al., 2010) consisting of 1858 faba bean accessions available at the Institut National de la Recherche Agronomique (INRA) at Dijon (France) and including accessions from V. faba subsp. faba var. equina Pers., V. faba subsp. faba var. minor Peterm., V. faba subsp. paucijuga (Alef.), and V. faba subsp. faba var. major Harz. (synonym: V. faba var. faba) was screened in 2007 (Supplementary Table 1). It was decided to use a practical and fast approach to discard the most susceptible genotypes and maintain only the accessions that were less damaged by the bruchids. The experiments were conducted at the experimental farm of Epoisses in Bretenière (France) (Latitude 47°24′10″N; Longitude 5°11′40″E; Altitude 210 m). The percentage of healthy seeds (% HS) (Supplementary Figure 1 and Figure 1A) out of a set of 100 randomly selected seeds was visually quantified at each time for each accession. Accessions were then ranged accordingly into four groups: group 1, 0–25% of infested seeds; group 2, 26–50% of infested seeds; group 3, 51–75% of infested seeds; group 4, 76–100% of infested seeds (Supplementary Figure 1). A seed was considered infested if it showed: (a) a superficial damage caused by a larva that has passed through the seed coat and has even fed briefly on the outside of the cotyledon, but has not managed to reach the inside of the seed and complete its development (SD) (Figure 1B); (b) a circular “window” on the seed coat behind which there is an adult of faba bean seed weevil (Figure 1C); (c) a circular emergence hole caused by an adult bruchid (Figure 1D); (d) an emergence hole caused by adults of parasitoids that develop within the larvae of the seed weevil, including Triaspis thoracicus Curtis (braconide wasp), Chremylus rubiginosus Nees., and Dinarmus acutus Thomson (Roubinet, 2016) (Figure 1E).
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FIGURE 1. Healthy and Bruchus spp. infested faba bean seeds. (A) healthy seed; (B) surface damage caused by a seed weevil larvae (yellow arrows) that have fed on the external part of the cotyledon; (C) circular spot or window (red arrow) on the seed coat behind which there is still an adult of seed weevil; (D) infested seed presenting an emergence hole (red arrow) of an adult of seed weevil and the entry hole (yellow arrow) and path taken by a larvae to reach the cotyledons; (E) emergence hole (red arrow) of an adult of seed weevil parasitoid.



In 2008, a field validation of a germplasm selection of 120 accessions that showed reduced infestation (less than 25% of infestation) (Supplementary Table 1) was carried out with a completely randomized design. Fifteen to 20 seeds by accession were sown in rows of 2.5 m with inter-row distance of 1 m. The semi-early spring variety “MÉLODIE” (V. faba subsp. faba var. equina) was included in the trial as a susceptible control. Since the experimental farm has a known history of high levels of seed weevil infestation, we relied on natural infestation. No pesticides were applied on the experimental plots or surrounding fields during the experiments. The trial was chemically weeded. The plants were harvested mechanically at maturity and threshed. The seeds were kept at room temperature for 1 month to favor a homogeneous development of the weevils prior to their storage at 4°C. One-hundred seeds were randomly selected for the quantification of the percentage of seed infestation for each accession as described above.

Field Experiments and Assessments

A germplasm subset of 27 accessions with less than 25% of infestation was selected according to the description in “Plant Material” section (Supplementary Table 1). The cultivar “MÉLODIE” was selected as the moderately susceptible control and the traditional landrace “ILB 551” as the highly susceptible control (both selected from the first phenotyping step). These 29 accessions were evaluated in the experimental farm of Epoisses during the 2009 and 2010 growing seasons. Two sowings per year were carried out in each plot to assess the effects of sowing date on seed infestation. Sowings were conducted on February 15th and March 30th in 2009 and on March 3rd and April 12th in 2010. The field plot GPS coordinates were latitude 47°24′20″N and longitude 5°09′55″E in 2009 and latitude 47°24′10″N and longitude 5°09′01″E in 2010. Climatic parameters recorded by a nearby weather station are available in Table 1.

TABLE 1. Description of the four environments (defined as a combination of sowing date and year) where the 29 faba bean accessions selected after the pre-screening were evaluated.
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Each experimental assay consisted of three randomized blocks. In each block, 20 seeds were sown in two consecutive rows representing each accession. Intra and inter-row distances were 30 cm and 1 m, respectively. As in the pre-screening, no pesticides were applied and plots were chemically weeded. Infestation relied on natural occurrence. Plants were mechanically harvested at maturity and threshed. The seeds were kept at room temperature for 1 month to favor a homogeneous development of the weevils before storage at 4°C. One-hundred seeds per accession were randomly selected for the quantification of the percentage of healthy seeds (% HS) (Figure 1A) for which the percentage of surface damage (% SD) (Figure 1B) and emergence holes (% EH) (Figures 1C–E) were subtracted.

The days from sowing date to first and last flowering and first pod-setting (50% of the plants of the accession) (DFF, DLF, and DFP, respectively) in each environment were noted and the duration of flowering (DF) was calculated. All these traits were related to the semi-early flowering (Seidenglanz and Huňady, 2016) and moderately susceptible control “MÉLODIE” to evaluate the effect that precocity may have on the incidence of infestation. In addition, the color of the flowers (FC) (Supplementary Figure 2A) and seeds (SC) (Supplementary Figure 2B) were noted because they are related to the content of tannins in the seed (Cabrera and Martin, 1986). Furthermore, the thousand-seed weight (TSW) for each accession in each environment was also scored.

Statistical Analysis

Analysis of variance (ANOVA) for a complete block randomized design was conducted using Statistix Version 9 with accession (G) and environment (E) as fixed factors in order to determine the genotypic (G) and the genotype × environment (G×E) interaction effects for seed weevil infestation in the studied V. faba accessions. Environments were defined as the combination of the year and the sowing date so each sowing date in a given year was considered as a separate environment. F-ratios were used to test the effects of the randomized complete block experiments combining year-sowing date environments (McIntosh, 1983).

An heritability-adjusted genotype main effect plus genotype–environment interaction (HA-GGE) biplot analysis was applied in order to eliminate the interactions between variables and to take into account the genotype and genotype × environment (GGE) interactions in the analysis (Yan and Holland, 2010). Singular value decomposition was achieved through symmetric scaling (scaling factor “f” = 0.5) since it bears most of the properties associated to other scaling methods (Yan and Rajcan, 2002) and “tester” centering. The analysis was carried out in R version 3.5.0 (package “GGEBiplots”).

To evaluate the influence of the different environmental factors (Table 1) on % HS, % EH, and % SD a canonical correspondence analysis (CCA) was carried out. The environmental factors included in the analysis were: minimum, maximum and average temperature (Tmin, Tmax, AvT); thermal amplitude (TermAmp); minimum, maximum, and average relative humidity (Hmin, Hmax, AvH); rainfall, maximum intensity of rain (ImaxRainfall), maximum, and average speed of the wind (SmaxWind, AvSWind), global horizontal irradiance (GlobIrrad) and insolation duration (InsolDur), number of days with an average temperature above 20°C (D20T), number of days in which the maximum temperature has reached or exceeded 20°C (Dmax20T), number of days when the maximum wind speed has reached or exceeded 6 km/h (Dmax6W). Climatic data from the beginning of flowering (first accession to bloom) to the beginning of pod-setting (last accession to bear pods) were obtained from the CLIMATIK portal of INRA. Analysis was carried out in R version 3.5.0 (package “vegan”).

ANOVA was conducted in order to test significant differences among accessions and sowing dates for DF, DFF, DLF, DFP, and TSW. Correlation was calculated. Analyses were performed in Statistic Version 9.0 and R version 3.5.0 (package “corrplot”).



RESULTS

The 29 accessions evaluated in the field during 2009 and 2010 displayed a quantitative variation of the resistance response to faba bean seed weevil attack (Figure 2 and Supplementary Figure 3). The percentage of surface damage (% SD) ranged from 21.56% in 2009_S2 to 31.84% in 2010_S2 while the percentage of emergence holes (% EH) ranged from 8.84% in the late sowing (S2) 2010 to 29.97% in the early sowing (S1) 2010. The percentage of healthy seeds (% HS) ranged from 40.34% in 2010_S1 to 61.96% in 2009_S2 (Table 2). In 2009, no significant differences (P > 0.05) were observed for % SD, % EH, or % HS between the early and late sowing experiments. However, in 2010 the early sowing was related to a higher rate of larvae development (% EH, P < 0.05) and less presence of healthy seeds (% HS, P < 0.05) compared to the late sowing (Table 2). When comparing early and late sowings of both years (2009 and 2010), it appeared that early sowings were related to a higher percentage of infestation (% EH and % HS, P < 0.05) (Table 2). ANOVA revealed highly significant differences between the accessions (G) and the environments (E) (Supplementary Table 2). It also highlighted significant G×E interactions for % SD, % EH, and % HS (Supplementary Table 2). E was the most significant factor affecting the variance of the data, followed by G, and finally by G×E. Broad sense heritability (H2) was high for % EH (0.93) and % HS (0.82) while, % SD showed a lower heritability (0.56) (Supplementary Table 2). Spearman correlations between % HS-% SD and % HS-% EH were negative (r = -0.9 and r = -0.55, P < 0.001, respectively) (Figure 3A). In contrast, no association between % SD-% EH was observed (P > 0.05) (Figure 3A). This was also confirmed by the differences observed between the HA-GGE biplot analyses (Figure 4).
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FIGURE 2. Frequency distribution of the percentage of surface damage (A), emergence holes (B), and healthy seeds (C) resulting from Bruchus spp. attack in the 29 accessions of faba bean evaluated in the field in Dijon (France) in 2009 and 2010 for two sowing dates for each year. S1 early sowing. S2 late sowing. Arrows indicate the means of the moderately susceptible control (MÉLODIE) and the highly susceptible control (ILB 551).



TABLE 2. Mean and standard deviation (SD) of the traits assessed in 29 faba bean accessions in each of the four environments studied.
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FIGURE 3. Correlation graph of the traits evaluated in the 29 faba bean accessions studied in the field experiments. (A) Spearman correlation between the percentage of healthy seeds (HS), surface damage (SD), and emergence holes (EH); (B) Pearson correlation between HS, duration of flowering (DF); days to first flowering (DFF); days to last flowering (DLF); days to first pod-setting(DFP); and thousand-seed weight (TSW); (C) Spearman correlation between HS, flower colour (FC), and grain colour (GC).
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FIGURE 4. HA-GGE biplots of the percentage of seeds with surface damage (A), emergence holes (B), and healthy seeds (C) resulting from Bruchus spp. attack in the 29 accessions studied in four environments (combination of year × sowing date). The abscissa axis (Target Environment Coordination abcisa axis, TEAa, blue line) points to the accessions with best performance (shown by a blue arrow, indicating the lowest values for infestation). The ordinates axis or Target Environment Coordination ordinate axis (TEAo; indicated by a horizontal blue line) represents the contribution of each genotype to the G × E interaction. The length of the environmental vectors to the origin (0,0) (indicated by dashed violet lines) will be proportional to the square root of the environmental heritability. The genotype with the best performance would be the one with the lowest/highest values for the evaluated trait (highest negative/positive projection on TEAa) and the most stable throughout all the environments (projection on TEAo close to 0, indicated by green dashed lines); indicating a low G × E interaction. The ideal environment is the one showing the highest projection value onto the TEAa (a long vector indicates more discrimination of principal effects of genotypes) and a small absolute projection value onto the TEAo (projection on TEAo close to 0 indicates more representativeness of all the tested environments in this particular environment).



Climatic Factors Most Influencing Faba Bean Seed Weevil Infestation

The influence of general weather conditions (Table 1) on % SD, % EH, and % HS for each environment are presented in the CCA biplot (Figure 5). D20T, AvT, Tmin, Tmax, and Rainfall were positively associated with the increase of % SD while, Dmax20T and TermAmp were associated with the decrease of % EH (Figure 5). In addition, Hmax and AvH negatively affected the success of seed weevil attack (decreased % HS) (Figure 5). The climatic factors evaluated had a different influence on the attack of the seed weevils in the environments studied. Thus, whereas SmaxWind and AvSWind were associated with decreased infestation during the early and late sowings of 2009, D20T AvT, Tmin, and Tmax were associated with increased infestation during the early sowing in 2010 and Rainfall was associated with the increased attack during the late sowing of 2010 (Figure 5).
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FIGURE 5. CCA biplot based on the correlation of several climatic parameters with the percentage of surface damage (SD), emergence holes (EH), and healthy seeds (HS) resulting from Bruchus spp. attack based on the performance of the 29 faba bean accessions studied in four environments (2009_S1, 2009_S2, 2010_S1, and 2010_S2). Tmax maximum temperature, Tmin minimum temperature, AvT average temperature, Hmax maximum relative humidity, Hmin minimum relative humidity, AvH average relative humidity, ImaxRainfall maximum intensity of rainfall, SmaxWind maximum speed of wind, AvSWind average speed of wind, D20T number of days with an average temperature above 20°C, Dmax20T number of days in which the maximum temperature has reached or exceeded 20°C, Dmax6W number of days when the maximum wind speed has reached or exceeded 6 km/h.



Phenological and Agronomical Factors Influencing Faba Bean Seed Weevil Infestation

Some phenological and agronomical traits measured on the 29 accessions studied were correlated with faba bean seed weevil infestation. We observed a negatively strong significant linear correlation for % HS-DLF (r = -0.76; P < 0.001) and % HS-DFP (r = -0.67; P < 0.001), while a moderately negative significant linear correlation was observed for % HS-DFF (r = -0.58; P < 0.001) and % HS-TSW (r = -0.45; P < 0.05) and a weak positive correlation for %HS-DF (r = 0.38; P < 0.05) (Figure 3B). Moreover, flowering and pod-setting traits resulted to had significantly positive correlations (DFF-DFP, r = 0.97, P < 0.001; DFF-DLF, r = 0.70, P < 0.001; and DLF-DFP, r = 0.77, P < 0.001). A moderately significant negative correlation was observed for DF-DLF (r = -0.58; P < 0.001). No significant correlation was found between % HS and FC nor between % HS and GC (Figure 3C and Supplementary Figure 4). Nonetheless, significant differences among accessions were found for all these traits (P < 0.05).

Sources of Resistance to Faba Bean Seed Weevil Larvae Penetration

A wide range of values were scored for % SD (Figure 2A and Supplementary Figure 3) for the 29 faba bean accessions evaluated in the different environments, suggesting significant seed weevil susceptibility differences among the accessions (Supplementary Table 2). The accessions “221516” (15.56%), “ILB 793” (18.78%), “4172” (20.11%) and “BOBICK ROD115” (21%) showed the best and most stable performance in the different environments (Supplementary Figure 3). By contrast, the accessions “ESPRESSO” (41.62%), “430709” (38.22%), “109.669” (37%), and “533725” (37%) were the most susceptible accessions in the environments studied (Supplementary Figure 3). This was confirmed by the classification resulting from the HA-GGE biplot analysis (Figure 4A), where the first two principal components explained 79.53% of the variance of the data. The HA-GGE biplot proved adequate to explain the interactions of G×E according to Yang et al. (2009) because (G+GE)/(E+G+GE) > 10% (Supplementary Table 2). The accessions with the highest negative projection on the TEAa (abcisa axis of the target environment coordination) showed the lowest values for % SD and those with a projection on TEAo (ordinate axis of the target environment coordination) closest to the origin were the most stable throughout all the environments, indicating a low G×E interaction (Figure 4A). The furthest accessions from the biplot origin delimited the vertices of a polygon (black line Figure 4A) including accessions displaying the greatest responses to environmental changes (less stable). These were the accessions “ESPRESSO,” “430709,” and “22303” (21.78%) among the most susceptible and “NOVA GRADISKA” (25.89%), “371805” (17.67%), and “221516” 677 (15.56%) among the most resistant. Table 3 presents the 10 accessions with the best performance for % SD (the lowest % SD and most stable) based on the HA-GGE analysis (Figure 4A). This agreed with the classification resulting from the average % SD values for the four environments with slight variations in the ranking positions (Supplementary Figure 3).

TABLE 3. Ranking of the 10 faba bean accessions with the lowest percentages of surface damage (SD) and emergence holes (EH) and the highest percentage of healthy seeds (HS) after Bruchus spp. infestation, based in the HA-GGE biplot analysis taking into account their performance and stability among the four environments studied.
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Sources of Resistance to Faba Bean Seed Weevil Larvae Development

The percentage of seeds with emergence holes (% EH) revealed the accessions “BOBICK ROD 115” (2.22%), “CÔTE D’OR” (2.33%), “QUASAR” (2.8%) and “NOVA GRADISKA” (4.67%) as the best and most stable across the environments (Supplementary Figure 3). On the contrary, “ILB551” (61.26%), “533725” (31.11%) “MAYA” (29.97%) and “268477” (29.22%) were the most susceptible accessions (Supplementary Figure 3). This agreed with the results of the HA-GGE biplot analysis (Figure 4B) that explained 97.57% of the variance in the two first principal components (PC1 and PC2) with (G+GE)/(E+G+GE) > 10% (Supplementary Table 2). The ten best accessions (Table 3) resulted from the HA-GGE analysis (Figure 4B) also agreed with the classification derived from average values for the 4 environments with slight variations in the ranking positions (Supplementary Figure 3). Among these accessions, those highly affected by the environmental conditions were “ILB 551”and “EBT0V” among the susceptible and “BOBICK ROD115” and “CÔTE D’OR” among the resistant accessions (Figure 4B).

Sources of Resistance to Faba Bean Seed Weevil Infestation

The percentage of healthy seeds (% HS) was related to the two previous variables (% HS = 100 - % EH-% SD). A wide range of values was scored for % HS among the 29 faba bean accessions evaluated in the four environments (Supplementary Figure 3). “BOBICK ROD115” (76.78%), “221516” (74.22%), “CÔTE D’OR” (73.67%), and “NOVA GRADISKA” (69.44%) were the best and most stable accessions across the environments (Supplementary Figure 3). This was confirmed by the HA-GGE biplot analysis (Figure 4C) where the PC1 and PC2 accounted for 91.38% of the variance (Figure 4C) with (G+GE)/ (E+G+GE) > 10% (Supplementary Table 2). “NOVA GRADISKA” and “221516” showed the greatest variance among the accessions with the highest % HS; while “MAYA” (33.24%) and “223303” (52.33%) presented the greatest variance among the accessions with the lowest % HS (Figure 4C). The 10 best accessions resulting from the HA-GGE biplot analysis (Figure 4C) are presented in Table 3. Slight variations in the ranking positions were observed between the biplot analysis (Figure 4C) and the average values for the four environments (Supplementary Figure 3).



DISCUSSION

The phenotyping of germplasm collections is crucial for the progress of sustainable agriculture since they constitute the reservoir in which new sources of resistance may be identified. Bruchid resistance is of special relevance to faba bean world production due to the important losses caused by seed weevils. The identification and introgression of resistance genes into cultivars appears to be the best option to control bruchids in the field. Therefore, the objective of this work was to identify sources of resistance to faba bean seed weevil attacks in a V. faba germplasm collection available at INRA, France. After two series of phenotyping under natural conditions, the most resistant accessions were evaluated in two field experiments conducted in two consecutive years. Each year, an early and a late sowing date allowed determining the effect of the sowing date on the infestation rate and the climatic factors that most influenced the incidence of the attack. The infested seeds presented two types of damage: (1) seeds in which the larvae perforated the seed coat but did not develop inside the cotyledons (percentage of surface damage, % SD) (Figure 1B) and (2) seeds where larvae reached the imago (adult) stage (percentage of emergence holes, % EH) (Figures 1C–E).

The screening of this large V. faba germplasm collection successfully identified useful sources of resistance to faba bean seed weevils. In addition, our study showed the impact of the environment on the rate of infestation and reported on climatic factors as well as the phenological and agronomic traits that most influenced the incidence of weevil attack.

Temperature, Humidity, and Rainfall Are the Most Influential Climatic Factors in Infestation by Faba Bean Seed Weevils

Temperature-related variables, rainfall, and maximum humidity (Figure 5) were the most influential climatic factors affecting seed infestation. Rainfall and humidity potentially disturb oviposition and detach the eggs from the surface of the pods, while high temperatures desiccate the eggs thus reducing their viability (Roubinet, 2016; Aznar-Fernández et al., 2017). Taking into account these climatic parameters when choosing the location and timing of field experiments could be useful for breeders and researchers when selecting for resistance to bruchids.

Early Sowings Showed the Highest Rates of Infestation by Faba Bean Seed Weevils

Early sowings were associated with higher rates of infestation than late sowings (Table 2). However, the proximity between early sowing and late sowing plots could have influenced the infestation rate in the late sowing experiment. Therefore, new experiments where early sown and late-swon plots would be geographically distant should be carried out to avoid any effect of early sowing plants on the infestation of the late sowing plants. Previous works on Bruchus sp. have shown controversial results regarding the effect of sowing date on the incidence of the attacks. The effect of sowing date ranged from null (Newman and Elliot, 1938; Gerding et al., 1987) to a lower rate of infestation in early sowings (Tahhan and Van Emden, 1989) or a lower rate of infestation in late sowings (Brindley, 1933; Newman et al., 2011; Szafirowska, 2012). This could be due to the fact that the effect of the sowing date on the infestation depends on the climatic characteristics of the trial, as our work shows.

Early Flowering, Early Pod-Setting and Low Thousand-Seed Weight Accessions Are Correlated With Greater Resistance to Faba Bean Seed Weevils

Faba bean flowers are key to female insect sexual maturation and pods are the substrate on which females oviposit their eggs (Medjdoub-Bensaad et al., 2007; Leppik et al., 2014; Roubinet, 2016). The timing of flowering and pod-setting had a crucial impact on seed weevil infestation. The accessions that bloomed earlier than “MÉLODIE” also developed pods earlier while late flowering accessions developed pods later: 94% of the variation in % DFP was related to the variation in DFF (Figure 3B). Earlier accessions compared to the semi-early and moderately susceptible control “MÉLODIE” were associated with lower seed weevil infestation. 33.6, 57.8, and 44.9% of the variation of % HS could be explained by DFF, DLF, and DFP, respectively. “DEBDEN MUTANT” was the only accession to flower significantly earlier than “MÉLODIE” and together with “QUASAR,” “106.669,” and “CÔTE D’OR” presented significantly lower DFP than the control. However, no significant differences (P > 0.05) were found for % HS between these early accessions and “MÉLODIE.” Thus, an escape based in an asynchrony between flowering and/or pod-setting (Aznar-Fernández et al., 2017) seemed to not be involved in the response of these accessions to seed weevil infestation. The most likely explanation to this general tendency is that the climatic conditions at the flowering time of the early accessions were not the most appropriate for the insect to interrupt the diapause (Medjdoub-Bensaad et al., 2007). Temperature appeared to be the most differentiating climatic factor between the early and late accessions, observing that early accessions bloomed and developed pods at colder temperatures than late accessions. Late accessions needed warmer conditions, which are more optimal for the biology of faba bean seed weevils. The accessions with long periods of flowering (DF) resulted to be also early accessions (DLF) with respect to“MÉLODIE,” so 33.6% of the variation in DF could be explained by their variation in DLF. The time during which flowers were available for seed weevils to feed showed a weak correlation with the level of infestation (% HS) (Figure 3B), observing that 14.4 % of the variation of % HS may be related to the variation in DF. Interestingly, the late accessions “ILB 551” (highly susceptible control) and “533725” were the most susceptible besides presenting a restricted time of flowering. It would be interesting to deepen the study of these accessions to reveal the factors involved in their preference by bruchids because it could facilitate the development of new tools that limit infestations as the previously developed by Frérot et al. (2017) (Leppik et al., 2014) based on semiochemical attractants that trap the insects (Leppik et al., 2014). No significant differences for DF were observed among the rest of the accessions studied, although % HS ranged from 34% to 79% to in these accessions.

The thousand-seed weight (TSW) is one of the most important traits for faba bean breeding due to its correlation with crop yield (Toker, 2004). However, breeding for yield has been shown to lead to an indirect loss of insect resistance by reducing defense barriers and/or favoring the development of insects (Holt and Birch, 1984). Faba bean germplasm accessions have a smaller size and weight than elite cultivars (Cubero, 1974; Duc, 1997). In our study, the accessions with lower TSW presented high % HS within a moderate correlation: the variation of TSW explained 20.2% of % HS variation. Nonetheless, the accessions “BOBICK ROD115,” “DEBDEN MUTANT,” “REDOS,” or “QUASAR” presented a significantly higher TSW than that of “MÉLODIE” besides having a low percentage of infestation which makes them interesting as progenitors for breeding selection.

Identification of Novel Sources of Resistance to Faba Bean Seed Weevils

Of all the accessions that were examined in our study, four accessions exhibited low infestation levels (low % EH and SD) and good stability among the environments assessed (combination of year and sowing date): the inbred line “BOBICK ROD115” (V. faba var. equina) and the traditional landraces “CÔTE D’OR” (V. faba var. minor), “221516” (V. faba var. major) and “NOVA GRADISKA” (V. faba var. minor). Other interesting sources of resistance against seed weevil attacks were the accessions “QUASAR” (V. faba var. equina), “109.669” (V. faba var. equina), and “223303” (V. faba var. minor) that recorded a low success of metamorphosis of the larvae into imago despite presenting considerable surface damage (% SD) (Figure 4 and Supplementary Figure 3). The wide range of infestation levels observed among the best resistant accessions suggests the involvement of different defense mechanisms (Figure 4). Antibiosis and/or antixenosis mechanisms may have been acting to prevent, retard and/or hinder oviposition, penetration of the pod and seed coat or the development of the larvae (Lattanzio et al., 2005). These include physical or mechanical barriers such as the thickness, hardness, or texture of the pod that can hinder the adherence of the eggs and limit access into the seed (Lephale et al., 2012). The seed coat can also hamper penetration into the seed because it contains biochemical defense barriers (alkaloids, polyphenols, lectins, proteinase inhibitors, α-amylase inhibitors, etc.) involved in the reduction of fertility and/or oviposition, the increase of development time and/or mortality of larvae or adults (Mishra et al., 2018). The accessions “QUASAR,” “109.669,” and “223303” that showed a low % EH but high % SD, could trigger very early and/or intense antibiosis mechanisms that prevent the larvae that have managed to penetrate the seed coat from developing inside (Macel and Dam, 2018). The case of “QUASAR” is interesting because the success rate of larval metamorphosis into adults was very low (% SD >> % EH). In particular, the agronomic potential of this accession presenting the highest seed weight among the resistant accessions, is great for breeding (Casler and Vogel, 1999; Chen et al., 2015). In addition to defense mechanisms, escape through precocity (as stated above) has been described as a possible cause of % HS variation (Aznar-Fernández et al., 2017). In our study, the most resistant accessions bloomed at intermediate dates with respect to the rest of the evaluated accessions (P > 0.05) and there were no significant differences (P > 0.05) for DFF among them, which suggest that the escape was not related to their response to the attack.

The introgression of seed weevil resistance genes in faba bean cultivars is a major challenge, because faba bean trade does not admit damage to the grain. Identifying different sources of resistance triggering different types of defense mechanisms to be introgressed simultaneously in cultivars will make the resistance more durable and suitable for sustainable agriculture with limited use of pesticides. The present work has identified different sources of resistance that could be used as progenitors in faba bean breeding programs. No genotype showed complete resistance, so pyramiding resistance genes is important. The next steps will be aimed at determining how resistance is inherited and what specific defense mechanisms are acting. “BOBICK ROD115,” “NOVA GRADISKA,” “CÔTE D’OR,” or “QUASAR” will be very useful toward this aim because their different response to the attack suggests a distinct basis of seed weevil resistance. The wide range of resistance levels observed among the accessions studied and the fact that complete resistance has not been identified suggest a complex inheritance of the trait. This will be confirmed through genetic analyses that will be performed in two different recombinant inbred line populations (RILs) that have respectively “NOVA GRADISKA” and “QUASAR” as one of the parents. These analyses will also reveal potential candidate genes for resistance to faba bean weevils.
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Low temperatures represent a crucial environmental factor determining winter survival (WS) of barley and wheat winter-type varieties. In laboratory experiments, low temperatures induce an active plant acclimation response, which is associated with an enhanced accumulation of several stress-inducible proteins including dehydrins. Here, dehydrin accumulations in sampled wheat (WCS120 protein family, or WCS120 and WDHN13 transcripts) and barley (DHN5 protein) varieties grown in two locations for two winters were compared with the variety WS evaluated by a provocation wooden-box test. A high correlation between dehydrin transcripts or protein relative accumulation and variety WS score was found only in samples taken prior vernalization fulfillment, when high tolerant varieties accumulated dehydrins earlier and to higher level than less tolerant varieties, and the plants have not yet been vernalized. After vernalization fulfillment, the correlation was weak, and the apical development indicated that plants reached double ridge (DR) in barley or stayed before DR in wheat. Dehydrin proteins and transcripts can be thus used as reliable markers of wheat or barley variety winter hardiness in the field conditions; however, only at the beginning of winter, when the plants have not yet finished vernalization. In wheat, a higher correlation was obtained for the total amount of dehydrins than for the individual dehydrin proteins.

HIGHLIGHTS

- More tolerant winter-type wheat and barley plants reveal higher threshold induction temperatures for dehydrin accumulation in comparison to less tolerant varieties. Thus, more tolerant winter cereals have higher dehydrin levels than the less tolerant ones upon the same ambient temperature in November samplings.

- A significant correlation between dehydrin transcript/protein accumulation and winter survival was found in both winter wheat and winter barley plants in the field conditions, but only prior to vernalization fulfillment.

Keywords: winter survival, vernalization, apical development, field trials, dehydrins, winter wheat, winter barley


INTRODUCTION

Low temperatures, such as cold and frost, significantly affect overwintering of winter cereals. Winter cereals respond to low temperatures via two processes: cold acclimation and vernalization. Cold acclimation means a complex of processes aimed at enhancement freezing tolerance to enhance plant survival under adverse low temperatures. Vernalization means a developmental adaptation to regular long-term periods of low temperatures in temperate climates. Epigenetic modifications of the genes involved in flowering pathway prevent a premature transition from vegetative into reproductive stage before the periods of long-term low temperatures during winter. Vernalization means an acquisition or an acceleration of flowering via a long-term chilling treatment (Chouard, 1960) and this process is associated with complex developmental (epigenetic) modifications enabling activation of flowering pathways genes. It is well known that vernalization fulfillment in winter cereals leads to decreased ability of the plants to induce enhanced freezing tolerance during cold reacclimation treatment; however, molecular mechanisms underlying this phenomenon still remain largely unknown (Kosová et al., 2008; Vitámvás and Prášil, 2008; Dhillon et al., 2010).

The dynamics of freezing temperatures during winter affects the ability to acquire enhanced frost tolerance in winter cereals. Molecular studies have shown that fulfillment of vernalization requirement followed by an enhanced expression of VRN1 gene leads to an upregulation of FT1 homolog and other genes involved in flowering pathway while a downregulation of cold-inducible CBF pathway including downstream COR/LEA genes although precise mechanisms still remain unknown (Dhillon et al., 2010; Deng et al., 2015). Vernalization fulfillment is also regulated by photoperiod; it was found out that daylength prolongation leads to induction of FT1/VRN3 gene which acts as a positive inducer of VRN1 gene (Yan et al., 2006). Vernalization thus leads to a reduced plant ability to newly induce enhanced freezing tolerance after a period of relatively high temperatures leading to plant deacclimation. Similarly, our previous study on cold acclimation, deacclimation and reacclimation in frost-tolerant winter wheat Mironovskaya 808 grown in controlled conditions revealed a significant decrease in the ability to establish enhanced frost tolerance determined as lethal temperature for 50% of the sample (LT50) values in vernalized winter wheat plants subjected to cold reacclimation when compared to unvernalized ones (Vitámvás and Prášil, 2008). Dehydrins represent an important group of LEA-II proteins induced by several stress factors including low temperatures via both ABA-dependent as well as ABA-independent (CBF) signaling pathways (Kosová et al., 2007; Battaglia et al., 2008). Previous studies on cold-treated winter wheat and barley plants grown in controlled environment have revealed correlations between dehydrin transcript and protein accumulation and acquired frost tolerance in fully cold-acclimated plants (Kosová et al., 2008, 2010; Holková et al., 2009; Vítámvás et al., 2010) as well as in plants grown under mild temperatures (Vítámvás et al., 2010; Kosová et al., 2013). However, no analogous data were presented regarding field-grown plants which are subjected to changing temperatures.

Global climate change could lead to deacclimation of vernalized winter cereals during later winter phases (January, February) followed by freezing temperatures which can result in serious plant frost damage. Dehydrin accumulation at transcript and protein levels can help the researchers and the breeders to assess plant sensitivity to frost damage at the given plant developmental stage not only under controlled conditions of growth chambers, but also under field conditions. Recently, several studies were published on cold-inducible dehydrin accumulation in wheat and barley plants grown under controlled conditions in growth chambers (Houde et al., 1992a,b; Danyluk et al., 1994, 1998; Vágújfalvi et al., 2000, 2003; Crosatti et al., 2003; Kobayashi et al., 2005; Vítámvás et al., 2007, 2010; Kosová et al., 2008, 2013). However, for determination of the possibility to utilize dehydrin transcript or protein relative accumulation as a marker of plant winter hardiness, field experiments are necessary. Currently, only a few studies are available on COR/LEA transcript or protein accumulation under the field conditions (Giorni et al., 1999; Crosatti et al., 2008; Ganeshan et al., 2009; Pomortsev et al., 2017). Their results reveal a great variability in COR/LEA transcript or protein levels throughout different winter seasons as well as throughout a single winter season due to a large variability in field growth conditions. A positive relationship between an accumulation of COR14 (chloroplast-located LEA-III protein) and winter survival (WS) capacity was found in a set of 10 barley varieties of both winter and spring growth habits grown in the field conditions in Italy and sampled in November and December revealing higher COR14 accumulation in the winter varieties with respect to the spring ones (Giorni et al., 1999). In contrast, Crosatti et al. (2008) showed only a relationship between plant growth stage and their WS score, but no relationship between plant WS and COR14b accumulation in winter and spring barley varieties grown in the field when sampled in January and February.

Therefore, the aim of our study was to evaluate dehydrin relative accumulation at both transcript and protein levels in wheat and barley varieties grown under field conditions at Crop Research Institute (CRI), Prague, and at Selgen, Lužany, during winters in 2013/14 and 2014/15. Furthermore, one of the major aims was to study the dynamics of dehydrin relative accumulation and plant vernalization fulfillment (non-vernalized vs. vernalized plants) during winter. Moreover, the possibility of distinguish cereal varieties with different level of WS (frost tolerance) by dehydrin analysis of crowns sampled from field was tested and discussed.



MATERIALS AND METHODS

Plant Materials

Winter cereals were cultivated under field condition at CRI, Prague (50°5′5″N, 14°17′58″E; wheat and barley) and Selgen, a.s. – Lužany (49°32′40″N, 13°18′21″E; barley), Czechia during winters 2013/14 and/or 2014/15. During the 2013/14 winter, winter barley varieties Lancelot, Fridericus, Saffron, Fabian, Kaylin were grown in Prague and Lužany. In Prague, wheat varieties Bohemia, Dulina, Sultan and Aranka were cultivated during 2013/14 winter and Bohemia, Gordian, Cimrmanova Raná, Elan, Dagmar, Julie, Tobak and Turandot were cultivated during 2014/15 winter. During the winter 2014/15, barley varieties Lancelot, Fridericus, KWS Meridian, Sylva, Saffron were grown in both locations and Fabian, Lester and Travira only in the location Lužany. All seeds used in the experiments were obtained from Central Institute for Testing and Supervising in Agriculture (Brno, CZ). During sampling (CRI – 5.12.2013, 29.1.2014, 24.11.2014, 19.1.2015; Lužany – 8.1.2014, 9.12.2014), crowns from 10 plants were taken in triplicates directly in the field and the samples were immediately frozen in liquid nitrogen.

Winter-survival of the varieties was assessed by a provocation wooden-box test under natural conditions that was described in detail in the paper by Prášil and Rogalewicz (1989). In short, plants were grown in wooden boxes (40 cm × 30 cm × 15 cm) filled with field soil and placed at two heights above the ground (5 and 50 cm) during winter. Four biological replicates containing a set of 32 plants per each replicate were employed for the test. In spring, plant survival was assessed and average WS was calculated for each variety from multi-year trials according to Prášil et al. (1989).

Frost tolerance test: In order to determine if cereal plants are sufficiently frost tolerant at the beginning of winter, the wheat and barley varieties taken from the field at first sampling (5.12.2013) were subjected to a direct freezing test in laboratory freezers according to Prášil et al. (Prášil et al., 2007). Four different freezing temperatures and 20 plants per each freezing temperature were used for the freezing test. Then, after 3 weeks of plant regeneration, the lethal temperature (LT50) was calculated based on the model of Janáček and Prášil (1991).

Apical development was determined from changes in the morphology of the shoot apex (Prášil et al., 2004). Shoot apices from three plants were dissected and further investigated under microscope (Wilde, Germany). The decimal code of the apex was scored for the early development stages as follows (Nátrová and Jokeš, 1993): 11 – Early vegetative development of the shot apex; 13 – Beginning of the shoot apex elongation; 16 – Beginning of single ridges (leaf primordia); 19 – Single ridges along the whole shoot apex, 20–24 Formation of double ridges (DRs) (from early to late stage).

Days to heading, indicating the time of vernalization saturation, were determined for 15 plants taken at the sampling day (Prášil et al., 2004). The plants were grown in a field soil in a glasshouse at 20 ± 2°C and a 16-h photoperiod provided by supplemental lighting (high intensity discharge lamps LU/400/T/40, Tungsram, Hungary). The heading time for each variety was expressed as the number of days from sampling until the 50% of plants presented the complete spike outside the sheath of the flag leaf in the main shoot.

Transcript Analysis

Total RNA was isolated from 100 mg crown tissues using RNase Plant Mini Kit (Qiagen, Hilden, Germany). RNA purification was performed using Turbo DNase kit (Ambion, United States). The first cDNA chain was synthesized from 1 μg of purified total RNA using QuantiTect® Reverse Transcription kit (Qiagen, Hilden, Germany) and qPCR were performed with QuantiTect® SYBR® Green PCR Kit (Qiagen, Hilden, Germany). The following qPCR conditions were applied: Starting with 95°C for 15 min followed by 40 cycles at 94°C for 15 s, 60°C for 30 s, and 72°C for 30 s. Ubiquitin1 was used as an internal reference gene for both WCS120 and WDHN13. The following primers were used: WCS120 F: TTCACGGACAACAGTGTG and R: CTGCGTCTGTCTCTTGGATAAG; WDHN13 F: GCACGGTGACCACCAGCAC and R: TAGCGGGTCGGGCGCGGGC; Ubiquitin1 F: GCATGCAGATATTTGTGAA and R: GCAGCTTACTGGCCAA.

Further details on WCS120 PCR conditions are given in Ganeshan et al. (2009) and WDHN13 PCR conditions are given in Solařová et al. (2016).

Gene expression was evaluated as normalized relative gene expression (NRE) calculated according to Pfaffl (2001).

The values of gene expression were normalized versus expression of ubiquitin gene and relative to the value of internal calibrator, i.e., average value of tested gene expression in leaves of variety Bohemia in November sampling. The expression level of tested genes in leaves of this variety was taken as the standard 1 (100%). Three independent (2 ×± SD) sample measurements were averaged.

Accumulation of Dehydrin Proteins

The level of dehydrins was studied by immunoblotting of protein soluble upon boiling with anti-dehydrin antibody (Enzo Life Sciences) described by Vítámvás et al. (2010). In short, proteins soluble upon boiling were extracted from crown tissues by Tris buffer (0.1 M Tris-HCl, pH 8.8 containing Complete EDTA-free protease inhibitor cocktail (Roche) from frozen crowns ground to fine powder under liquid nitrogen using mortar and pestle. After boiling step (15 min), proteins were precipitated under acetone with 1% ß-mercaptoethanol. The protein concentration was determined according to 2-D Quant kit manual (GE-Healthcare). About 3 μg of extracted proteins of boiling-soluble fraction were loaded into each well of 10% SDS-PAGE (Laemmli, 1970). The proteins were electrophoretically transferred to nitrocellulose (0.45 μm; Pharmacia Biotech). The anti-dehydrin antibody bound to protein bands were visualized by BCIP/NBT staining (Bio-Rad). GS-800 calibrated densitometer (Bio-Rad) was used for image capture of the visualized dehydrin bands. DHN5 protein in barley samples was determined by its specific position on the immunoblots given by its molecular weight (58.5 kDa, apparent molecular weight of 86 kDa on SDS-PAGE) which is much higher than molecular weights of the remaining barley dehydrin proteins (Tommasini et al., 2008). Densitometric quantification of the dehydrin bands was done using Quantity One version 4.6.2 software (Bio-Rad). Density values from wheat cv Bohemia and barley Lancelot, Fridericus and Saffron (i.e., cvs analyzed in all sampling) were used for normalization of densities between all gels.

Statistical Analysis

Statistical evaluation of plant morphological and developmental characteristics (shoot apex development, days to heading) was carried out using ANOVA analysis followed by Duncan’s multiple range test (significance at 0.05 level). Statistical evaluation of dehydrin transcript and protein relative accumulation was carried out using ANOVA analysis followed by a multiple range test (LSD at the 0.05 level) using averages calculated from three repetitions. Correlation analysis was carried out using Pearson’s correlation coefficient (R) and significance was considered at 0.05 level. All analyses were performed using Unistat software (Unistat version 5.1, Unistat Ltd., London, United Kingdom).



RESULTS

Winter Survival and Frost Tolerance of Tested Varieties

During winters 2013/14 and 2014/15, the longer periods of higher temperature above 5°C were experienced by winter wheat and barley plants on both field locations during December and January (Figure 1). However, the air temperature decreased gradually during autumn, so the plants reached sufficient frost resistance at the beginning of December 2013 (Supplementary Table S1). Due to higher minimal temperature of soil, the cereals had no mortality in the field during these winters and the provocation wooden-box trials were necessary to distinguish differences between tested varieties (Table 1). The winter wheat varieties had WS from 70 (Bohemia with the highest hardiness) to 30 (Elan with the lowest hardiness). WS of barley varieties ranged from 60 (Lester with the highest hardiness) to 19 (Saffron - the lowest hardiness). In addition, one spring wheat Aranka (WS 4) was added to winter wheats to compare dehydrin relative accumulation in genotypes with and without vernalization requirement.
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FIGURE 1. Temperature and precipitation during winters 2013–2015 at two locations. (A) Winter 2013/14 in CRI- Prague, (B) winter 2014/15 in CRI- Prague, (C) winter 2013/14 in Selgen-Lužany, and (D) winter 2014/15 in Selgen-Lužany. Arrow indicates date of the sampling.



TABLE 1. Wheat and barley varieties used in experiments and their winter survival (WS in %) evaluated by a provocation wooden-box test under natural conditions.
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Apex Development and Fulfillment of Vernalization

The tests for apex development and vernalization fulfillment were carried out only on plants taken in CRI – Prague, and for wheat Bohemia and barley Saffron varieties because they were performed for both winter seasons (Figure 2). The barley variety reached the DR stage (value 20 and more) in December and held it during January while the wheat did not reach the DRs stages and stayed at the beginning of the shoot apex elongation with single ridges (leaf primordia) minimum till the end of January. Nevertheless, both wheat and barley varieties were at an early stage of apex development in the December sampling day than in the January sampling days.
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FIGURE 2. Development of shoot apex and days to heading evaluated in greenhouse for wheat Bohemia and barley Saffron sampled from field during two winters (2013/2014 and 20104/2015). Error bars indicate SD, different letters indicate significant differences at 0.05 level using ANOVA analysis followed by Duncan’s multiple range test. Decimal code 20 indicates the double ridge stage (see more in the methods).



Similarly, the days to heading for the taken plants growing in the glasshouse were significantly longer for barley or wheat plants sampled at December than later (Figure 2). On the other hand, the differences between days to heading in plants sampled in January in both winter seasons were not significant for the wheat or barley indicating that vernalization fulfillment was accomplished during December for both wheat and barley varieties.

Dehydrin Protein Relative Accumulation

All tested cereal varieties accumulated dehydrins (WCS200, WCS180, WCS66, WCS120, WCS40 in wheat and DHN5 in barley) in the field at all sampling dates (Figure 3 and Supplementary Figure S1). The dynamics of dehydrin protein relative accumulation revealed a variability in protein accumulation during winter seasons (November, December, January; Supplementary Figure S2). The high tolerant varieties (higher WS) accumulated dehydrins to higher levels and much earlier than less frost tolerant varieties. In November and December, the highest level of wheat dehydrin accumulation was found in Bohemia and the lowest in Aranka. However, in January, the highest and lowest wheat dehydrin accumulation was found in middle tolerant varieties Turandot and Tobak, respectively. In barley, the highest level of DHN5 was found in Fridericus and the lowest in Saffron in crowns sampled in November. However, middle frost tolerant variety Lancelot accumulated the highest level of DHN5 in December and November. In December and November, the lowest level of DHN5 was detected in KWS Meridan and Sylva, respectively (Supplementary Figure S1). Thus, differences in dehydrin levels between wheat or barley varieties declined during the winter (December and January) as less tolerant varieties gradually increased dehydrin accumulation to the level of the high tolerant varieties. Therefore, the highest dehydrin accumulation was found in plants sampled during January. Interestingly, sensitive spring variety Aranka showed high variability in samples from January.
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FIGURE 3. Representative visualization of (A) immunoblot of barley and wheat dehydrins extracted from crowns sampled on January 2014. (B) The visualization of sample load (cut of the same membrane stained by Ponceau S). Order of the samples from left to right – St-Fabian-V – mixture from all three biological replicates, Kaylin 2nd biological replicate, Kaylin, Travira, Fabian, Lancelot, Fridericus, Saffron, Sylva, Lancelot, Saffron, Kaylin, Fabian, Fridericus, Saffron 2nd biological replicate, Bohemia, Sultan, Dulina, Aranka, Bohemia 2nd biological replicate. Abbreviations: L – samples from SELGEN, Lužany; MW – ALL Blue Precision Plus Protein Standards (Bio-Rad); St – standard for gel normalization of quantity; V – samples from CRI, Prague.



Relationship Between Winter Survival and Wheat and Barley Dehydrin Proteins

In wheat, the level of WCS120 alone was not significantly correlated with WS of the tested varieties in any sampling. However, the total amount of the most abundant wheat dehydrins (WCS200, WCS180, WCS120, WCS66, and WCS40; Figure 3) extracted from plants sampled in November 2014 significantly correlated with WS of varieties (Figure 4 and Supplementary Table S2). We could apply this approach due to similarities in the patterns of dehydrin proteins between the studied wheat varieties. Moreover, the total amount of dehydrins from all samples together correlated with the WS of plants (R = 0.80; n = 11; P ≤ 0.01). However, the lower correlation values were found in the plants sampled later. Removal of spring wheat variety Aranka from December and January samplings did not significantly change the correlation (December: R = 0.747; n = 3; P = 0.463; January: R = 0.511; n = 10; P = 0.131; sum: R = 0,678; n = 10; P ≤ 0.05).
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FIGURE 4. Relationships between winter survival and (A) accumulation of DHN5 in barley, (B) accumulation of dehydrins in wheat. Asterisk marks significant correlation coefficient R (P ≤ 0.05). Dec, December samplings; Jan, January samplings; Nov, November; WS, winter survival.



In barley varieties, where the most abundant dehydrin protein is DNH5 under cold treatments (Figure 3), the dehydrin showed the same trend in accumulation as dehydrins in wheat varieties. A significant correlation with WS as found only in dehydrins extracted from barley varieties sampled on November 2014. The later sampling, the lower correlation coefficient was revealed (Figure 4). Moreover, the correlation of mean DHN5 levels calculated from all samplings was not significant (R = 0.46, n = 9).

Interestingly, the lowest correlation coefficient was revealed in the latest samplings of barley and wheat varieties contrary to extended set of varieties (9 and 11, respectively; Figure 4) in the samplings.

Dehydrin Transcript Relative Abundance in Wheats

The NRE of WCS120 and WDHN13 genes were evaluated in the crown tissues of 5 winter wheat varieties at the beginning of November 2014 and then at the end of January 2015 in extended set of varieties (8 varieties) (Supplementary Figure S3). In both terms, variety dependent differences in the NRE level of the two tested genes were observed, but the results reflected significant variability within varieties. In November, the highest expression level of both genes was detected in the Bohemia variety and the lowest in the Gordian variety. The difference was larger than 50% of the NRE WDHN13 gene and 20% for the NRE of the WCS120 gene. Overall, the level of expression of both genes under observation slightly increased in January. However, the results were not unambiguous in this respect. While in some varieties an increase in NRE of these genes was observed compared to the first term (Cimrmanova raná, Gordian) in others, decreased levels of expression (Turandot/WDHN13, Bohemia/WCS120) were detected.

Winter Survival and Level of Wheat Dehydrin Transcripts

The results obtained on dehydrin proteins were also validated at transcript level. Interestingly, WCS120 transcript did not correlate with WS in any sampling (Figure 5). However, the level of transcript of low molecular weight dehydrin gene WDHN13 revealed a significant correlation with WS in plants sampled on November (2014). No significant correlation was found in later sampling (January 2015).
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FIGURE 5. Relationships between WS and (A) normalized relative gene expression of WDHN13 transcript and (B) normalized relative gene expression of WCS120 transcript in wheat. Asterisk marks significant correlation coefficient R (P ≤ 0.05). Abbreviations: Jan, January samplings; Nov, November samplings; WS, winter survival.



Unlike DHN5 protein, Dhn5 transcript levels were not determined in field-grown winter barleys since no significant correlation between Dhn5 transcript levels and plant acquired frost tolerance determined as LT50 was found in young barley plants grown under regulated conditions (Kosová et al., 2008).



DISCUSSION

Low temperatures induce cold acclimation processing including profound alterations in proteome composition in winter cereals leading to enhanced acquired frost tolerance. In winter cereals, cold acclimation process is associated with an enhanced accumulation of dehydrin proteins, namely Kn-type dehydrins including WCS120 proteins in wheat and DHN5 protein in barley (Houde et al., 1992b; Sarhan et al., 1997; Vítámvás et al., 2007; Kosová et al., 2008).

Vernalization is a developmental adaptation preventing a premature transition to cold (frost)-susceptible reproductive stage which is ensured by repressing flowering-promoting genes at epigenetic level (Sung and Amasino, 2004). In winter cereals, fulfillment of vernalization requirement is associated with an induction of VRN-1 gene expression which reveals a negative effect on CBF/COR pathway (Dhillon et al., 2010). Thus, vernalization leads to a decrease in plant ability to induce frost tolerance following a deacclimation period leading to COR protein degradation. In harsh winter with continuous freezing temperatures which are typical for regions with continental climate such as Canada or Siberia, winter cereals maintain high levels of freezing tolerance and freezing tolerance-associated proteins such as dehydrins throughout the whole winter due to continuous freezing temperatures (no deacclimation) (Pomortsev et al., 2017).

However, in mild winters, periods of freezing temperatures are followed by thawing and above-zero temperatures leading to plant deacclimation associated with degradation of cold-responsive proteins such as dehydrins. As a consequence, vernalized winter cereals fail to accumulate enhanced levels of dehydrin proteins when exposed to freezing temperatures following periods of above-zero temperatures associated with deacclimation processes (Vitámvás and Prášil, 2008). Thus, the highest dehydrin accumulation in middle frost tolerant varieties observed in wheat and barley crowns sampled in January could be explained by combined effect of deacclimation processes during observed mild winters (Figure 1) and saturation of vernalization requirements (Figure 2). Under these processes, different varieties could react with different rates of accumulation and degradation of dehydrins that is not closely related to their WS. Comparison of the wheat sets with or without spring wheat Aranka sampled in January revealed that wheats expressing VRN1 gene are susceptible to deacclimation periods.

Similarly, Pomortsev et al. (2017) also showed changes in dehydrin profiles in winter wheat cv. Irkutskaya at different samplings during winter season in Central Siberia, Irkutsk, Russia (November, February, March). The authors detected the presence of 29 kDa dehydrin protein band in winter wheat only in autumn samplings (November) while it was absent in winter and spring samplings (February, March). Ganeshan et al. (2009) also showed a decrease in Cor/Lea transcripts throughout winter season in Norstar-Manitou set of substitution lines except for winter Manitou Wcor14 transcript accumulation which continued to increase throughout winter. Moreover, Ganeshan et al. (2009) found fluctuations in transcript levels of selected Cor/Lea genes (WCS120, Wcor410, Wcor14) throughout different winter seasons. The authors interpreted the fluctuations in Cor/Lea transcript levels between the different winter seasons as reflections of soil temperature fluctuations.

Comparison at transcript level revealed that the most abundant cold-inducible dehydrin in wheat was WDHN13 (K2) while at protein level, the most abundant cold-inducible dehydrin was WCS120 (K6). The difference can be explained by the fact that dehydrin transcripts are detected using specific primers against unique sequences while dehydrin protein primary antibodies were raised against dehydrin conserved sequence of K-segment. Therefore, dehydrin proteins of Kn type with multiple K segments in their molecules (DHN5 - K9; WCS120 - K6) are overrepresented on the immunoblots when compared to dehydrins with a lower copy number of K segments. Nevertheless, when similar patterns of the individual dehydrin proteins with different copy numbers of K segments are found in studied varieties the total amounts of dehydrin proteins can be compared with the same reliability as individual dehydrins. The significant correlation of WDHN13 transcript contrary to non-significant correlation of WCS120 transcript with WS revealed the importance of the comparison expression of more gene family members to adapt proteome results on expression level.

A significant correlation between dehydrin protein relative accumulation (DHN5 in winter barleys; total amount of WCS120 proteins in winter wheats) and plant WS scores was found in early samplings (November). It has been shown in our previous studies that relative abundance of cold-inducible Kn-type dehydrin proteins in cold-acclimated non-vernalized barley (Kosová et al., 2008) and winter wheats (Vítámvás et al., 2007) as well as dehydrin transcripts (WCS120, WDHN13) in winter wheats (Holková et al., 2009) reveals a correlation to plant frost tolerance determined as LT50 or plant WS. However, these data were obtained only on young plants in vegetative phase (a 3-leaf stage) grown under controlled conditions of growth chamber where all environmental factors can be strictly controlled.

Results achieved by Giorni et al. (1999) and Crosatti et al. (2008) regarding COR14 (not belongs to dehydrins) accumulation in spring and winter barley in the field conditions in Italy support our data. A positive relationship between COR14 accumulation and plant WS was found when sampled in November and December (Giorni et al., 1999) while no significant relationship was found between COR14b accumulation and WS when sampled in January and February (Crosatti et al., 2008). Similarly, Rizza et al. (2011) found no significant relationship between COR14 accumulation and frost tolerance in a set of European barley cultivars when subjected to 1 or 2 weeks of cold acclimation at 3/1°C (day/night).

Results of immunoblot analyses revealed that unlike controlled conditions in growth chamber where a significant correlation between a single WCS120 protein (50 kDa) and wheat acquired frost tolerance was found, a total amount of all WCS120 proteins detected in the immunoblots has to be taken to obtain a significant correlation to WS in winter wheat plants grown in the field. This finding indicate that winter hardiness/frost tolerance represents a quantitative trait of cumulative nature whose resulting level represents a result of additive effects of several differential factors including an accumulation of stress-protective proteins (Thomashow, 1999; Ruelland et al., 2009). It is more probable that winter hardiness which is determined by several stress-protective factors such as accumulation of stress-protective proteins and osmolytes correlates rather with more complex characteristics such as an accumulation level of a total amount of cold-inducible dehydrin proteins rather than a single dehydrin protein.

Studies aimed at an induction of freezing tolerance (LT50) or dehydrin proteins (transcripts) accumulating under a series of decreasing temperatures indicate that the highly frost-tolerant winter varieties of Triticeae start inducing frost tolerance (LT50) and accumulating dehydrin proteins at higher growth temperatures with respect to less tolerant ones (Fowler, 2008; Vítámvás et al., 2010; Kosová et al., 2013). Therefore, in autumn, the highly frost-tolerant varieties start accumulating dehydrin proteins at higher temperatures, i.e., earlier, with respect to the less tolerant ones. Therefore, we observed relatively high differences in dehydrin levels between the differently frost-tolerant winter varieties in November. At later sampling dates following longer periods of low temperatures, also the less frost-tolerant winter wheat and barley varieties start accumulating enhanced dehydrin proteins thus the differences in dehydrin protein relative accumulation between highly frost-tolerant winter varieties with respect to the less tolerant ones became relatively lower when compared to the earlier sampling dates. This concept is analogous to dehydrin samplings from plants grown under different temperature regimes since in both cases, the sum of growth temperatures multiplied by their duration, i.e., the number of degree-days, is crucial for an induction of dehydrin protein relative accumulation in a given winter cereal variety. Thus, it can be concluded that highly frost-tolerant winter cereals (such as barley Fridericus or wheat Bohemia) require lower total values of degree-days for an induction of enhanced dehydrin protein accumulation when compared to less frost-tolerant ones.

It is well-known from experimental data that vernalization fulfillment in winter-type cereals (winter wheat, winter barley) significantly decreases their ability to induce enhanced frost tolerance under cold acclimation treatment. Recently, it was found out that vernalization-induced expression of VRN-1 gene leads to a down-regulation of cold-inducible CBF transcription regulators and their downstream genes including cold-inducible dehydrins (Dhillon et al., 2010). Under a continuous cold treatment, vernalized winter cereals retain enhanced levels of cold-inducible COR proteins including dehydrins due to their previous accumulation prior to vernalization. However, increased temperatures lead to cold-inducible protein degradation. Subsequent temperature decrease then leads to significantly lower de novo accumulation of cold-inducible proteins in vernalized winter cereals with respect to unvernalized ones.

Therefore, in regions with mild winters characterized by freeze-thaw periods leading to cold acclimation followed by deacclimation processes, accumulation of cold-responsive proteins such as dehydrins corresponds to plant acquired frost tolerance only in non-vernalized plants. Thus, to use accumulation of dehydrin proteins as an indirect marker of frost tolerance in winter cereals (wheat, barley), sampling of winter-type cereals prior to vernalization fulfillment has to be recommended in regions with temperate climates such as Czechia.

Moreover, given the complexity of the field conditions, changes in photoperiod during winter also have to be taken into account. Early winter samplings at November and December were taken at short-day conditions (shortening of daylength until winter solstice) while January samplings were taken at relatively prolonged daylengths which lead to induction of FT1/VRN3 gene upstream of the key vernalization gene VRN1. A positive effect of prolonged daylength on barley shoot apex development (double-ridge stage) and a decrease in Cor/Lea genes and frost tolerance was reported by Fowler et al. (2001) under controlled conditions. Thus, the observed alterations in barley shoot apex development and alterations in DHN5 levels during winter also correspond to daylength prolongation in January when compared to earlier sampling dates in November and December.



CONCLUSION

Our study shows for the first time that dehydrin proteins and transcripts can be used as a marker for assessment of plant WS in winter cereals grown under field conditions, but only winter wheat and barley plants prior to vernalization fulfillment have to be used for dehydrin determination. Thus, a positive correlation between WS and dehydrin protein relative accumulation (WCS120 dehydrins in winter wheats and DHN5 protein in winter barleys) was found in winter wheats and barleys in vegetative stage (prior to vernalization), respectively, grown in the field in Czechia.
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Rice leaffolder, Cnaphalocrocis medinalis is one of the key foliage feeding insects of great concern throughout Asia as it results in significant yield losses. High visibility of damage is triggering farmers to apply toxic pesticides for its management. Therefore, it is vital to identify new stable sources of resistance for leaffolder. Phenotyping of 160 recombinant inbred lines (RILs) of a cross between a resistant parent, W1263 and a susceptible parent, TN1 using a rapid field screening method for three seasons resulted in identification of nine RILs as stable sources of resistance to rice leaffolder. Phenotypic frequency distributions were found continuous indicating that the resistance is a quantitative trait governed by polygenes. Phenotypic data for three seasons were analyzed using Genotype and Genotype × Environment Interaction (GGE) analysis for identification of stable resistant lines. Additive main effect and multiplicative interaction (AMMI) analysis showed that 86.41% of the total sum of square of damaged leaf area was attributed to genotype (GEN) effect; 0.48% to environment (ENV) effects and 5.68% to genotype by environment (G × E) interaction effects. Damage area, damage score and leaf length showed very high broad-sense heritability across three environments. However, leaf width had low heritability indicating higher environment influence. Phylogenetic analysis grouped these 160 RILs and parents into five clusters based on resistant reaction. AMMI and GGE biplot analysis revealed that stable genotypes G8 (MP114) and G3 (MP108) with lower damage area and damage score can be utilized in developing cultivars with leaffolder resistance.

Keywords: leaffolder, resistance, stability, phenotyping traits, GGE, cluster, AMMI


INTRODUCTION

Rice (Oryza sativa L.) is a predominant food crop of the world and staple food for about 2 billion people in the developing countries. Rice is grown in an area of 163.3 million hectares in the world with production of 749.7 million tonnes (Food and Agriculture Organisation, 2016). India is the world’s second largest producer of rice cultivated in an area of 43.9 million hectares with an annual production of 104.3 million tonnes (Directorate of Economics and Statistics, Govt. of India, 2016). Rice is the principal food crop in southern and eastern part of India and is very important in terms of national food security. Biotic stresses caused by insect pests, diseases and weeds are the major constraints in rice production resulting in 25–30% yield losses (Salim et al., 2001).

Rice leaffolder, Cnaphalocrocis medinalis Guénee (Lepidoptera: Pyralidae) is a notable leaf feeding insect in all the major rice growing regions in Asia. Many Asian countries like China, India, Japan, Korea, Malaysia, Sri Lanka, and Vietnam reported frequent outbreaks of this pest and yield losses (Khan et al., 1988; Luo, 2010; Li et al., 2012; Sun et al., 2013). Leaffolder infestation occurs right through the nursery stage to harvest stage, but incidences are high in the reproductive and ripening stages (Litsinger et al., 2006). Larva stitches the leaf edges and folds the leaves longitudinally. It feeds by scraping the green mesophyll tissue staying inside the folded leaves resulting in linear membranous damage. Due to this feeding, general vigor and photosynthetic efficiency of infested rice plant becomes drastically reduced resulting in poor grain filling causing significant yield loss. Initial first and early second-instar larvae are found in groups and feeds on central furled leaf. Later, larva becomes solitary and folds the leaves for feeding. Each larva can destroy several leaves by its feeding during the development passing through five instars. Due to numerous folded and damaged leaves, heavily infested fields appear parched (Padmavathi et al., 2013).

Padmavathi et al. (2013) quantified the yield losses caused by rice leaffolder and found that more than three larvae per hill at maximum tillering stage resulted in 20% unfilled grains, 57% reduction in PS II activity and 23% reduction in relative water content in comparison with the undamaged plants. They also reported that flag leaf damage of above 25% at flowering stage caused more than 50% unfilled grains indicating direct effect of yield reduction in rice. At present, farmers are dependent on chemical control as feasible method to check leaffolder infestation during the crop growth period. Though, host plant resistance plays a major role in integrated pest management, rice cultivars resistant to leaffolder are not available. Hence, farmers mainly rely on toxic pesticides leading to higher cost of cultivation and pollution hazards.

Growing resistant variety plays a major role in the management of insects especially in low input farming situations of India and South Asia. It is also highly compatible with other methods of pest management. Screening for insect resistance under natural field conditions is a long term process. At the same time, it is difficult to identify reliable and stable sources of resistance due to variation in insect populations in space and time. In addition to season specific adaptation, stability of expression of resistance to insects is also important in attaining sustainable crop yields across a wide range of environments. As the influence of environment is comparatively higher in biotic stress involving different organisms, it is essential to study the G × E interaction to quantify the stable genotypes and traits for biotic stress tolerance across different environments. Additive Main Effects and Multiplicative Interaction (AMMI) and Genotype and Genotype × Environment Interaction (GGE) biplot models are excellent tools to study G and E interactions. The AMMI model proposed by Gauch (2006) collectively considers environment (E), genotype (G), and their interaction with each other (G × E) as individual parameters for the evaluation purpose. The GGE biplot developed by Yan and Kang (2003) evaluates the interaction by considering the genotype (G) and genotype’s environmental interaction (GE). However, in recent past, AMMI method is used frequently as it couples classical additive main effects to G × E interaction values which help to ease the selection procedure and are more effective in choosing stable genotypes (Crossa et al., 1990; Ariyo and Ayo-Vaughan, 2000; Yan and Hunt, 2001; Rodrigues et al., 2014; Lado et al., 2016; Parihar et al., 2017).

As per the AMMI method, the environment (E), genotype (G) and their interaction with each other (G × E) were considered as individual parameters. This method stands as most effective for choosing genotypes in agricultural and research purpose. AMMI method also obviates the structural variations among the genotypes in environments which gives more data precision. However, the GGE parameter gives more comprehensive information in mega environments for the selection of genotypes. The information on stability and adaptability is worth considering for selection of location or seasonal specific genotypes as well as for general adaptation (Gauch, 2006). Keeping these in view, the present study was aimed to phenotype a mapping population of TN1/W1263 recombinant inbred lines (RILs) using a rapid and reliable field screening method and to identify selective phenotype traits and stable RILs resistant to rice leaffolder for utilization in crop improvement programs.



MATERIALS AND METHODS

Plant Material

A mapping population of 160 RILs in F10 generation derived from a cross between two indica rice genotypes viz., Taichung Native 1 (TN1), a semi-dwarf susceptible variety and W1263, a resistant cultivar for rice leaffolder, was used in the study. TN1 is the world’s first semi dwarf rice variety developed from a cross between Dee-Geo-Woogen and Tsai-yuan-chunj (a Taiwanese local variety) by the Taichung District Agricultural Improvement Station in 1949. W1263 is a gall midge resistant cultivar possessing Gm1 gene developed from a cross between Eswarkorra and MTU15 by Rice Research Station, Warangal, India. Initial screening of these parents revealed W1263 as resistant to rice leaffolder. This RIL population between W1263 and TN1, developed by Dr. J. S. Bentur and his team (Biradar et al., 2004; Sundaram, 2007), available with Entomology section, ICAR-Indian Institute of Rice Research (IIRR), Hyderabad was used for phenotyping for leaffolder resistance in the present study.

Insect Culture

Leaffolder culture was maintained on TN1 plants in the green house at 25 ± 5°C temperature and 60 ± 10% relative humidity. Adult moths were paired (10 pairs) and released for oviposition on 25–30 days old TN1 plants enclosed in a cylindrical mylar cage (14 cm diameter and 50 cm height). Adult moths were changed every day on to fresh TN1 plant. Eggs were allowed to hatch and 25–30 first instars were shifted on to a fresh TN1 plant of same age for further development. From this stock, third instar larvae (10 day old larvae) were used for phenotyping studies.

Phenotyping of Parents and RIL Population for Resistance to Rice Leaffolder

Field experiments were conducted at research farm, ICAR-IIRR (17°19′N and 78°29′E), Hyderabad, Telangana State, India. This region has predominantly semi- arid type of climate with temperature range of 22–42°C and an average annual rainfall of 896 mm. The reaction of 160 F10 RILs along with their parents was assessed by a rapid screening method (Padmavathi et al., 2017) during three seasons viz., wet season 2013 (E1), dry season 2013–2014 (E2) and wet season 2014 (E3). These 160 RILs were grown in three blocks in a randomized manner. In each block every RIL was grown in a row of 45 hills and both the parents (TN1 and W1263) were repeated after 20 rows of test lines. RILs along with parents were grown in the field at 30 cm inter-row spacing and 20 cm intra-row spacing. All the agronomic practices recommended for raising the crop were followed. In each RIL, three plants were selected at random and screened in every block. Each time, both the parents were also screened along with the RILs. In this phenotyping method, leaves of each RIL was covered with a nylon mesh bag and tied at the bottom. A single third instar larva was released on to the leaves from the top of the bag by opening the thread and allowed to feed for 48 h (Figure 1). After 48 h, larva was collected and the number of damaged leaves were counted, collected and preserved in a book for the measurement of damaged leaf area. These damaged leaves were scanned using Cannon MF 4320–4350 scanner at color mode with 300 dpi image quality. Leaf area damaged was measured using imageJ software1. It took about 2 weeks for complete screening of 160 RILs along with parents. The damaged area (DA) recorded was converted to adjusted damaged area rating (ADAR) using the following formula and the percentages were converted to 0–9 scale representing the damage score (DS).
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FIGURE 1. Field screening method of phenotyping for resistance to rice leaffolder; (a) Field lay out; (b) Covering of plant with a net; (c) Releasing third instar larva; (d) Damaged leaves with larva after 48 h; (e) Damaged area assessment using imageJ software.
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RILs with mean scale score of 0–3 were considered as resistant, 3.1–5.0 as moderately resistant and 5.1–9 as susceptible.

Characterization of Parents and RILs for Leaf Morphological Traits

Leaf morphological traits like leaf length (LL), leaf width (LW), and trichome density serve as defense factors leading to resistance, particularly, when the insect comes in contact with them and affects its growth and development after feeding. LL and LW were found to affect the folding and feeding behavior of leaffolder larva while trichome density affects the oviposition and survival of first instars. These morphological traits may have positive or negative influence on the pest and sometimes on its natural enemies also. Parents and RILs were also characterized for various morphological traits like LL and LW in all the three seasons. In each season, observations on LL and LW were recorded from five leaves selected randomly from five hills in each RIL at 50 days after planting. Length of the leaf was measured with a standard scale from leaf tip to the point at which lamina is attached to the petiole. LW was measured at the widest part of leaf lamina from one edge to other edge. The number of trichomes on both, adaxial and abaxial leaf surfaces was also recorded by taking 5 cm leaf portion from the middle of the second leaf as per the procedure described by Maiti and Gibson (1983). In this method, three plants from each RIL were selected at random and leaf samples were collected. Leaf samples were cut into 5 cm leaf bits in the middle of the leaf, dipped in 1:2 alcohol, acetic acid solution and left overnight for the clearance of chlorophyll content. These discolored leaf bits were stored in vials with 90% lactic acid. Leaf bits were mounted on a glass slide with lactic acid and observed under compound microscope (OLYMPUS BX50). Trichomes on abaxial and adaxial surfaces of each leaf were counted and expressed as numbers per microscopic field.

Statistical Analysis

Descriptive statistics such as mean, standard error (SE), range, coefficient of variation (CV%), Analysis of Variance (ANOVA) and heritability for each leaf morphological trait, and correlations among pairs of traits were calculated using the Plant Breeding Tools (PB Tools, 2014) software. ANOVA was used to compare the variation in resistance among the testing environments (E) and among the entries (RILs) within population and G × E interactions of the 160 RILs and to compare the resistance reaction between the entries and parental checks evaluated in different testing environments. Significantly different lines compared to parents were identified using significant pairwise mean comparison method. Mean phenotypic data was subjected to cluster analysis using DARwin software version 5.0 (Perrier and Jacquemoud-Collet, 2006)2. Unweighted Pair Group Method with Arithmetic Mean (UPGMA) was used to generate a dendrogram based on calculated phenotypic dissimilarity on euclediean distances for the 160 RILs.

AMMI and GGE Analysis

The AMMI and GGE models were applied for stability analysis of 160 RILs, with two parents (Genotype = G) and three testing seasons (Environments = E) and their genotype by environment (G × E) interactions. AMMI and GGE statistical models and computational methods were used in the current study as described in Mukherjee et al. (2013), Gauch (2013), and Balakrishnan et al. (2016). The ANOVA were employed to partition the variation into RILs (G) main effects and environments (E) main effects and genotype by environment (G × E). AMMI and GGE biplots were used to partition the G × E interaction into several principal components (Supplementary Table S1). The ANOVA, AMMI biplot, and GGE analysis were carried out by software program Plant Breeding Tools Version 1.4 (PB Tools, 2014) developed by International Rice Research Institute (IRRI), Philippines.



RESULTS

Phenotypic Variation in Parents and RIL Population

The mean phenotypic variation for damaged area and damage score showed a continuous normal distribution in all the three seasons (Figure 2). During wet season 2013, damage area of only 195.04 mm2 was recorded in the resistant parent, W1263 while it was 606.05 mm2 in TN1, the susceptible parent (Figure 2A). Damaged area in RILs varied from 71.08 to 1068.70 mm2. The leaffolder damage was comparatively less during dry season 2013–2014 with damaged area of 142.86 mm2 in W1263 and 440.14 mm2 in TN1 (Figure 2B). Damaged area in RILs varied from 87.35 to 779.73 mm2 (Table 1). Similarly, during wet season 2014, damaged area ranged between 107.84 and 945.90 mm2 with 171.75 mm2 in W1263 and 605.21 mm2 in TN1 (Figure 2C). The mean damage score varied from 3.0 to 9.0 in different RILs in all the three seasons with a damage score of 3.0 in W1263, the resistant parent, and 9.0 in TN1, the susceptible parent. A total of nine RILs were found resistant to rice leaffolder with a damage score of 3.0 while 42 RILs were found moderately resistant with a damage score of 3.7–5.0 (Figures 2D–F).
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FIGURE 2. Frequency distribution of leaffolder resistance and leaf related traits in a population derived from TN1x W1263; E1 = Wet season 2013; E2 = Dry season 2013–2014; E3 = Wet season 2014; DA = Damaged area; DS = Damage score; LL = Leaf length; LW = Leaf width. (A) DA during wet season 2013; (B) DA during dry season 2013–2014; (C) DA during wet season 2014; (D) DS during wet season 2013; (E) DS during dry season 2013–2014; (F) DS during wet season 2014; (G) LL during wet season 2013; (H) LL during dry season 2013–2014; (I) LL during wet season 2014; (J) LW during wet season 2013; (K) LW during dry season 2013–2014; (L) LW during wet season 2014.



TABLE 1. The mean performance and descriptive statistics of traits under the study across the environments.
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Characterization of Leaf Morphological Traits in Parents and RIL Population

There were significant differences among RILs for leaf morphological traits like LL, LW, and trichome density. LL and width traits of RIL population also exhibited a continuous normal distribution in all the three seasons. The mean LL varied from 31.0 to 82.0 cm in different RILs with 48 cm in W1263 and 37 cm in TN1 whereas LW ranged between 0.6 and 1.8 cm in different RILs with 0.8 cm in W1263 and 1.5 cm in TN1 during wet season 2013 (Figures 2G,J). Similarly, mean LL varied from 28.0 to 66.0 cm and LW from 0.5 to 1.5 cm in different RILs during wet season 2014 (Figures 2H,K). LL of 44.0 cm, 36.7 cm, and LW of 0.7 cm, 1.4 cm was recorded in W1263 and TN1, respectively. During dry season 2013–2014, LL ranged between 27.0 and 66.0 cm while LW ranged between 0.6 and 1.5 cm in various RILs (Table 1). Trichome density varied from 0 to 396 per objective area on adaxial surface of the leaf and ranged between 0 and 142 on abaxial surface in different RILs (Table 2). Trichomes were completely absent on both adaxial and abaxial surfaces in the susceptible parent, TN1 (Figure 3), while resistant parent, W1263 showed more numbers on adaxial surface (314/objective area) as compared to abaxial surface (45/objective area). Correlation studies revealed a negative relationship between trichome density and leaffolder damage but it was not-significant (r = −0.0391; P = 0.6463).


[image: image]

FIGURE 3. Trichomes on leaf surfaces of TN1 (susceptible parent) and W 1263 (resistant parent).



TABLE 2. Trichome density (Mean number/microscopic field) on adaxial and abaxial leaf surfaces in different RILs of mapping population of TN1/W1263.
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Phylogenetic Analysis of the Population

The clusters based on mean phenotypic data showed very clear distinguished grouping of RILs according to their resistance reaction and corresponding scores. The tree showed five large clusters (I–V) in which RILs and parents were grouped based on their resistance reaction (Figure 4). RILs in cluster I belonged to resistant and moderately resistant class with a DA of <200 mm2, DS of 3.0–4.6. Cluster II also had moderately resistant RILs with DA of 200.91–298.40 mm2, DS of 4.3–6.3. Susceptible RILs formed three clusters, Cluster III with DA of 301.59–397.33 mm2, DS of 6.1–7.9; cluster IV with DA of 405.97–497.93 mm2, DS of 7.4–8.6 and cluster V with DA of 508.01–780.51 mm2, DS of 9.0. Cluster V had RILs with DA of more than the susceptible check. Few admixtures belonging to the adjacent clusters were found in all the clusters except in the cluster II.
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FIGURE 4. Cluster diagram illustrating the genetic relationship among the 160 RILs and parents. Cluster I (DA = 112.18–195.81 mm2; DS = 3.0–4.6), Cluster II (DA = 200.91–298.40 mm2; DS = 4.3–6.3), Cluster III (DA = 301.59–397.33 mm2; DS = 6.1–7.9), Cluster IV (DA = 405.97–497.93 mm2; DS = 7.4–8.6), Cluster V (DA = 508.01–780.51 mm2; DS = 9.0).



Trait Performance of the Parents and Population

The population was evaluated for its resistance to leaffolder in each individual RIL raised in RCBD (Randomized complete Block design) for three seasons (wet season 2013, 2014, and dry season 2013–2014) according to rapid screening method along with parents. ANOVA was used to compare the variation in resistance among the environments (E) and among the RILs (G) within population and G × E interactions of the 160 RILs and to compare the resistance reaction between the RILs and parental checks evaluated in different testing environments. ANOVA showed significant genotype by environment interactions for these traits. Of 160 tested RILs, 130 were found to be significantly resistant in terms of damage area (81.25% of tested RILs) and 93 showed resistance in terms of damage score over TN1. Only 98 RILs (58.12% of tested RILs) were significantly susceptible to resistant parent W1263. Among the tested RILs, 20 (12.5% of tested RILs) were found to be positively significant for LL and 136 were negatively significant for LW of TN1. These results indicated that the majority of the population showed resistance to the rice leaffolder. The overall mean and range of traits measured to assess the resistance reaction during wet seasons of 2013, 2014 and dry season of 2013–2014 are presented in Table 1. A wide variation was observed for damaged area, damage score, LL and LW in this set of population (Table 1). Among the traits, damage area and LL were observed to have wide variability and showed more environment influence. Highest mean for DA was observed in E3 whereas highest mean damage score was observed in E2. Skewness and Kurtosis were measured to describe the nature of distribution (Table 1). All four traits showed platykurtic distribution (kurtosis value < 3) across three environments. Heritability estimates in a broad-sense for DA, DS, LL, and LW were observed and all the traits except LW showed high level of heritability. Strong highly significant correlation existed between mean DA and DS, and significant correlation between mean LL and LW. However, correlation was positive between damage area and damage score with LW and negative with LL (Table 3).

TABLE 3. The correlation matrices of mean performance of leaffolder resistance and leaf related traits across three environments.
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AMMI Analysis of Variance

The AMMI analysis of variance of 160 RILs tested against leaffolder resistance for three seasons (environments) showed that 86.41% of the total sum of square (SS) of damaged area was attributed to genotype (GEN) effect; 0.48% to environment (ENV) effect and 5.68% to genotype by environment (G × E) interactions effects (Table 4). Leaffolder resistance scores of the population ranged from three (3.0) to nine (9.0) with greater proportion of RILs showing more stable reaction status. The resistant check, G162 (W1263) recorded stable resistant reactions over all the test environments (Figure 5). RILs or environment appearing almost on the perpendicular lines to axis showed similar mean performance. Also, RILs or environment on the right side of the perpendicular lines through origin had higher leaffolder damage scores than those on the left side. Therefore, it is quite evident from the biplot that the RILs, G161(TN1), G2(MP107), G25(MP135), G33(MP145), G55(MP28), G59(MP37), G85(MP240), G86(MP241), and G98(MP312) showed high level of stable susceptibility. In contrast, G8(MP114), G49(MP215), G37(MP15), G51(MP217), G154(MP547), G3(MP108), G107(MP325), G13(MP120), G54(MP27) along with resistant check G162(W1263) showed lower damage score and greater stable resistance reactions to leaffolder (Figure 5); while G4(MP11) and G60(MP4) were few of the most responsive RILs for both DA and DS. G8(MP114) and G3(MP108) were most stable with lower damaged area while G141(MP528), G123(MP434), G33(MP145), G59(MP37), G125(MP436), G144(MP533), G98(MP312), G100(MP314), and G157(MP553) showed stable consistent performance with higher damaged leaf area across three environments. For LL, G62(MP42), G63(MP44), G134(MP453), G144(MP533), and G4(MP11) showed high mean performance and stability across environments, while G15 (MP122), G122(MP425), G46(MP21), and G57(MP32) were the stable lines with lower LL. For LW, G161(TN1) was the most stable genotype with highest mean value while the other parent G162(W1263) was most stable for lower LW and was on par with G8(MP114) and G17(MP124). All three environments i.e., E1 (wet season 2013), E2 (dry season 2013–2014), and E3 (wet season 2014) were far away from the origin and are differentiating environments and were on the right hand side of the origin of the main effect axis suggesting that these environments were favorable for leaffolder infestation. E1, E2, and E3 showed low PC1 scores for all the traits under study with small interactions (Table 4). Similarly, significantly larger proportion of RILs recorded low PC1 scores and showed small interactions for damage score and LW, which caused clustering together of the RILs on the biplot (Figure 5). However, higher proportion of RILs recorded significantly higher PC1 scores in case of damaged area and LL. RILs G138(MP520) and G76(MP228) recorded the lowest PC1 score of 0.21 and 1.37, respectively, for damaged area and so can be considered as the stable susceptible lines.


[image: image]

FIGURE 5. AMMI and GGE biplot for the primary component of interaction (PC1) and mean or main effect of RILs in different seasons. E1 = Wet season 2013; E2 = Dry season 2013-2014; E3 = Wet season 2014; DA = Damage area; DS = Damage score; LL = Leaf length; LW = Leaf width. (A) AMMI biplot for DA; (B) GGE biplot for DA; (C) AMMI biplot for DS; (D) GGE biplot for DS; (E) AMMI biplot for LL; (F) GGE biplot for LL; (G) AMMI biplot for LW; (H) GGE biplot for LW.



TABLE 4. The factor explained SS (%) was calculated comparing sum of square (SS) from AMMI ANOVA showing the percentage contribution of genotype environment and interaction effects in phenotypic expression of each trait across environments.
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GGE Biplot – Environment View

Environment-vector view of the GGE biplot explained 93.9, 88.2, 51.9, and 52.9% of the total variation of the environment-centered G by E for DA, DS, LL, and LW, respectively (Figure 5). All the three environment vectors appeared to be positively correlated suggesting that the same information about the genotype could be obtained from fewer test environments. However, E1, E2, and E3 appear to be the more discriminating or informative in case of traits related to leaf area than leaffolder damage even though the location was same and the seasons were different. The three environments were observed to be representative in case of DA and DS with a smaller deviation from average environment axis though E2 was most representative being very close to average environment in case of LL and LW. E1 and E3 were most discriminative for LL and LW while E2 and E3 for DS and only E3 for DA. E1 was observed to be closest to ideal test environment for DS and hence considered to be the best for leaffolder screening but E2 appeared to be closer to ideal test environment for all the other three traits.

What-Won-Where Biplot

The pattern of what won where plot suggested that the target environment may consist of only one mega-environment for DA and LW, since all three environments appeared in one sector while the environments grouped into two sectors in case of DS and LL (Supplementary Tables S2–S5). For example, some of the winners in this mega-environment were G2(MP107), G144(MP533), G143(MP531), G33(MP145), G128(MP442), and G86(MP241) as they consistently showed stable leaffolder susceptibility in all the different environments (Supplementary Figure S1). G8(MP 114) and G3(MP 108) showed stable resistance level by appearing in the extreme opposite direction of winners indicating a below average mean for both damage score and damage area which is preferable in resistance studies. For LW, which won where plot showed parents, G161 (TN1) with positive average mean and G162 (W1263) with negative average mean and appeared in extreme vertices on either side of axis going through origin showing the precise demarcation of RILs by GGE biplots for stability and mean levels of traits under study. On the other hand, RILs clustering toward the origin of the biplot consistently showed stable resistant status with average mean levels and were the most important set of entries from an entomologist and plant breeder’s perspective. The RILs crowded together at the origin of the biplot also showed some crossover effects (Supplementary Figure S1).



DISCUSSION

Rice leaffolder, C medinalis is one of the most important biotic constraints in rice production and its highly visible damage symptoms triggers farmers for application of pesticides at early crop growth stage leading to soil and environmental pollution (Chintalapati et al., 2016). Hence it is important to identify stable resistant lines for the development of rice cultivars resistant/tolerant to leaffolder. Earlier, researchers have made limited progress in identifying resistant sources for leaffolder due to lack of rapid, reliable and reproducible screening method to evaluate large number of germplasm lines in the field. In our previous study, we developed a rapid field screening method to evaluate a large number of genotypes to identify resistant sources against rice leaffolder (Padmavathi et al., 2017). Using this method, we identified TN1 as most susceptible and W1263 as resistant genotype. In the present study, we evaluated 160 RILs of a mapping population of TN1/W1263 and identified nine RILs, i.e., G8(MP114), G49(MP215), G37(MP15), G51(MP217), G154(MP547), G3(MP108), G107(MP325), G13(MP120), and G54(MP27) with lower damage score and greater stable resistance reactions to leaffolder along with resistant parent G162 (W1263). On the contrary, eight RILs viz., G2(MP107), G25(MP135), G33(MP145), G55(MP28), G59(MP37), G85(MP240), G86(MP241), and G98(MP312) showed high level of stable susceptibility along with susceptible parent G161(TN1) with high damage score. Earlier, Xu et al. (2010) reported that most varieties (or lines) cultured in rice production were susceptible to damage caused by C. medinalis. Yangjing 9538, 91SP, and TN1 were the most susceptible (Damage leaves scale of 7 and 9) and no highly resistant variety was found against C. medinalis. Elanchezhyan and Arumugachamy (2015) reported that none of the medium duration rice genotypes evaluated against rice leaffolder were free from leaf damage to be categorized as highly resistant with 0% leaf damage.

Among the morphological traits, five RILs, i.e., G62(MP42), G63(MP44), G134(MP453), G144(MP533), and G4(MP11) showed high mean performance and stability across environments with respect to LL and LW while G161(TN1) was most stable with highest mean value of LW and G162(W1263) as the most stable with lowest mean value of LW.

Correlation studies revealed a significant positive relation between damaged area and damage score with LW and negative association with LL. Similar observations were made by Chalapathi Rao et al. (2002), Nigam et al. (2008), and Xu et al. (2010) who reported that LL had no significant effect on leaffolder incidence but a significant positive correlation existed between leaf folder damage and LW. Similarly, Sarao et al. (2013) reported a significant positive correlation between flag LW and leaffolder infested leaves at vegetative (r = 0.63) and panicle initiation (r = 0.64) stages. Kamakshi et al. (2015) noticed that LW at 25 and 40 DAT had significant positive correlation with per cent leaf damage (r = 0.794 and 0.667, respectively). In the present study, a negative correlation was observed between leaffolder damaged area and damage score with trichome density, though not significant. However, Hakkalappanavar et al. (2011) reported a significant negative relationship between leaffolder infestation and trichome density (r = −0.40) and positive significant relationship (r = 0.53) with LW at midpoint.

Damage area, damage score and LL showed very high broad-sense heritability across three environments. However, LW had low heritability indicating higher environment influence. The stable RILs identified for DA, DS, and LW include G8(MP114), G49(MP215), G37(MP15), G51(MP217), G154(MP547), G3(MP108), G107(MP325), G13(MP120), and G54(MP27) and are the potential donors for resistance breeding programs to leaffolder. The cluster analysis also grouped the RILs into clear clusters of resistant and susceptible lines showing the accuracy of our scoring for resistance. The crosses between stable resistant and susceptible lines will be useful in genetic analysis of component traits and dissecting the mechanisms of leaffolder resistance. The stable RILs identified in this study will be tested under multi location trials to identify the suitable environments where RILs show specific adaptation.

The phenotypic frequency distributions observed in this study showed a continuous distribution indicating quantitative inheritance of leaffolder damage (Figure 2) suggesting that the resistance/susceptibility is under polygenic control. In the RIL population evaluated, 130 of 160 tested lines were found to be significantly resistant over susceptible parent, TN1 in terms of damaged area signifying predominance of resistant progenies over susceptible ones confirming the presence of major genetic loci governing resistance in this population. The transgressive segregants in the population outside the parental values are mainly due to combination and interaction of alleles from both the parents contributing for resistance reaction similar to observations recorded by Aruna et al. (2011) on 385 RILs against sorghum shoot fly. They identified five stable shoot fly resistant lines that are well adapted to all the eight environments tested. They reported that environment had the greatest effect (69.2%) on dead heart damage followed by G × E interactions (24.6%) and genotype (6.2%) indicating that shoot fly resistance is a highly complex character.

Gu et al. (2004) stated that to identify stable resistance, the host genotypes have to be exposed to repeat testing under different environments, either through multi-location trials during the same year or repeated testing at the same location for several years. Aruna et al. (2011), Beyene et al. (2011), Mukherjee et al. (2013), Asnakech et al. (2017) studied crop pest resistance and stability of resistance reaction in the genotypes, RILs and found that this helped in accurate prediction of the genotype-phenotype relationship and efficient selection of useful parental combinations.

Quantitative traits like pest resistance and yield traits are highly influenced by environment interaction effects. Significant genotype, environment and genotype × environment interaction were observed and similar results were reported by Beyene et al. (2011) for stem borer resistance in maize. AMMI and GGE biplot analysis clearly separated main and interaction effects and provided meaningful interpretations of the data and are highly useful in predicting stable resistant genotypes with high levels of resistance and low fluctuations over different environments (Ebdon and Gauch, 2002).

However, ANOVA showed a significant SS for genotype revealing the diverse nature of RILs with large variations in damage area and damage scores. The magnitude of G × E interaction and environment SSs were lower than that of genotype. This clearly indicated that the differences of the RILs across the environment were not substantial and the resistance is mainly due to genotype effect. Similarly, genotypic SS for DS was 71.41% and higher than that of environment and interactions (Table 4). But in case of LL and LW, SS% on genotype, environment and G × E were almost similar showing the contribution of all the three in expression of the phenotype. Clustering of RILs toward origin in case of LW was found in the AMMI biplot indicating a lower contribution of genotype in the G × E interaction. Testing of these identified stable genotypes in different locations will help in identification of suitable environments and RILs with specific adaptation. These identified stable RILs may be used in breeding programs aimed at developing leaffolder resistant cultivars.

Among the environments, wet seasons were found most preferable to leaffolder phenotyping. Damage area showed similar pattern across three environments, however, variation in damage area and damage score was higher in wet season environments (E1 and E3) compared to dry season (E2). Among the two wet seasons, variation was higher in E1 compared to E3 which might be mainly due to the weather parameters. Temperature of 25–31°C and relative humidity of >80% are congenial for rice crop growth. During wet season 2013 (E1), temperature and relative humidity were optimum along with high rainfall compared to wet season 2014 (E3) that resulted in good crop growth and feeding by leaffolder causing more leaf area damage (Supplementary Table S6). Expression of leaf traits was better in E1 in comparison to other two environments (Figure 6). GGE biplot environment view revealed that all the three environments were representative of damage area and damage score traits with minor deviation from average environment axis. Wet season 2013 (E1) appeared closest to ideal test environment for damage score and found best for leaffolder phenotyping although dry season 2013–2014 (E2) emerged as ideal test environment for other three traits viz., damage area, LL and LW. Both wet season environments appeared more discriminative in case of damage area and LW followed by dry season while three environments were equally discriminative for damage score and LL. Yan and Tinker (2006) proposed that discriminating environments should be used as test environments as they gave more information on trait expression of genotypes. In case of damage area and LW all three environments came under same mega environment while for damage score both wet seasons were grouped into one mega environment and dry season came under a separate mega environment showing existence of seasonal specific adaptation. This information shows resistance and associated traits are influenced by environmental factors with G × E interactions and the minor variability observed is mainly caused by seasonal changes including weather parameters.
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FIGURE 6. Boxplot showing the differences in parameters among different environments. Box edges represent the upper and lower quantile with median value shown as bold line in the middle of the box. Whiskers represent 1.5 times the quantile of the data. Individuals falling outside the range of the whiskers shown as open dot. E1 = Wet season 2013; E2 = Dry season 2013–2014; E3 = Wet season 2014; DA = Damaged area; DS = Damage score; LL = Leaf length; LW = Leaf width.





CONCLUSION

In the present study, phenotyping of 160 RILs of a cross between a resistant parent, W1263 and a susceptible parent, TN1 using a rapid field screening method resulted in the identification of nine resistant RILs viz., MP 114, MP 215, MP 15, MP 217, MP 547, MP 108, MP 325, MP 120, and MP 27 which can be utilized as potential donors in leaffolder resistance breeding programs. AMMI and GGE biplot analysis revealed that two stable resistant lines G8(MP114) and G3(MP118) with lower damage score and damage area were promising for further yield evaluation trials. Alternatively, eight RILs were identified as highly susceptible which were at par with TN1 that can be used as susceptible checks in screening programs. Among the leaf morphological traits, leaffolder damage area showed a positive correlation with LW and negative correlation with LL. Precise demarcation of resistant and susceptible RILs in cluster analysis and appearance of all three environments under same mega environment for damage area and LW shows the robustness of our screening method. Continuous phenotypic frequency distributions revealed that the leaffolder resistance is quantitative in nature under polygenic control and damage area, damage score and LL showed very high broad-sense of heritability across three environments. Among the environments, both the wet seasons were found most preferable for phenotyping as compared to dry season. The G × E interactions clearly evidenced that the contribution of environment is minor and the resistance is majorly contributed by genotype main effect, however, seasonal variation influences the extent of trait expression. Further studies with crosses between identified stable resistant, moderately resistant and susceptible lines will be useful in genetic analysis of component traits and dissecting the mechanisms of leaffolder resistance.
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In the past decade, large investments have been made for plant phenotyping in terms of funding, research hours, and high-tech installations in Europe, Australia, North America and Asia. The number of actors in phenotyping has increased rapidly and the focus has gradually shifted from basic to strategic crop research linked to classic agricultural traits. During the recent years, community-wide surveys have pinpointed focus areas, challenges, and bottlenecks in plant phenotyping (www.plant-phenotyping.org/ippn-survey_2016).

Increasing efforts addressing abiotic and biotic stresses associated with the effects of global climate change in mind are developing. Crop wild relatives (CWRs) are important sources for genes for both biotic and abiotic stress tolerance (Dempewolf et al., 2017; Vosman et al., 2018) since diversity lost during domestication is vast (Haudry et al., 2007). Within the last decade, large-scale phenotyping research platforms have been set up and are organized within national phenotyping facilities with a range of high-tech applications in climate rooms, greenhouses and in the field (e.g., www.plant-phenomics.ac.uk/, www.ipk-gatersleben.de/en/phenotyping/, www.plantphenomics.org.au).

A more urgent challenge is however, that the phenotyping community needs to bridge the gap between academia and the multitude of stakeholders to really benefit from the huge research efforts made internationally.


BREEDING—THE RESULTS COUNT, BUT RESEARCH CAN IMPROVE THE SUCCESS

Breeding and selection of crops have for a long time been focused on agricultural traits, disease resistance, harvest yield and quality, and to some extent stress tolerance. The yearly increase of yield in major crops is flattening (Figure 1) (Brisson et al., 2010), so new approaches are needed to change this trend (Asseng et al., 2014).
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FIGURE 1. Bulletin board drawing up the current landscape of phenotyping. The development of global crop production, exemplified by the top-12 wheat producers, show that the increase in harvest yield is leveling off since year 2000 in high-yielding areas, while many big producers in terms of area and production already today suffer from environmental limitations as seen in the intermediate to low harvest yields. The mind map of the stakeholders and actors of phenotyping gives a simplified picture of the vast heterogeneity in the phenotyping community, where each focus point can be divided into all different biotic and abiotic stress factors that may be studied. Some major challenges for the years to come are posted. The lines for the top-12 wheat producers are green for Europe (USSR – narrow dashes, Russia – dash/dot, France – solid line, Germany – wide dashes), red for Asia (solid line – China, wide dashes – India, narrow dashes – Pakistan, dash/dot – Kazakhstan), dark blue for North America (solid line – USA, narrow dashes – Canada), light blue for South America (solid line – Argentina) and orange solid line for Australia.



Breeders—commercial and academic—are dependent on fast and cheap evaluation tools and have until now selected cultivars primarily by evaluating the desired properties manually or by genetic markers. However, breeding is also adjusted to the different mega-environments in the world. The focus points in e.g., wheat breeding in CIMMYT (International Maize and Wheat Improvement Center) during 1945–1986 has been ca. 60% on disease resistance and ca. 40% on abiotic stress tolerance including drought and temperature resilience for cultivars aimed for different parts of the world (Ortiz et al., 2008).

The predictions of the global climate change by the Intergovernmental Panel on Climate Change (IPCC) and others indicate both increasing average temperature and CO2 concentration but also more extreme weather events, altogether more dynamic weather (Porter and Semenov, 2005; Porter et al., 2014). The dry regions will be drier and wet regions wetter (Dore, 2005). Model predictions even indicate that heat stress may have a greater impact on future yield than drought in Europe (Semenov and Shewry, 2011). The increased temperature will potentially decrease the yield in some areas while other will be rendered unsuitable for production (Ortiz et al., 2008).

In Europe, even small increases in temperature will have negative consequences for the agriculture in Southern Europe and positive effects in Northern Europe (van Passel et al., 2017). Many of the dominating wheat-producing countries are already today operating under environmental constrains resulting in reduced harvest yields (Figure 1), emphasizing the need for breeding for multiple stress resilience.

In addition to affecting the harvest yield, the increasing CO2 concentration might have a negative effect on the amount of protein in e.g., wheat (Nuttall et al., 2017) and the nutrient composition tends to be lower (Loladze, 2002; Sardans et al., 2017). The wine industry in Southern Europe will have to rely heavily on irrigation to safeguard yield (Costa et al., 2016). Even the beer production may be challenged by drought and heat in the future (Xie et al., 2018). Breeding for the future robust crops may require accepting a slightly lower but on average a more stable yield, but it requires an enormous paradigm shift to make breeders change from short-term to long-term goals.



DEFINING PHENOTYPING

The COST (European Cooperation in Science and Technology) Action FA1306, “The quest for tolerant varieties – phenotyping at plant and cellular level” (Phenomen-All) (www.plantphenotyping.org/home_costfa1306), has worked from cell level to the field with translation to good practices for applied end use. The action revealed serious knowledge gaps within the community in handling and interpreting large data sets. Furthermore, different “languages” were detected that underline the need for harmonization of the nomenclature. It is a complex situation with a system full of legacies and a vast heterogeneity in scientific interests (Figure 1) but the more data with different standards that is accumulated in the scientific community, the harder the harmonization will be, as indicated in this web cartoon (xkcd.com/927/).

In 2017 the COST Action CA16219 Harmonious (Harmonization of UAS techniques for agricultural and natural ecosystems monitoring, www.eu/COST_Actions/ca/CA16219) was launched with the aim to harmonize measurement practices, algorithms and data processing from imaging techniques in the field. In the COST Action FA0906 UV4Growth (www.cost.eu/COST_Actions/fa/FA0906) a handbook on treatment design, measurements and plant growing conditions including minimum requirements for characterization and reporting of the growing conditions for UV-B experiments in climate chambers, greenhouses, and in the field was produced (Rosenqvist et al., 2012). The same minimum information about growth conditions is valid for phenotyping and there is a dire need for similar harmonization of other data from the numerous techniques used for phenotyping (Figure 1).

Research institutes and universities in Europe have in recent years invested in large-scale research infrastructure for automated plant phenotyping:

1. Platforms for low to high resolution, high-throughput phenomics in climate rooms and greenhouses.

2. Semi-controlled field systems for high-throughput phenomics.

3. Network of practical field experiments for lean phenotyping.

Transnational access was launched within the first EU-project European Plant Phenotyping Network (EPPN) and continued in the on-going EPPN2020 (eppn2020.plant-phenotyping.eu/) providing access to a plethora of facilities. The International Plant Phenotyping Network (IPPN) (www.plant-phenotyping.org/) was established in 2016 to connect phenotyping researchers globally. Countries in EU with the most extensive phenotyping infrastructures have initiated the project EMPHASIS, which is now on the European Strategy Forum for Research Infrastructures (EU-ESFRI) list for research infrastructures (emphasis.plant-phenotyping.eu/). EMPHASIS-PREP is the preparation phase in which six member countries define the benefit of the phenotyping community, insights and feedback are currently gathered through regional meetings and online surveys to define what services are needed.

The projects and initiatives EPPN, EPPN2020, and Phenomen-All have highlighted the demand for access and availability to phenotyping infrastructures. Phenomen-All has secured 73 early stage scientists access to research groups and their facilities by funding COST Short Term Scientific Missions. EPPN funded 65 transnational access projects at seven phenotyping installations in five countries. One of the challenges is matching the diversity of research questions to the platforms.

Results generated in climate rooms are not always directly and strongly correlated to similar experiments in the field (Spindel and McCouch, 2016). However, the ranking of the heat stress response of >1,200 wheat cultivars in climate chambers (Sharma et al., 2012) has been fully reproducible when exposing 41 selected cultivars to a milder but longer heat stress in a greenhouse (Sharma et al., 2015). The heat tolerance was characterized by the ability to sustain high values of Fv/Fm, photosynthesis rates and stomatal conductance and maintaining good leaf cooling throughout the heat treatment. Short heat stress in climate chambers has also been used to screen young plants of normally well-performing tomato cultivars from Nepal using chlorophyll fluorescence. The most heat tolerant and susceptible cultivars were subsequently grown in an irrigated field trial in Nepal and were by coincidence exposed to a natural heat wave (Poudyal et al., 2018). The separation into two groups in the climate chambers was fully reflected in the field. More studies like these are needed where cultivar performance after stress in protected cultivation is followed by field studies for verification of the reliability of the phenotyping methods.

Thus, to obtain a thorough understanding of the impact of climate in different regional zones on plant performance, multi-site, multi-regional experiments are needed. Furthermore, complex traits with polygenic inheritance are the ones that would put both breeders and scientists a step forward in genetic gains in breeding and ecophysiological understanding of crops (Pauli et al., 2016). To explore the mechanistic relationships needed to understand phenotyping data between non-invasive methods of specific crop traits and the underlying genetics the link has to go via multi-omics to include physiological explanations (Großkinsky et al., 2015, 2017).

The need to test the performance on a large “agricultural” scale has brought the farmers-oriented, and rapidly evolving field of precision agriculture close to the phenotyping community. Both domains require geo-referenced data linked to environmental data i.e., weather parameters, irrigation, fertilizers dosages, soil characteristics, etc. Phenotyping projects analyse these data to understand plant performance (Performance = Genetics × Environment × Management), while precision farming is focussed on the required farming activities to maximize yields.



STAKEHOLDERS AND ACTORS

The stakeholders for phenotyping range from academia in various research institutions, breeding companies, or hardware development and production, to farmers and society as a whole. The actors in phenotyping, though, are research institutions, breeders, hardware/software manufacturers and gene banks, supported by commercial tech companies with high-tech solutions (Figure 1). These actors have different interests and aims for their activities, which sometimes complicates collaboration.



PUBLIC-PRIVATE PARTNERSHIPS—ONE SOLUTION FOR COLLABORATION

Collaborative projects with participants from breeders, seed banks, academia, and developers of phenotyping equipment are rare, but Public Private Partnerships (PPP) initiatives are funded in EU, regional, and national funding schemes, through “multi-actor” requirements. Some examples are the Nordic Plant Phenotyping Network (nordicphenotyping.org/) where a processing software for drone images has been developed for the industrial partners, and the grapevine screening in Portugal together with the University of Lisbon (Costa et al., 2016).

In the last Phenomen-All meeting in Leuven, Kristian Thorup-Kristensen presented the Danish RadiMax field infrastructure for root phenotyping, which derives from a joint project between three Danish universities and four breeding companies, where the breeders have access to most of the 600 minirhizotrons for their pipeline genotypes (Jensen, 2015). It operates down to 3 m depth and allows for manipulation of the water availability and use of labeled isotopes.

Benjamin Gillian (Crop Trust, Germany) introduced the initiative “Adapting agriculture to climate change: collecting, protecting, and preparing crop wild relatives,” which is a 10-years (2011–2020) project with core funding from the Norwegian Government with the Millennium Seed Bank in Svalbard, 21 participants and 50 other partner institutions (universities, NARS, NGO, and companies) from around the world. The project both focus on building capacity for collecting, conserving and using CWRs in developing countries and pre-breeding of wild relatives to 19 major crops creating interspecific hybrids, introgression lines and backcrosses for use in ongoing breeding programs at the same time as making the results public on www.cwrdiversity.org/.

The previous examples underlines the importance of interaction between different stakeholders to succeed in taking advantage of phenotyping.



BIG DATA—COORDINATION AND STANDARDS

Plant phenotyping in its various approaches generates large amounts of data and the data processing is challenging. Precise ontologies, thorough experimental descriptions and sharing of data are crucial. The number of published papers on the concept “plant AND phenotyp*” in Web of Science has risen almost exponentially during the last 20 years from 1,002 papers in 2,000 to 4,335 in 2017. As we do not deal with really big data yet, there is still the chance to develop such data-related tools and protocols in time—but only if data pools are available and shared.

While one aspect of this challenge is the non-uniform data structures and lack of comparable standards across platforms, the more critical part is the lack of expertise in the more biologically oriented research groups interpreting the data (Krajewski et al., 2015). It is essential to implement standards for generating and describing data including a minimal amount of required metadata (Figure 1) and to make them publicly available meeting these standards to facilitate more reproducible phenotyping. In the Minimal Information about Plant Phenotyping Experiment initiative (MIAPPE, www.miappe.org/) recommendations has been developed (Cwiek-Kupczynska et al., 2016). So far, there are various commercial and academic systems of data storage of phenotyping data (cordis.europa.eu/project/rcn/95172/brief/en; Lobet et al., 2013; Arend et al., 2016; Cruz et al., 2016). Many publications do not provide the needed accessible data and accompanying metadata for further analyses. It is expected that this will gradually change with the requirement from journals and funding bodies, to store and give access to raw data for new angles of analysis. New and promising approaches to exploitation of these vast amounts of data rely on novel machine learning techniques (Tsaftaris et al., 2016; Pound et al., 2017).

Harmonization of data will be crucial in the future as it is expected that phenotypic data sets are rapidly becoming bigger and more complex. Sensor and camera systems will be more sophisticated and will be combined with complementary measurement (e.g., destructive analyses), allowing for more detailed screenings and more parameters being measured in a higher spatiotemporal resolution, i.e., more images per time and more detailed images. The data is rarely compatible between equipment or installations, which was shown in experiments in EPPN. In EPPN2020 one aim is to show the benefits of multi-site/multi-region data in comparison studies, but at least one challenge remains. Not all phenotyping production companies are willing to open their proprietary formats. In addition, established phenotypic ontologies and reliable handling of big phenotypic data could serve as a basis to make them FAIR (Findable, Accessible, Interoperable, and Re-usable), which would allow integrating them also with other information such as genetic data.



INTERACTION NEEDED TO ACHIEVE THE GOALS

As the phenotyping community is extremely diverse, efficient exchange of information and open discussion of the needs of each stakeholder is needed. Christian Sig Jensen (DLF Trifolium, Denmark) introduced this aspect from a breeder's perspective in the Phenomen-All meeting in Copenhagen 2016. The breeders need methods that have a positive effect on the “breeder's equation” by increasing the breeding gains, reducing the generation interval and increasing the selection intensity and accuracy, which can be supported by automated high-throughput phenotyping approaches. However, these technologies have to be more time-efficient and/or accurate than manual breeder scorings; otherwise, they need to allow identifying novel information benefiting the breeding process. Particularly since genomic selection is implemented in breeding programs, increased phenotyping accuracy are even more important. Like the increase in publications also the number of vendors is rapidly rising, which put even more pressure on the need to document and align their systems interfaces and data standards or secure conversion tools.



OUR JOINT CHALLENGE FOR THE FUTURE FOOD SECURITY

Recent advancement and current developments are facilitating the analysis of plants on multiple scales. Although it is a challenge regarding the amount of diverse data, it will be even more so when the irregular weather patterns of the future are becoming more obvious. These complex traits will be affected by more than one gene modification and the multi-scale will have to work on two planes; at multiple organizational levels in the plant as well as with multiple combined stresses. Phenotyping under optimal growth conditions ± drought and/or nutrient deficiency, the currently most common options for high-throughput phenotyping, will not be sufficient for major breakthroughs.

We must explore this multi-scale approach (Figure 1) which ultimately will serve basic plant science, plant breeding, and (precision) agriculture as well as collaborations between these sectors. One very important achievement of Phenomen-All became clear during the closing discussions in the last annual meeting in Leuven 2018. Even though only few formalized collaborations between academia and breeders have been initiated through the COST Action there was full consensus that the invited speakers from the breeder's community to all the Phenomen-All meetings have created a much better understanding in the European academic community now, of what breeders need in terms of phenotyping methods and produced data. It will be desirable that similar interactions between breeders, academic and other actors also improves.



CONCLUSIONS

There is a high demand for integrated facilities where both drought and heat stress can be analyzed, generating phenotypic FAIR data, both in greenhouses and in the field. This type of collaboration requires that some “principles” of different stakeholders will have to be softened. Scientists will have to include more applied aspects in their research. Breeders will have to decrease their secrecy and open up to collaboration where pipeline cultivars are used and publications are allowed with anonymized genotypes. Hardware manufacturers will have to also develop cheap phenotyping tools and open their software storage structure to allow full access to raw data and integration of the processed data, and allow interaction between equipment from different companies.

Last but absolutely not least, a major effort is needed to develop a joint ontology within the phenotyping society to facilitate collaboration and make sure that all data comes to the best use for meta-analysis. This vast challenge is not something that will be solved by individual actors but only by a joint effort within the phenotyping society of academia and industrial stakeholders.
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Virus diseases are of high concern in the cultivation of seed potatoes. Once found in the field, virus diseased plants lead to declassification or even rejection of the seed lots resulting in a financial loss. Farmers put in a lot of effort to detect diseased plants and remove virus-diseased plants from the field. Nevertheless, dependent on the cultivar, virus diseased plants can be missed during visual observations in particular in an early stage of cultivation. Therefore, there is a need for fast and objective disease detection. Early detection of diseased plants with modern vision techniques can significantly reduce costs. Laboratory experiments in previous years showed that hyperspectral imaging clearly could distinguish healthy from virus infected potato plants. This paper reports on our first real field experiment. A new imaging setup was designed, consisting of a hyperspectral line-scan camera. Hyperspectral images were taken in the field with a line interval of 5 mm. A fully convolutional neural network was adapted for hyperspectral images and trained on two experimental rows in the field. The trained network was validated on two other rows, with different potato cultivars. For three of the four row/date combinations the precision and recall compared to conventional disease assessment exceeded 0.78 and 0.88, respectively. This proves the suitability of this method for real world disease detection.
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INTRODUCTION

In temperate regions, the main diseases of the seed potato crop are caused by viruses and bacterial infections (Dickeya and Pectobacterium). In the Netherlands, the world’s major supplier of certified seed potatoes, these two diseases are responsible for an average 14.5% declassification of seed lots (over the period 2009–2016) and an average 2.3% rejection (source: Dutch General Inspection Service NAK). This results in a total value decrease of almost 20 million euros per year for all Dutch producers.

A potato crop can be challenged by various viral pathogens resulting in a broad spectrum of different symptoms. PVY (genus Potyvirus, family Potyviridae), is one of the most prevalent and important viruses in potatoes globally (Valkonen, 2007) and is in the top–ten of most damaging plant viruses (Scholthof et al., 2011). Different strains of PVY have been identified that vary in symptom expression, including mosaic leaf discolorations caused by PVYO, stipple streak caused by PVYc, necrotic leaf spots caused by PVYN and PVYNTN and necrotic spots on tubers caused by PVYNTN (Verma et al., 2016a,b). In the Netherlands, PVYO, and the recombinant strains PVYNTN and PVYN-Wi prevail (Verbeek et al., 2009).

There is a lack of efficient resistance in cultivated varieties, but symptom expression is variety dependent. Cultivars such as Russet Norkotah and Shepody rarely show symptoms and if so, only very mild symptoms. Nevertheless, infections of these cultivars with PVY often result in a decrease in marketable yield (Hane and Hamm, 1999). The symptomless infected plants can also be a reservoir for transmission by aphids (Draper et al., 2002).

Management of PVY is predominantly based on the use of certified, pathogen free seed, the exclusion of virus infections by roguing of symptomatic plants that can serve as inoculum source, and an early harvest, before winged aphids occur that spread the virus (Woodford, 1992; Robert et al., 2000). In addition, sanitizing tools, planters and cultivators, weed control, in particular of solanaceous species, removal of volunteer potato plants and the use of mineral oils to reduce spread of aphids, are used in management practices. Insecticides have a low effect on the transmission of the virus, as the aphids often transmit the PVY before they are killed (Shanks and Chapman, 1965; Gibson et al., 1982; Boiteau et al., 1985; Lowery and Boiteau, 1988; Boiteau and Singh, 1999; Boquel et al., 2013, 2014).

In order to prevent declassification, farmers put in a lot of effort to detect diseased plants and remove them before inspection by the Dutch General Inspection Service (NAK). The average input of manpower is estimated to be 6,2 h/ha (Kwin, 2015). Manual selection by visual observations, is labor intensive and cumbersome, in particular late in the growing season when the crop is fully developed. The cost related to plant selection by farmers is about 8 Million euros per year (40.000 ha, 6,2 h/ha, av. labor cost: €32,50/hr). In addition, the availability of skilled selection workers is getting more and more a problem. Specialized farmers that are unable to do the selection work themselves have increasing problems hiring extra selection capacity. Furthermore, human inspection is prone to FNs in which sick/diseased potato plants can be missed. This is especially the case when inspecting potato varieties with mild disease symptoms.

Visual crop inspections are done one to three times annually by staff of national inspection agencies. The reliability of their visual observations compared with a laboratory assay (PCR/ELISA) was found to be high (93%) for symptoms caused by viral diseases (K. Boons, NAK, unpublished results).

Precision agriculture together with computer vision technologies can be an alternative for human inspection (Bechar and Vigneault, 2016). High tech vision solutions can mitigate the concerns from the high labor cost and increasing potato devaluation costs. If an autonomous machine can replace a human inspector and meanwhile improve the selection quality, this might provide a new business model that is based on these high-tech solutions.

Hyperspectral sensors and imaging techniques have shown a high potential for providing new insights into plant–pathogen interactions and the detection of plant diseases (Mahlein et al., 2018). In hyperspectral imaging, every single pixel consists of an array of values, corresponding to the reflectance, emission or transmission at a certain wavelength (Behmann et al., 2015; van der Heijden and Polder, 2015). Currently, a wide variety of hyperspectral sensors are entering the market. From traditionally pushbroom line scan sensors (Polder et al., 2003) up to miniaturized handheld ‘snap shot’ cameras (Behmann et al., 2018). From a technical perspective, hyperspectral imaging has a lot of advantages compared to other visual rating and detection methods. Hyperspectral sensors are able to measure pathogen-induced changes in plant physiology non-invasively and objectively (Thomas et al., 2018).

Several studies showed that hyperspectral imaging is an especially valuable tool for disease detection in a range of different crops on different scales from the tissue to the canopy level (Sankaran et al., 2010; Mahlein et al., 2012; Wahabzada et al., 2015; Thomas et al., 2018). Atherton and Watson (2015); Atherton et al. (2017) used hyperspectral remote sensing for detection of early blight (Alternaria solani) in potato plants prior to visual disease symptoms. In this case only spectral information was used as the authors didn’t use an imaging sensor. For late blight (Phytophthora infestans) detection Ray et al. (2011) also used a point spectrum approach without using spatial information. Hu et al. (2016) used hyperspectral imaging to detect late blight disease on potato leaves successfully, with a discrimination of 95% between healthy and diseased leaves.

Although virus diseases have a different mechanism by which they change the plant physiology, virus symptoms can also be measured using optical techniques. The TBV was successfully detected in tulip plants using spatial and spectral information (Polder et al., 2010). Spectral signatures of potato plants infected with PVY, acquired with an hand-held device, were classified using a SVM with an accuracy of 89.8% between infected and non-infected plants (Griffel et al., 2018).

For hyperspectral imaging, the entire system pipeline, consisting of the type of sensor, the mobile platform carrying the vision system, and the decision-making process by data analysis has to be tailored to the specific problem (Kuska and Mahlein, 2018).

From the data analysis perspective, the use of multi-scale datasets of hyperspectral images for plant disease detection or the scale transfer of prediction models is a very challenging, emerging topic (Arens et al., 2016; Roscher et al., 2016; Thomas et al., 2018). Spectral vegetation indices have been shown to be useful for an indirect detection of plant diseases at a canopy level. Mahlein et al. (2013) developed specific spectral disease indices for the detection of diseases in sugar beet plants. Advanced machine learning algorithms were used in several studies. Rumpf et al. (2010) developed a SVM classifier for detection of Cercospora leaf spot, leaf rust and powdery mildew on sugar beet leaves.

Deep Convolutional Neural Networks have proven to be a powerful tool for disease detection based on RGB color images (Sladojevic et al., 2016; Fuentes et al., 2017; Pound et al., 2017). With adaptations this technique can also be successfully applied to hyperspectral images (Garcia-Garcia et al., 2017). Chen et al. (2014) proposed a hybrid framework of PCA, deep learning architecture, and logistic regression for classification of hyperspectral remote sensing data.

Of particular interest to the present article is the fully convolutional neural network (FCN) architecture first proposed by Long et al. (2015). This class of neural network provides an elegant means of performing semantic segmentation of images. The core principle underlying this class of neural network is the replacement of the final fully connected classification stage of standard CNNs with a pixel-level segmentation stage which uses convolution and upsampling techniques to replicate the same computation across an entire image in one forward pass. As discussed in Garcia-Garcia et al. (2017), subsequent studies have further elaborated on the method.

A review of hyperspectral image analysis techniques for the detection and classification of the early onset of plant disease and stress is given by Lowe et al. (2017). A central focus of that review is the utilization of hyperspectral imaging in order to find additional information about plant health, and the ability to predict onset of disease.

This paper focuses on the detection of PVY infected potato plants using hyperspectral imaging and deep learning. A novel FCN is used to detect plant diseases based on hyperspectral image data.



MATERIALS AND METHODS

Experimental Field

The experimental field was located in the central polder area of the Netherlands. This farm land was reclaimed from the sea in the 1940’s and is a high-quality clay soil. The field was part of an experimental field of the Dutch General Inspection Service (NAK) near Emmeloord (Netherlands).

Figure 1 shows an image of the field layout. Tubers were planted on the 11th of May with an intra-row distance of 33 cm. Table 1 shows information on the varieties and infections used in the different rows. Rows 1–3 contained plants that were infected with bacterial diseases, where rows 4–7 contains plants from 4 different varieties infected with PVY. The PVY infected potato batches were collected by the NAK and selected for a fairly level of infection.
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FIGURE 1. RGB image of the experimental field, acquired with UAV on June 19, 2017. The length of the rows is 110 m for rows 1–3 and 66 m for rows 4–7. The location is near Tollebeek in the Netherlands (lower left).



TABLE 1. Description of the test field.
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Cultivation practices were applied according to practice. The fertilization basis consisted of the normal amounts of NPK, with an additional dosage of Manganese Nitrate (total: 0,2 kg Mn) and Magnesium Nitrate (total: 1.1 kg Mg).Crop protection to late blight was limited to 13 applications.

Weather conditions during the growing season were quite different. After a cold spell in March (before planting), the month of April was quite normal (cool, limited amount of rain) followed by a long warm and dry period in May and June. By the end of June, the weather changed and the month of July was wet and started cool.

During the course of the experiment, all plants in the field were visually monitored several times by an experienced inspector of the NAK.

As can be seen from Table 1, rows 1, 2, and 3 had mainly bacterial infections, but some natural occasional Y virus infections occurred. These plants as well as the healthy plants in the first 3 rows were used for training the CNN. Plants showing symptoms caused by bacterial pathogens were excluded from the analysis.

Rows 4–7 contained the virus infected plants. Unfortunately, plants in row 5 (Lady Claire) appeared to be 100% symptomatic and plants in row 4 (Rosa Gold) showed more than 95% symptomatic plants. Furthermore, Potato Virus X (PVX) symptoms on row 4 disturbed the manual scores of the crop experts. The appearance of PVX was confirmed by a laboratory assay (ELISA). Therefore row 4 and 5 were excluded from the hyperspectral analysis.

Measurements were done at a weekly interval during the growing season, starting 6 weeks after planting when plants just started to cover each other. Due to the late start of the measurements the symptomatic plants stabilized at 13 for row 6 and 8 for row 7 (Tables 3, 4).

Hyperspectral Image Acquisition

Image acquisition was done in a larger scope where several sensor techniques were explored for disease detection in the field. An imaging box was designed for measuring the potato plants. The box consists of two equally sized compartments (150 cm × 75 cm × 150 cm). The first compartment was equipped with an RGB-Depth camera while the other was equipped with a Specim FX10 hyperspectral line scan camera (wavelength range 400–1000 nm). For this paper we only focussed on the hyperspectral data. An embedded PC (Nexcom NISE3500) was installed to acquire the hyperspectral images. Ambient light was blocked by use of light curtains placed around the measurement box (Figure 2). The measurement box was placed 3.1 m in front of a tractor that drove at a constant speed of 300 m per hour (0.08 m/s) during the measurements. Figure 3 shows the system operating in the test field. The FX10 is a pushbroom hyperspectral line scan sensor. The frame rate was 60 f/s, resulting in an interval of 5 mm in the driving direction of the tractor. The full sensor resolution of the FX10 is 1024 pixels in the spatial by 224 bands spectral. In order to improve light sensitivity and speed, the images were binned by a factor 2 in the spatial direction and a factor 4 in the spectral direction, resulting in line images of 512 pixels × 56 pixels (Figure 4). As the bands at the start and the end of the spectrum were noisy, only the central 35 bands were kept for further processing.
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FIGURE 2. Drawing of the measurement box, consisting of two compartments, the first one for the hyperspectral camera and the second one for an RGB-D imaging system. Ambient light is blocked by two rows of rubber flaps. The box can be mounted on the front of a tractor.
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FIGURE 3. Picture of the system while doing field measurements.
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FIGURE 4. One single hyperspectral line image, horizontally showing the spatial information of one line, vertically showing the spectral reflection between 400 and 1000 nm.



Plants were illuminated by 13 Tungsten Halogen lamps (Osram Decostar 51 PRO, 14 Watt, 10°, Dichroic) placed in a row. This way the plants were evenly illuminated. White and black references were taken at the start of each measurement cycle. The white reference object was a gray (RAL 7005) PVC plate. The black reference was taken with the camera shutter closed. Reflection images were calculated by:

[image: image]

where I is the raw hyperspectral Image, B is the black reference and W is the White reference.

The total length of the crop rows were 110 m and 66 m for rows 1–3 and 4–7, respectively, with an interval of 5 mm, a total number of 22,000 and 13,200 line images per row were acquired.

Geo Referencing

The health status of each potato plant was determined by a crop expert who visually inspected the plants in the experimental field. Plants that showed Y-virus disease symptoms were geometrically stored with a RTK GNSS rover (Hiper Pro, Topcon, Tokyo, Japan). A VRS signal (06-GPS, Sliedrecht, Netherlands) was used to guarantee a 0.02 m accuracy on the position estimate. The crop expert obtained the position of a diseased plant by placing the rover at the center point of the plant. From the center point, we constructed a geometric plant polygon using the intra- (0.33 m) and inter-row (0.75 m) distance of the potato crop. The constructed plant polygons were stored for offline processing.

On each measurement day, we obtained the real-world position of the hyperspectral line images using the RTK-GNSS receiver of the tractor (Viper 4, Raven Europe, Middenmeer, Netherlands). The GGA message of the GNSS receiver (NMEA-0183), containing the WGS-84 coordinates and the GNSS precision status, were passed to the embedded PC at a frequency of 10 Hz and stored for offline processing.

We processed the data in such a way that only the hyperspectral line images were assessed where a RTK-fix signal was guaranteed. In this way the exact position of all hyperspectral images could be determined with a precision of 0.02 m. First, the obtained GNSS coordinates were translated to 3.1 m in front of the tractor to correspond to the real-world position of the hyperspectral images. Furthermore, the WGS-84 coordinates of the images were projected to the planar coordinate system of the Netherlands (RD-new). These planar coordinates were rotated and scaled such that the crop rows were parallel in the X-direction. For each hyperspectral line, we determined the health status by checking the intersection between the line and the geometric plant polygon. Lines that overlapped more than one polygon were left out of consideration. Figure 5 shows a plot of the GNSS positions of the RTK rover, labeled as viral or bacterial infection and the GNSS position of the tractor driving back and forth over the rows.
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FIGURE 5. The GNSS positions of the RTK rover, labeled as viral or bacterial infection and the GNSS position of the tractor driving back and forth over the rows. The units on the axes are scaled to half the inter row distance and uniform in both directions.



Deep Learning

The network used was a fully convolutional neural network (FCN), but had a non-standard decoder (final) portion. Usually with FCNs the output is a two-dimensional segmentation. Here, we outputted a one-dimensional segmentation (it was also a lower resolution 1D strip).

Because the training data is imbalanced (a lot more healthy cases than diseased cases), the data was resampled in order to emphasize diseased examples. As deep learning needs huge numbers of training data, the available data was enriched by data augmentation techniques, such as random mirroring and rotation, as well as randomized changes in image brightness.

The neural network architecture employed was an adaptation of the FCN family of approaches. FCNs are particularly well suited to performing semantic segmentation of two-dimensional images, where one wants to assign a class (such as “human” or “dog”) to each pixel of the image. FCNs employ only a combination of convolutions, pooling, unpooling and per-pixel operations (such as ReLU non-linear activation functions). This allows FCNs to produce a segmentation for the entire image in one forward pass, replicating the same computation for each region of the image.

Instead of a two-dimensional segmentation, we employed a similar approach to predict a one-dimensional stream of labels, with the goal of assigning a label to each hyperspectral line image.

Each of the input images is constructed from 500 consecutive line scan images, representing a subset of a row captured by the tractor. From each line scan image of 512 pixels, 250 pixels are retained. During testing, these are the central 250 pixels, but the interval is randomly chosen during training as a form of data enrichment. The process of generating a training or test image is illustrated in Figure 6. Figure 6E illustrates the annotation of the input images based on the health status of each potato plant as determined by the crop expert and stored with the (RTK-GNSS) rover. Ground truth is indicated in the top band, with green and red labels indicating healthy or diseased plants, respectively. Black labels indicate regions excluded from testing due to labeling uncertainty. Input images have a resolution of 500 × 250. The number of feature maps at the input equals the number of hyperspectral bands kept (35).
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FIGURE 6. Illustration of the procedure for generating a training image. The figure shows the 722 nm wavelength band. The original image is 500 × 512 (A). This image is then rotated by a random angle uniformly distributed between –10° to 10° (B). Subsequently a randomly positioned rectangle with dimensions 500 × 250 is cropped from the rotated image (C) to produce the training image (D). The procedure for test images is the same, except there is no rotation step and the cropping rectangle is always vertically centered. Ground truth labeling is done on line bases (green – healthy, red – diseased, black – unknown) (E).



The network architecture is described in Table 2 as a series of 17 stages, each of which contains a convolutional layer followed by a number of optional layers. These optional layers include max pooling, a per-element non-linearity (either Leaky ReLU activation functions with negative gradient of 0.01, or sigmoidal), batch normalization and dropout (Figure 7). A dropout probability of 0.5 was used. A SpatialDropout layer (Tompson et al., 2015) was used toward the start of the convolutional portion of the network (within stage 1). Standard dropout layers are employed in the fully connected portion of the network (stages 14 through 16).

TABLE 2. Neural Network Architecture consisting of 17 stages, each of which contains a convolutional layer followed by a number of optional layers including max pooling.
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FIGURE 7. Neural Network Architecture consisting of 17 stages, each of which contains a convolutional layer followed by a number of optional layers including max pooling.



Stages 1 through 7 are typical of two-dimensional FCNs. Here we perform a series of convolutions which act as successive feature extraction stages. Interspersed max pooling stages lower the feature map resolution, allowing the convolutions to extract features based on larger regions of image context. The feature map spatial dimensionality reduces in a symmetrical fashion, leading to more enriched and discriminating features.

Stages 8 through 13 are similar to earlier stages, except here the architecture departs from two-dimensional FCNs in that we now restrict pooling to the dimension parallel with individual line images. There were two sections (stages 8–10 and 11–13) containing 3 convolutions each, with both sections ending with an 1 × 4 max pooling. This had the effect of asymmetrically shrinking the feature map resolution from 62 × 31 to 62 × 7, and then finally 62 × 1. We refer to these two stages as “combiners,” as they were meant to combine evidence across a hyperspectral line (and its close neighbors) until this spatial dimension has collapsed to a length of 1. Additionally, the two sections shared the same parameters (as indicated in Table 2), which was motivated by both these sections performing the operation of pooling evidence across local regions into larger regions.

Stages 14 through 17 performed the final per-label decision through a series of convolutions with 1 × 1 kernels. Due to the kernel dimensions, these were effectively fully connected stages performed in parallel, and independently, on each output point. The final layer has a sigmoidal non-linearity, as the output should be a probability of disease.

The output layer produced 62 labels, while there were 500 pixels along the corresponding axis in the input image. Typically, a two-dimensional FCN would have included a series of trainable convolutions and unpooling stages to produce a segmentation at the original input resolution. However, in our application, we were concerned with labeling entire plants as healthy or diseased. Since we expect each plant to occupy multiple sequential labels even at the lower resolution of the output, we forgo a trainable unpooling network in favor of a simple nearest neighbor upscaling to 500 pixels to match the input image.

Ground truth labeling made use of GNSS coordinates of diseased plants (as determined by crop experts). Training and testing the neural network require labeling of each hyperspectral line image (either as diseased, healthy or excluded). To convert the GNSS coordinates to ground truth labeling, the following procedure was employed. Initially, all line images were labeled as healthy. Then, for each diseased plant, the line image with GNSS tag closest to the diseased plant was located, which acted as a center point for subsequent labeling. The 150 line images before and after this center line were marked as excluded (if not already marked as diseased). Then, if the infection was specifically of a viral nature, the 50 line images before and after the center point were marked as diseased.

Because there was non-uniformity in the dimensions and growth patterns of each individual plant, this labeling procedure ensured that we labeled only regions where there was a high degree of certainty regarding the health of associated plants.

Figure 6 shows an example of such a labeling where a single plant with a viral infection is located toward the left-hand side of the image. The core diseased labels and excluded regions can be seen surrounding this plant, with regions marked as healthy extending beyond the excluded region.

During training and testing, predictions were produced for all hyperspectral line images in the input regardless of their labeling. However, only lines that had ground truth labeling as either healthy or diseased contributed to error measures used during training and evaluation of the system, whereas excluded lines did not contribute.

The model was trained on rows 2 and 3, with row 1 used as a validation set during the training process. After training was completed, the resulting neural network was independently tested on rows 6 and 7.

The model was trained and tested on a system containing an Intel Xeon E5-1650 CPU with a 3.5 GHz clock speed and 16 Gb of RAM. The system also housed an Nvidia GTX 1080 Ti GPU with 11 Gb of video memory. All data preprocessing, Deep Learning training and validation was done using the PyTorch deep learning framework (Paszke et al., 2017). At test time, a forward pass through the neural network took a total of 8.4 ms, of which 4.0 and 1.1 ms were the times taken to move data to and from the GPU, respectively. This time is negligible compared to the time taken to acquire the images.



RESULTS

Results showed that although there were not much Y Virus infected plants in the training set, the network performed well in predicting the infected plants in row 6 and 7. Figures 8, 9 show the results for the different measurement dates for row 6 and 7, respectively. In these figures the x-axis shows the line number in the hyperspectral image of the total row. The y-axis shows the output of the network as a probability. An average of network predictions was calculated over all line images associated with a particular plant, and a probability threshold of 0.15 on this average was used to distinguish the diseased plants for prediction (Figure 10).
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FIGURE 8. Known PVY infection and CNN predicted infection for row 6 on 2017/06/27 and 2017/07/03.
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FIGURE 9. Known PVY infection and CNN predicted infection for row 7 on 2017/06/27 and 2017/07/03.
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FIGURE 10. A threshold of 0.15 was applied to the average predictions for a given plant in order to translate the probability output of the CNN into a decision.



In Table 3 the confusion matrices after classification are given for the different rows and measurement dates. From the confusion matrices the precision (also called positive predictive value) and recall (also known as sensitivity) were calculated. Precision is a measure of the fraction of relevant instances, in this case the diseased plants among the retrieved instances, while recall (also known as sensitivity) is the fraction of relevant instances that have been retrieved over the total amount of relevant instances (Olson and Delen, 2008). Precision and recall are then defined as:

TABLE 3. Confusion matrices of row 6 (A,B) and 7 (C,D), measured on 2017/06/27 (A,C) and 2017/07/03 (B,D).
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where tp is the true positive fraction, fp is the false positive fraction and fn is the false negative fraction. For row 6 the precision is 0.52 and 0.4 for the first and second measurement week, respectively, and the recall is 0.92 for both weeks. For row 7 the precision measures are 0.54 and 0.23, respectively, the recall is 0.88 and 0.75, respectively.

Investigation into the position of the FPs shows that most of them were connected to TPs (Figure 11). When the FPs connected to TPs were ignored, the confusion matrices are much better (Table 4). The recall measures stay the same, as this correction does not affect the FNs. The precision measures improve to 0.92 and 0.8 for row 6 and 0.78 and 0.3 for row 7, respectively.
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FIGURE 11. False positives are closely connected to true positives.



TABLE 4. Confusion matrices of row 6 (A,B) and 7 (C,D), measured on 2017/06/27 (A,C) and 2017/07/03 (B,D), after correction for neighboring plants.
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DISCUSSION

During viral infections plants react with changes in the respiration, photosynthesis, sugar metabolism and phytohormone activity. This results in (pathological) changes that are observed at a microscale in the form of an increased number of mitochondria, a degeneration of chloroplasts and a thickening of the cell wall. At a macroscale infected plants show growth reduction, wilting, necrosis, chlorosis and a strong increase of the autofluorescence (Hinrichs-Berger et al., 1999; Kogovsek et al., 2010). Current practice is to manually score the plants in the field using a predefined protocol (NAK) in which 40% of the plants are scored. The accuracy of an experienced judge is 93%. Furthermore, certified personnel need extensive field experience before they can become familiar with the symptoms induced by various pathogens in many potato varieties under differing environmental conditions (Shepard and Claflin, 1975).

In this research we have proven that disease symptoms can be detected with machine vision techniques using hyperspectral cameras with a precision which is almost equal to the accuracy of an experienced crop expert and the possibility of scanning the whole field compared to 40% as defined by the NAK protocol.

For classification an FCN was used. Although these networks are mainly applied to color RGB images, in this study we demonstrated that a modified Fully CNN can be employed on hyperspectral images for the task to detect plant diseases. There are currently very few complete studies applying deep learning to hyperspectral data, though this is an active research area. Several challenges need to be addressed in order to use hyperspectral data for deep learning, including the size of the data and the noisiness of specific wavelength bands (Lowe et al., 2017).

Typically, CNNs are either used for classifying entire images (label-per-image) or providing two-dimensional segmentations (label-per-pixel). Label-per-image approaches generally require vast amounts of training data to generalize properly, input image/label combinations easily lead to overfitting. By contrast, label-per-pixel approaches tend to need smaller input image datasets, as each labeled pixel becomes, in effect, a training case. However, obtaining pixel-level labeling can be difficult, especially if one is searching for subtle image patterns that a human cannot discern in input images.

Instead of either of these extremes, we showed that a “weak” one-dimensional label sequence can be used in combination with a modified FCN architecture for disease detection. This approach has the advantage of increasing the effective number of labels (label-per-line) available in the training set, thus lowering the risk of overfitting. Simultaneously, this approach substantially lowers the burden of labeling datasets. Instead of being required to provide pixel-level annotations, one can use GNSS locations of diseased individuals to generate ground truth on the line-level, which is a substantially simpler process. We also showed that the system is robust with respect to uncertainty in the exact boundaries between neighboring plants.

Results showed that although the training data is limited, the prediction of PVY is good. The percentage of detected infected plants, expressed in the recall values, is slightly lower (75–92%) than the accuracy of the crop expert (93%). Due to the low percentage of diseased plants, the precision values are worse, with a range from 0.23 to 0.54 (Table 3). Note that for the crop expert the number of FPs as expressed in the precision measures is unknown. A large amount of the FPs are due to inaccuracy of the positioning system, either on the tractor, or on the RTK rover positioning device when doing ground truth measurements. After correction the precision measures almost doubled for all row/week combinations.

The experiment was setup for detection of both bacterial and virus diseases in seed potatoes. This paper focuses on the detection of PVY virus infected potato plants. Detection of bacterial diseased plants will be reported separately.

The plants were already large and overlapping when the first imaging experiments started. It is expected that when plants are smaller and do not overlap, the accuracy of position of the plant polygons can be greatly improved, which may result in better performance.

It is important to note that the independent test set consisted of plants from other cultivars than those in the training and validation sets. Generally, one does not expect models to generalize well to new varieties as different growth patterns and surface characteristics may disturb regularities observed by the model specific to the training set cultivar. Despite this added difficulty, the system obtained accuracies with precision larger than 0.75 for 3 out of 4 row/week combinations in the test set. This is a strong indication that the system has found real underlying regularities due to the disease state. We do note that the system performance for the last measurement week of row 7 is relatively poor, indicating the need for a follow-up study to determine the reason for this discrepancy. A potential reason might be that uninfected plants of this variety also start deteriorating due to the heat or plant growth stage.
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Water deficit is one of the world’s major constraints in agriculture and will aggravate in the future. Banana (Musa spp.) is an important crop that needs vast amounts of water for optimal production. The International Transit Center of Bioversity International holds the world’s biggest collection of banana biodiversity (>1,500 accessions). The long-term aim of this research is to evaluate the potential within this collection for climate smart agricultural usage. Therefore, we developed a phenotyping setup under controlled environmental conditions and we selected 32 representatives of the Musa biodiversity (29 cultivars and 3 wild relatives) for evaluation. The best performing genotypes accumulated six to seven times more biomass than the least performing. Eight genotypes (five ABB, one AAB, and two AAA) invest under osmotic stress significantly more in root growth than in leaf growth. We predict therefore that these genotypes have potential for high productivity under rain fed conditions with a short dry season. To gain more insight in the transpiration physiology, we gravimetrically monitored individual plant transpiration over the diurnal period. All analyzed genotypes showed a marked reduction in transpiration rate in the afternoon. Moreover, the timing of this onset, as well as its impact on total transpiration, was genotype dependent. This phenomenon was more pronounced in 13 genotypes (eight ABB, two AAB, two AA, one BB). Banana is a crop originating from the humid tropics and has developed a strong root pressure to maintain an efficient water and nutrient transport even under saturated relative humidity conditions. Therefore, we hypothesize that the diurnal transpiration decline contributes to a higher water use efficiency without compromising the nutrient transport. Of the eight genotypes that had the best growth under osmotic stress, all analyzed ABB cultivars have a lower maximal transpiration rate, keep this maximal transpiration for a shorter time and therefore consume less water per day. We conclude that lab models are very useful to study the biodiversity and to identify different traits that contribute to a better drought tolerance/avoidance. We encourage researchers investigating other crops to start exploring their collections.

Keywords: biodiversity, banana, water use efficiency, real-time phenotyping, transpiration behavior, climate smart agriculture


INTRODUCTION

Agriculture is challenged to double food, feed, fiber, and fuel production in the 21st century (Foley et al., 2011). This requires sustainable intensification: increased agricultural production with sustainable use of natural resources and taking into account (future) climate variability. Improvement in crop management and cultivation can alleviate yield gaps, however, production remains subject to the inherent capacities of the used cultivars (Godfray et al., 2010; Negin and Moshelion, 2017). Available genetic diversity in wild relatives and/or (landrace) cultivars should be addressed to increase the adaptive character of (future) agricultural production systems while reducing the risks (Lipper et al., 2014; Dempewolf et al., 2017).

Banana (Musa spp.) is among the top 10 staple crops worldwide, with annual production of over 148 million tons (2016, FAOStat). The available diversity is substantial, however, an estimated 40% of the banana production, including the entire global export production, relies on a very narrow genetic group: the Cavendish banana (AAA genome) (Lescot, 2014). In general, banana requires vast amounts of water: between 1,200 and 2,600 mm/year, depending on the agro-ecological zone (Hegde and Srinivas, 1989; van Asten et al., 2011). Although cultivated in the humid (sub-)tropics, many production sites are vulnerable to seasonal drought, which impacts production severely. For example in the mild climate of the East African highlands, banana production requires 1,200–1,300 mm/year, but suffers a 8% yield decline per 100 mm water unavailable for evapotranspiration, making drought a major yield loss factor (van Asten et al., 2011).

In total over 1,500 banana accessions have been collected and stored in a germplasm collection, the International Transit Center (ITC, Bioversity International), hosted at the KU Leuven, Belgium. The banana diversity originates from various intra- and interspecific crosses between one or more ancestors (De Langhe et al., 2010). There are two common wild donors: Musa acuminata, the A genome donor, originating from the region Malaysia, Indonesia and Papua New Guinea, and Musa balbisiana, the B genome donor, originating from the region India, Myanmar, Thailand, and the Philippines (Perrier et al., 2011). Following hybridization and domestication, further reproduction has been vegetative and the genetic diversity was only enhanced through mutations. Most modern, edible cultivars are parthenocarpic, triploid hybrids (2n = 3x = 33x), classified based on their genomic constitution (AAA, AAB, or ABB). The presence of the B genome is reported to be beneficial for drought tolerance, attributed to its more northern, harsher, center of origin (Ekanayake et al., 1994; Thomas et al., 1998; Vanhove et al., 2012; Kissel et al., 2015; Janssens et al., 2016). Accessions carrying one or more B genomes have unique B specific alleles putatively contributing to drought tolerance (van Wesemael et al., 2018).

The phenology of banana is a function of its vegetative growth, determined by cultivar/subgroup specific thresholds (Taulya et al., 2014). Drought hampers growth by reducing cell expansion in roots, leaves, and fruits (Turner et al., 2007). During the vegetative growth stage, drought postpones bunch initiation and thus lowers the annual yield (Taulya et al., 2014). Even minor reductions in soil water content affect stomatal conductance and hence transpiration and photosynthesis (Turner et al., 2007). Banana plants tend to avoid leaf water potential falling below a critical water potential, and keep the leaves hydrated.

Worldwide only a few conventional banana breeding programs and efforts are successful and release improved varieties (Bakry et al., 1993; Ortiz and Vuylsteke, 1996; Creste et al., 2004; Ortiz and Swennen, 2014; Kubiriba et al., 2016; Brown et al., 2017; Dale et al., 2017). Currently the genetic parental base used for breeding efforts is small and requires expansion. Therefore, it is essential to identify more sources of resilience in adapted landrace cultivars for direct use, or alleles from crop wild relatives for breeding (Mickelbart et al., 2015). Germplasm collections (such as the ITC for banana) provide a valuable resource for such endeavors. To improve the turnover of the collection, its impact on cultivar selection/recommendations, and its input in breeding/cultivation programs, molecular and phenotypic characterization of such diversity is of utmost importance (Roux et al., 2011; Dempewolf et al., 2017). Molecular and cytological characterization is currently based on SSR markers, enabling the broad taxonomic description of the biodiversity (Christelová et al., 2016). Complementing these molecular efforts with functional phenotyping under controlled conditions provides valuable insights on growth patterns and allows a detailed study of different sub-traits contributing to drought tolerance/avoidance. These lab models allow rapid and objective screening of the vegetative growth potential under controlled, reproducible conditions relevant for a targeted agro-ecological environment. Evidently, the output from these lab models must be validated in the field (Vanhove et al., 2012).

The work presented here adds value to the banana germplasm collection by characterizing the growth potential of 32 genotypes under water limiting conditions. Firstly, we focused on identifying genotypes that grow vigorously under control conditions and show limited growth reduction under osmotic stress conditions. Secondly we studied the diurnal transpiration behavior in detail, seeking for a high plant production rate with a high water use efficiency.



MATERIALS AND METHODS

Plant Material

In vitro banana plants were obtained from the International Musa Transit Center (ITC, Bioversity International, hosted at KU Leuven). A set of 32 genotypes, belonging to 23 triploid subgroups, and 3 additional diploid subspecies were selected based on morphological and taxonomic descriptions. This subset represents 573 genotypes of the Musa biodiversity (Table 1). Taxonomic categorization of the subgroups was derived from the Musa Germplasm Information System (MGIS, for ITC1, accessed October 11, 2018) and is based on Christelová et al. (2016). The 32 genotypes were arranged in 11 successive experiments. In each the reference cultivar (Cachaco, ABB, Bluggoe subgroup, ITC0643) was taken along with three other genotypes. Firstly, plants were phenotyped for performance under control and osmotic stress conditions in a growth characterization experiment. Secondly, only under control conditions, transpiration dynamics characteristics were assessed in a multi-lysimeter setup. Additionally a leaf level gas exchange experiment, measuring CO2 assimilation (A) and stomatal conductance to water (gs), was performed on the reference cultivar.

TABLE 1. Twenty-six subgroups, represented by 32 genotypes, spanning the Musa biodiversity, characterized by growth characterization (Gc) and transpiration dynamic (Td) experiments (x).
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Growth Characterization Experiment

Growth Conditions and Osmotic Stress Treatment

Throughout the experiments plants were grown in plant incubators (Aralab Fitoclima Bio 600, Portugal; Panasonic Sanyo, Japan; Bronson PGC-1400, Netherlands) with settings: light regime: 12 h/12 h (light/dark), temperature: 25°C, relative humidity: 75%. Plants were grown individually in containers with 350 mL medium: 361 mg/L KNO3, 121 mg/L K2SO4, 176 mg/L MgSO4.7H2O, 181 mg/L MgCl2.6H2O, 194 mg/L KH2PO4, 398 mg/L NaH2PO4.2H2O, 464 mg/L Ca(NO3)2.4H2O, 105 mg/L CaCl2.2H2O, 60 mg/L sequestrene, 1.1 mg/L H3BO3, 2.7 mg/L MnSO4.H2O, 0.23 mg/L ZnSO4.7H2O, 0.16 mg/L CuSO4.5H2O, 0.07 mg/L NaMoO4.2H2O, pH = 6 (modified from Swennen et al., 1986).

During 35 days prior to the growth characterization experiment, plants were adapted from the heterotrophic in vitro conditions to autotrophic conditions. After acclimation, the morphological characterization experiment lasted for 21 days. The stressed subgroup (n = 8) received a fresh nutrient solution including 5% polyethylene glycol (PEG-8000, Carl-Roth, Germany), an osmotic stress agent mimicking drought stress (-0.05 MPa, pF 2.7) (Michel, 1983). The control plants (n = 8) received the same nutrient solution without PEG-8000. We made sure that unwanted osmotic effects, caused by raised nutrient content, differential nutrient uptake and PEG concentration were limited, by frequent nutrient solution refreshment, according to age/consumption. This also avoided potential issues with lowered oxygen in the medium. No traces of contaminating heavy metal could be detected coming from the PEG.

Morphological Variables Extraction

At the start of the morphological characterization experiment the plants were phenotyped non-destructively (whole plant weight and pseudostem height), and the last formed leaf was marked. All plants were grown individually in sealed containers with only the above ground biomass (pseudostem and leaves) exposed to the surrounding environment. As such the depleted nutrient solution volumes were considered transpiration, and recorded at every refreshment.

After 21 days of growth, all plants were phenotyped again using combined (destructive) measurements and digital imagery. Firstly, the canopy area was calculated from top view images. Green plant pixels were separated from the blue background by color segmentation. Using a red reference surface of known size (10 × 5 cm) the green area was calculated. Secondly, the leaves were separated and spread out by increasing age and subsequently imaged. Based on these images the number of leaves, and individual leaf length, width, and area were determined. Image analysis was performed using an in house R tool based on the EBImage (Pau et al., 2010), and imagemagick packages. Pseudostem height, and fresh weights of root, pseudostem, and leaves were measured separately, and complemented by dry weight after 14 days of drying at 70°C. The final list of morphological variables (measured and calculated) can be found in Supplementary Table 1, 23 are taken up in the banana crop ontology database (Banana: CO_3252, accessed October 23, 2018).

An essential calculated variable is the above ground growth, the mass increase of the pseudostem and leaves. As the plants could not be destructively measured at the onset of the experiment, this was calculated based on allometric data from the final destructive phenotyping. We assumed that for non-stressed plants the proportion of shoot mass to the whole plant mass is stable over 21 experimental days. As such the initial above ground mass is the whole plant mass measured at the start of the experiment, multiplied by the cultivar specific proportion of above ground mass compared to whole plant mass.

The morphological characterization data of all 11 consecutive experiments was normalized toward the reference cultivar data (Cachaco, ABB) in order to reduce the experiment specific abnormalities (Eq. 1). For every variable (X) we calculated the median value per treatment for all reference plants over all experiments [median(XallRef_Control)] and per sub-experiment [median(XsubExpRef_Control)]. The ratio of the median over all experiments to the median per experiment was used as a normalization factor. Subsequently this biological normalization factor (specific per sub-experiment and treatment) was applied to the other genotypes in that sub experiment and treatment.
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The Effect of Osmotic Stress on Plant Performance

The plant performance (above ground biomass growth) in control and mild osmotic stress conditions was classified into five performance groups using k-means clustering based on the Euclidean distance. The above ground growth data were summarized (mean) per genotype for every treatment in order to group the genotypes. The k-means clustering used the ranks of growth per genotype in both conditions as input data. For two of these performance groups separately a sPLS-DA model (mixOmics, R-package, Cao et al., 2011) using five components, maximizes covariance between morphological variables (X) and the growth conditions (Y: 0% or 5% PEG). More precisely, using sPLS-DA, the original morphological variables are represented by artificial variables to investigate the correlation between the response (Y: 0% or 5% PEG) and those variables (phenotypic measurements). This allowed to rank the original variables based on the percentage change of the variable, taking into account the consistency of response over the different cultivars in the group. Finally, we selected, per performance group, the 10 most important (explanatory/changing) variables. To test whether the observed differences in performance group and treatment were significant a two way analysis of variance (ANOVA) was applied.

Real-Time Transpiration Phenotyping

The Multi-Lysimeter Setup

Complementary to the morphological characterization we were interested in the within day transpiration patterns. To get a high resolution insight into the dynamics of transpiration throughout the day we set up a multi-lysimeter system. Plants were obtained through the ITC, and acclimated to autotrophic conditions for 35 days in a growth incubator with equal settings as above (acclimation of growth characterization experiment).

Plants of 35 days old were placed on 16–24 high precision balances (0.01 g accuracy, Kern, Germany) in a controlled climate chamber (light regime (Philips GreenPower LED): 12 h/12 h (light/dark), temperature 25°C, relative humidity 75%). These balances were connected to a computer and controlled by an in house developed Matlab tool, registering the weight of every plant every 10 s. Plants were grown in hydroponics solution (without PEG), in sealed 500 mL containers with only the above ground biomass open to the environment. As such the only weight loss approaches the transpiration through the plant system. After an adaptation phase of 2–4 days, data was collected for 6 consecutive days.

Transpiration Dynamics Variables Extraction

The registered weight data was converted to cumulative transpiration data by adding up differences between measurements. When light was switched on or off (start of the night, and start of the day, 12 h in between) data values were reset to zero. Per day segmented regression separated the day time (12 h) data into three segments by pinpointing two breakpoints (segmented, R-package, Muggeo, 2008). The night was added as one additional segment of 12 h whilst the light was switched off (no illumination). Finally, for every complete day (24 h) of phenotyping, 23 dynamic transpiration related variables were derived from the plant specific data based on the identified segments. The dynamic transpiration variables, measured every 24 h, were summarized (median) per plant (see Table 2 for all variables). Plant weight was registered before and after the trial. The daily acquired dynamic transpiration (rate) variables were normalized relative to the plant size on a daily basis. The plant size was estimated each day as a linear interpolation between the weight before and after the experiment.

TABLE 2. Twenty-three transpiration dynamic variables describing the daily transpiration pattern.
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Phenotypic Similarity Based on the Transpiration Pattern

Genotypes are clustered based on phenotypic similarity within the daily transpiration profile. First, the data collected for 23 variables on multiple days was summarized (mean per genotype) and scaled. Secondly, blind hierarchical clustering was performed based on the average difference of measured variables between genotypes. This finally led to a similarity tree. sPLS-DA toward the separated clusters (X: 23 transpiration variables, Y: transpiration clusters) reveals the transpiration dynamics variables underlying the genotype similarity. ANOVA on the individual variables identified those which separated both transpiration phenotypes significantly. In order to avoid confounding the results with a multitude of reference cultivar data, the sPLS-DA and ANOVA performed only used data of one sub-experiment for the reference cultivar.

Diurnal Gas Exchange Patterns

To validate the transpiration dynamic behavior of our reference cultivar, gas exchange analysis was performed at the leaf-level. CO2 assimilation (A) and stomatal conductance to water (gs) were measured every minute on the middle of the second youngest fully developed leaf using a LCpro-SD infrared gas analysis system (ADC BioScientific Limited, United Kingdom). Intrinsic water use efficiency (iWUE) was calculated as the ratio of A and gs. Plants were grown in 800 mL pots filled with peat-based compost (Levingtons F2S, United Kingdom) and placed in a controlled climate chamber [light regime: 12 h/12 h (light/dark), 350 μmol/m2/s, temperature 25°C/22°C (day/night), relative humidity 75%]. The leaf cuvette maintained identical conditions. Measurements were performed on five replicates.

Data Processing and Availability

All variable extraction and data processing was carried out in R (V 3.4.3). Data is available through the Harvard-Dataverse repository (doi: 10.7910/DVN/NHVBN5).



RESULTS

Growth Performance

Genotype Performance Ranking

The performance of 32 genotypes representative for the Musa biodiversity was assessed based on vegetative growth of above ground plant parts in control (0% PEG) and osmotic stress (5% PEG) conditions (Figure 1). Simili Radjah (ABB) was the best growing cultivar under control conditions, while Figue Pomme Géante (AAB) had the highest growth under osmotic stress. The best performing genotypes grew six to seven times better than the least performing genotype (stress-control, respectively) (Figure 1 and Table 3). The growth in control and stress conditions was correlated [Growth (0% PEG) = 3.70 + 1.53 ∗ Growth (5% PEG), n = 32, R2adj = 0.77].
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FIGURE 1. Growth performance of 32 genotypes representing the Musa biodiversity. Performance is based on the above ground biomass production, under control (0% PEG) conditions (horizontal axis) and stressed (5% PEG) conditions (vertical axis). SE (n = 8) is indicated for control and stress for each cultivar. The cultivar genomic constitution (AA, AAA, AAB, ABB, or BB) is depicted by colors, while shapes indicate the result of a 5 kern k-means clustering. Dashed lines indicate the growth of the reference cultivar (Cachaco) under control and stress conditions. Growth (0% PEG) = 3.70 + 1.53 ∗ Growth (5% PEG) (n = 32, R2adj = 0.77).



TABLE 3. Growth performance of 32 genotypes representing the Musa biodiversity.
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Based on k-means clustering, five distinct performance groups were identified capturing 92% of the total sum of squares (Figure 1). Group 1 (Figue Pomme Géante, Kluai Tiparot, Simili Radjah, Fougamou 1, Leite, Blue Java, Pisang Bakar, and Namwa Khom) and group 2 (Red Dacca, Pisang Berangan, and Gros Michel) were vigorous growers under control conditions. Two-way analysis of variance between the performance groups 1 and 2 and the treatment followed by a Tukey HSD test pointed out that plant growth was significantly different between these two performance groups under 5% PEG conditions while this was not the case under control conditions [5% PEG: group 1 – group 2: p = 0.0004, n = 64/24 (Group 1/Group 2); 0% PEG: group 1 – group 2: p = 0.59, n = 64/24 (Group 1/Group 2), Figure 1]. One group of genotypes (Poyo, Orishele, Dole, Zebrina, Foconah, and Pisang Palembang) grew poorly under control and osmotic stress conditions.

The Differential Impact of Osmotic Stress

To further investigate the effect of the osmotic stress treatment we examined data from performance groups 1 and 2, together representing 11 (out of 32) genotypes. In each group a sPLS-DA, maximizing covariance between 39 morphological variables (X) and the plant growth conditions (Y), separated plants grown in 0% PEG from those grown in 5% PEG using five sPLS-DA components. The correlation coefficient between the morphological variables matrix and the sPLS-DA model indicates which variables change most between plants grown in both conditions. In these performance group specific models the contribution of each morphological variable in explaining the plant growth condition was ranked. This enabled to select the most important variables per performance group (Figure 2). Only four of these variables refer to a mutual stress effect in both performance groups: all selected genotypes showed a reduction in total leaf area, the pseudostem growth and a change in the relative water content in the root and whole plant. Group 1 genotypes showed a larger mass redistribution in favor of the roots (Figure 2 and Supplementary Table 2). The latter was also observed when the below ground growth was assessed (Supplementary Figure 1). Univariate statistics (ANOVA) validated these multivariate findings (Table 4). All selected variables showed a significant impact of the osmotic stress treatment (ANOVA, p < 0.001, Table 4). Five variables showed a significant (p < 0.001) (treatment × performance group) interaction: rootPlantRatioDry, rootShootRatioDry, and rootLeafRatioDry seriously increased for group 1, while leafWidthTot and leafWidthYoungest seriously decreased in group 2 (Table 4 and Supplementary Table 3).
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FIGURE 2. The variables most explanatory for the difference between stress and control derived independently in performance groups 1 and 2. Figure based on 11 cultivars from performance classes 1 and 2. Green connecting lines indicate that the variable is increased in mild osmotic stress compared to control, red lines indicate a decreased value.



TABLE 4. ANOVA results showing the significance level of the treatment, performance group and their interaction effect for the morphological variables explaining most of the growth difference under both treatments.
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Real-Time Transpiration Monitoring

The Daily Transpiration Pattern in a Non-changing Environment Is Not Constant

We investigated the transpiration behavior of 26 genotypes in more detail. The transpiration in a homogenous, non-changing environment was not constant (Figure 3 and Supplementary Figure 2). Every genotype showed a marked reduction in transpiration rate in the afternoon, however, the timing of this onset, as well as its impact on total transpiration was genotype dependent (Supplementary Figure 2).
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FIGURE 3. Segmented regression on the cumulative (daily) transpiration pattern allows to separate the transpiration into four distinct parts. For calculation purposes the data is reset to zero at every light switch (12:00 and 00:00). Based on the breakpoints (indicated green dots) derived by segmented regression analysis different base variables are directly derived from the graph: (A) duration of the start segment, (B) duration of the segment with maximal transpiration, (C) duration of the segment with pre-night reduced transpiration, (D) the volume of water lost during the night, (E) the water loss during the start segment, (F) the volume of water lost in the maximum segment, (G) the water lost in the reduced transpiration phase. For all 23 calculated variables using these based variables, see Table 2.



Using segmented regression more insight in the sub daily transpiration pattern was observed. The daily (24 h) transpiration pattern could be split up into four parts: night, start, constant maximum, and reduction (Figure 3). Over each of these four segments the transpiration volume (mg ≈ mL) and segment duration (h) were determined. This allowed us to further describe the diurnal transpiration pattern using 23 variables (Supplementary Table 3). The variables could be grouped in four categories, according to their connotation: (a) describing the duration of the segments, (b) related to the segment specific transpiration volumes, (c) related to the segment specific transpiration rates, and (d) related to the impact of the last segment, the segment characterized by a pre-night transpiration rate reduction.

Two Transpiration Phenotypes Are Observed Within the Musa Biodiversity

Based on those 23 variables, two transpiration phenotypes were blindly separated via hierarchical clustering (Figure 4). In general, genotypes representing the same, or similar, taxonomic subgroups clustered into the same group. For example all ABB cultivars cluster in group A while all AAA cultivars cluster in group B (Figure 4). Diploid genotypes cluster in group A irrespective their genome background.
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FIGURE 4. Two transpiration phenotypic groups are separated based on the phenotypic similarity tree. The tree is constructed based on the average phenotypic difference between genotypes. The transpiration phenotypic groups are indicated here by the color of the lines in the tree (yellow: group A, blue: group B). To couple to the growth performance (Figure 1) cultivars from performance group 1 are colored in green, and group 2 in red. Names of cultivars, their genomic constitution and the subgroup they belong to are given.



The importance of the 23 variables was calculated by sPLS-DA (Supplementary Figure 3). Nineteen out of 23 analyzed variables were significantly different (P < 0.001) between the two transpiration groups (Figure 5). Mean values of the variables per transpiration phenotype group are given in Supplementary Table 3.
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FIGURE 5. Transpiration dynamics related variables underlying the separation into both transpiration groups are ranked according to their sPLS-DA loadings score. A positive score on the X-axis is correlated to group B, a negative to group A. Variables with a significant difference between transpiration phenotypic groups indicated (t-test, ∗∗∗p < 0.001, ∗p > 0.05, nS: p > 0.1). The genotypes belonging to group B have a higher maximum transpiration rate and keep that high rate for a longer time. This makes that they have a higher total transpiration and that they save less water compared to genotypes of group A.



The genotypes belonging to group B have a higher maximum transpiration rate and keep that high rate for a longer time. This means that they have a higher total transpiration and that they save less water compared to genotypes of group A. In general, the transpiration phenotypic group B is positively correlated to variables related to water consumption. For example, Poyo (AAA) belonging to group B showed the highest average daily transpiration volumes per unit biomass, while the genotype transpiring the least, Dole (ABB) belonging to group A, on average transpired 4.5 times less water per unit of biomass (relTransp_dayNight, p-value < 0.001, Figure 6B). Furthermore, the opposite phenotypic group A is characterized by the higher importance of the reduced transpiration phase (Figure 6A and Supplementary Figure 2). For example, the duration of the reduced transpiration segment displays a 2.6 h difference between Dole (ABB) (Group A) and Gros Michel (AAA) (Group B) (duration_Reduction, p-value < 0.001, Figure 6A). There was no significant group segregation when looking at the pre-night closing potential (closureProp, p-value > 0.1, Figure 6D). This is the ratio of the maximal transpiration rate to the transpiration rate during the reduction phase, and both transpiration groups have the same closing potential. However, the timing of reduction onset cause that group A genotypes saved significantly more water in the reduction phase (propSave, p-value < 0.001, Figure 6C) relatively to group B cultivars. Some genotypes managed to save more than 20% of their daily (day time) water loss by reducing their transpiration rate by 45% (Figures 6C,D).
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FIGURE 6. (A) The duration of the reduced transpiration segment (duration_Reduction) is longer for transpiration phenotype group A genotypes. (B) The total 24-h transpiration (relTransp_dayNight) is on average higher for transpiration phenotype group B genotypes. (C) The relative volume of water saved by the afternoon transpiration reduction (propSave) is higher in transpiration phenotype group A genotypes, although (D) both transpiration phenotypic groups manage the same reduction in transpiration rate (closureProp).



Diurnal Leaf-Level Gas Exchange Patterns

The occurrence of an afternoon transpiration reduction was confirmed by diurnal gas exchange measurements. During the afternoon, stomatal conductance in our reference cultivar Cachaco (ABB) decreased by 59% (Figure 7). Simultaneously we observed a decrease in CO2 assimilation of 34% (Figure 7). However, the decrease in CO2 assimilation was small compared to the decrease in stomatal conductance, meaning that relatively more CO2 is taken up for each molecule of water transpired and represents a strong afternoon increase in intrinsic water use efficiency (iWUE) of 61% (Supplementary Figure 4).
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FIGURE 7. Reference cultivar (Cachaco, Bluggoe, ABB) leaf gas exchange measurements performed on the second youngest leaf. (A) Stomatal conductance shows a marked decrease in the afternoon. (B) The CO2 assimilation also shows an increase, but (C) the intrinsic water use efficiency rises in the afternoon.





DISCUSSION

Risk Taking Under Osmotic Stress

The laboratory model presented here provides an objective genotype ranking under two relevant water potential treatments (Figure 1 and Table 3). For banana, biomass production is a good proxy for yield. Taulya et al. (2014) demonstrated an excellent correlation between the harvest index and total dry weight at harvest. Therefore, we focus the discussion on those genotypes that had a vigorous (vegetative) growth under control conditions. When plants are exposed to osmotic stress at the root level, a root derived ABA signal is triggered, leading to a decrease in stomatal conductance, and transpiration. This affects CO2 diffusion into the leaf and lowers the photosynthetic rate, decreasing overall growth. Under osmotic stress the allometric relations of genotypes belonging to performance group 1 change due to a relative root mass increase, more than a decrease in above ground mass (Figure 2, Table 4, and Supplementary Figure 1). This genotype specific reaction to lowered water availability has been observed in other Musa trials (Sebuwufu et al., 2004; Delfin et al., 2016). Investment in root biomass is a strategy which can lead to drought avoidance and supports further transpiration and growth, but holds a certain risk (Tardieu et al., 2017). It enables the exploration of a larger (soil) volume for water uptake, but it has a significant respiration cost, an investment that will be lost if no extra water is found (Tardieu et al., 2017). The success of this risky drought avoidance phenotype depends on the actual climate conditions throughout the growth period. During a relatively short dry season, followed by a rainy season with excess water supply, the deep rooting phenotype is favored as it largely avoids drought and supports continued transpiration and growth during the adverse conditions. This reduces the impact of stress on the yield compared to phenotypes showing growth cessation. In those environmental conditions, the cultivars of performance group 1 seem to be more suitable. Our laboratory model was designed to identify genotypes suitable for those conditions. However, under prolonged drought conditions the cost of root investment can be too high. Then a survival based strategy is preferred and a different lab model needs to be set up. In episodic, high frequency drought scenarios, rapid continuation of (root) growth upon rewetting could be preferred, but would also require a different lab model (Comas et al., 2013; Pierik and Testerink, 2014).

A Closer Look at the Daily Transpiration Pattern and Its Putative Impact on Crop Productivity

Originating from the humid tropics, banana is adapted to growth in nearly saturated humidity conditions. The plant remains hydrated while transport of water and nutrients are ensured through a strong root pressure (Turner et al., 2007). During the photoperiod, banana, a C3 plant, manages stomatal aperture to balance water loss with carbon uptake, thereby avoiding dehydration and maintaining an appropriate photosynthetic rate. An iso/anisohydric classification of a plant or species depends on the definition used and the environment in which it is grown. The hydraulic parameters related to iso/anisohydric terminology are not only dependent on the genotype/species, but are also influenced by the environment; for example by the soil water potential, the soil-to-canopy-hydraulic conductance, the leaf water potential, and the maximal transpiration rate (Hochberg et al., 2018). When the evaporative demand exceeds the supply of water to the transpiration stream, stomata respond to prevent the leaf water potential from falling below a critical level. The main driver controlling this stomatal closure is ABA. This hormone can be sent by the roots when soil water potential is too low but can also be released by the leaves when the critical leaf water potential is reached. In our controlled conditions the transpiration pattern showed a decline toward the end of the daylight period without a change in environmental conditions (Figure 3 and Supplementary Figure 2). All genotypes reduce the transpiration rate by the end of the day by between 40 and 50% of the maximal transpiration rate (closureProp, Figure 6D). This phenomenon has already been described in bean and it has been shown that the stomatal responsiveness depends on the time of the day (Mencuccini et al., 2000). The authors hypothesized that a diurnal pattern is responsible for the changed stomatal responsiveness. We confirm this decline in transpiration in banana and moreover show that there is a genotypic dependence (Figure 4). Cultivars mainly differ in the timing of the transpiration reduction (duration_Reduction) and the transpiration rates distinguish two transpiration phenotypes (Figures 5, 6). Also for this trait we have identified risk takers. Genotypes belonging to group B reduce their transpiration relatively late. Genotypes belonging to group A behave more conservative and reduce their transpiration sooner. In our experiment, environmental factors, possibly causing a decrease in stomatal conductance, were absent. A diurnal factor as hypothesized by Mencuccini et al. (2000) that reduces the responsiveness of stomata toward the light induced opening impulse can lead to the observed phenotype. Stomatal aperture relies on a balance between responsiveness to signals to (re)open and the responsiveness to signals to (re)close. The latter is mainly under ABA control (Kollist et al., 2014), therefore the significant differences observed between the genotypes could be explained by a different sensitivity to the opening impulse but could also be a different sensitivity toward a closing impulse. So a difference in ABA sensitivity/production or a feedback to sugar sensing as suggested by Delorge et al. (2014) could also lead to the observed group differences. It is not clear why this mechanism of declining transpiration evolved. A reduction in transpiration that is not related to a change in irradiance, internal CO2, VPD or soil water potential does not seem to be desired in terms of plant productivity. However, the growth ranking of our genotypes (Figure 1) does not indicate any negative effect of such conservative transpiration behavior, as the cultivars in the preferred growth performance group (Group 1) do not exclusively belong to transpiration group A (Figures 1, 4). For example Figue Pomme Géante and Simili Radjah are both well performing cultivars, but they have distinct transpiration phenotypes.

The lower stomatal conductance during the afternoon restricts CO2 uptake for photosynthesis, resulting in a CO2 assimilation decrease (Figure 7). However, this CO2 assimilation decrease is moderate compared to the decrease in stomatal conductance, meaning that relatively more CO2 is taken up for each molecule of water transpired. This was represented by a strong afternoon increase in intrinsic water use efficiency (iWUE) (Supplementary Figure 4). The afternoon stomatal closure thus results in a relative water saving while maintaining the growth potential. Our results show that this reduced afternoon transpiration reduction is a promising (pre-)breeding screening trait as not all cultivars show this to the same extend, and it does not seem to compromise the growth since four of the eight investigated genotypes belonging to growing phenotype group 1 belong to transpiration phenotype group A (Figures 1, 4).

The Osmotic Stress Mimicked in the Lab

Is Representative

Each agro-ecological environment has specific constraints and has its ideal niche cultivar. As such it is crucial to mimic those specific environmental conditions as closely as possible. We used 5% polyethylene glycol (PEG), a well-known osmotic agent, to subject plants to a constant lowered water availability of -0.05 MPa (pF 2.7) for 21 days. A water potential of -0.05 MPa is considered a mild drought stress (Michel, 1983; Verslues et al., 2006; Kissel et al., 2015). The growth in these conditions reduced to 58% of the control growth (Table 3). This is comparable to the effect of the mild stress treatment in the study of Kissel et al. (2015) where various banana cultivars were phenotyped in relevant (actual) conditions in pots in Uganda. Also plants in a field based experiment, grown for 63 days without irrigation, causing a significantly lower soil water content, showed reduced growth to 61% of the fully irrigated plants (Mahouachi, 2007). The relevance of a lab model relies on selecting appropriate treatment conditions (Negin and Moshelion, 2017). The stress effect in other experiments is thus similar to the effect in our lab model, strengthening the relevance for biodiversity screening purposes.

Many agro-eco zones where bananas are grown on a rain fed basis have a dry season of 1–3 months during the crop cycle of 10–14 months. So in these environments, ideal cultivars grow vigorously under non-restricting water conditions with a minimal setback during the dry season. The growth ranking in Figure 1 evaluates the genotype performance based on the above ground biomass, a yield proxy. As mentioned above, all genotypes are impacted by the osmotic stress, on average growth reduced to 58% of the control growth (34–89%, min-max) (Figure 1 and Table 3). The performance under control conditions was correlated to the performance under stress conditions (R2 = 0.77), implying that sturdy plants under control conditions are also more likely to perform better under stress. The most promising genotypes for that kind of environments have limited setback under 5% PEG (group 1) and have a water saving transpiration behavior (group A) [e.g., Fougamou, Namwa Khom, Simili Radjah, and Kluai Tiparot (all ABBs)]. The cultivars belonging to group 2 [Pisang Berangan, Gros Michel, and Red Dacca (all AAAs)] had a significantly impacted growth due to the reduced water availability and all investigated genotypes belonged to group B for their transpiration behavior. This makes them less suitable for agro ecological zones with an expected dry period. Drought during the vegetative stage causes a growth delay, postponing bunch initiation and flowering, thus reducing the harvest (Taulya et al., 2014). The results presented here indicate that many, but not exclusively, genotypes with a B genome contribution perform better under water limiting conditions. All the investigated ABB genotypes (eight in total, Figure 4) belonged to group A meaning that they had a lower maximum transpiration rate and kept that high rate for a shorter time.



CONCLUSION

Drought is a complex phenomenon and tolerance/avoidance is achieved via multiple sub-traits that are not necessarily correlated. We designed two lab models to investigate important sub-traits that contribute toward drought tolerance/avoidance and we presented the variables that were most important to quantify those traits. We conclude that banana has a diurnal transpiration pattern in which stomatal conductance decreases near the end of the day. We present the diversity in transpiration patterns and observe that there are genotypes with a more conservative water saving behavior (group A) which increases the water use efficiency. We classify eight genotypes that have a good potential to have a high production under a rain fed growing system with a short dry season (group 1). These genotypes continue to grow under mild osmotic stress and invest under mild drought stress more in root growth than leaf growth. Four of the eight investigated genotypes belonging to group 1 belong to transpiration phenotype group A. All of them have an ABB genome constitution.

This experimental setup is useful and might be applied to other crops. Risk taking phenotypes investing in root growth might be rewarded, but climate change and especially variability is expected to lead to more unpredictability. We need to encourage farmers to spread their risk by planting different cultivars with their own conservative or risky physiology. So phenotyping and determining the risk physiology is of utmost importance. All lab models are limited by their experimental design and elimination of false positives through field validation trials is therefore essential. Nevertheless, lab models form an essential pre-breeding tool due to their specificity, control, and resource efficient high throughput. We conclude that lab models are very useful to study the biodiversity in great detail to identify traits that contribute to a better drought tolerance/avoidance. We encourage researchers investigating other crops to start to explore their collections.
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A Protein-Linger Strategy Keeps the Plant On-Hold After Rehydration of Drought-Stressed Beta vulgaris
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Most crop plants are exposed to intermittent drought periods. To cope with these continuous changes, plants need strategies to prevent themselves from exhaustive adjustment maneuvers. Drought stress recovery has been shown to be an active process, possibly involved in a drought memory effect allowing plants to better cope with recurrent aridity. An integrated understanding of the molecular processes of enhanced drought tolerance is required to tailor key networks for improved crop protection. During summer, prolonged periods of drought are the major reason for economic yield losses of sugar beet (Beta vulgaris) in Europe. A drought stress and recovery time course experiment was carried out under controlled environmental conditions. In order to find regulatory key mechanisms enabling plants to rapidly react to periodic stress events, beets were either subjected to 11 days of progressive drought, or were drought stressed for 9 days followed by gradual rewatering for 14 days. Based on physiological measurements of leaf water relations and changes in different stress indicators, plants experienced a switch from moderate to severe water stress between day 9 and 11 of drought. The leaf proteome was analyzed, revealing induced protein pre-adjustment (prior to severe stress) and putative stress endurance processes. Three key protein targets, regulatory relevant during drought stress and with lingering levels of abundance upon rewatering were further exploited through their transcript performance. These three targets consist of a jasmonate induced, a salt-stress enhanced and a phosphatidylethanolamine-binding protein. The data demonstrate delayed protein responses to stress compared to their transcripts and indicate that the lingering mechanism is post-transcriptionally regulated. A set of lingering proteins is discussed with respect to a possible involvement in drought stress acclimation and memory effects.

Keywords: drought stress and recovery, memory effect, Beta vulgaris, protein targets, plant proteomics, molecular phenotyping, transcript to protein


INTRODUCTION

Drought stress is one of the main constraints to crop production worldwide. Different from arid climates, central Europe faces increasing occurrence of intermittent drought periods, not only in late summer, but also during the early development of crops. Thus rapid recovery after drought spells is one of the traits which may improve crop yield under conditions of repeated drought stress (Chaves et al., 2009).

Recovery of a plant includes the re-establishment of osmotic homeostasis, the repair of tissues damaged by oxidative stress, and the re-adjustment of the plant’s metabolism. During this process, physiological parameters and independent metabolic pathways seem to require different times for a full recovery, (Lehmann et al., 2012; Wedeking et al., 2017), suggesting pathway specific regulatory processes (Lyon et al., 2016). Several studies have shown that plants can also respond differently to repeated periods of stress and that the first stress period might trigger maintained metabolic and epigenetic rearrangements commonly known as “stress memory” (stress imprint) (Bruce et al., 2007; Ding et al., 2012). Such imprints include the accumulation of protective metabolites (Bhargava and Kshitija, 2013), signaling proteins or transcription factors (Conrath et al., 2006; Ramírez et al., 2015), the phosphorylation of key regulatory proteins such as MAPKs, chromatin marks or epigenetic modifications (Ding et al., 2012; Kinoshita and Seki, 2014), all of which may render the plant more “prepared” and thus more resistant if the stress recurs. Even though this acclimation may be beneficial under repeated stress, it certainly comes at the cost of reduced growth since metabolic energy has to be used for maintained metabolic adjustments. In other cases plant performance was also reduced by maintained lower rate of photosynthesis after recurring stress (Bruce et al., 2007). Whether an initial stress is thus beneficial or rather counterproductive with respect to crop yield is likely dependent on the severity and the number of times the stress recurs. Crisp et al. (2016) argue that most plants return to the pre-stress metabolic and physiological state (“resetting”) during recovery. However, other studies indicate distinct dynamics and independent regulation of recovery after drought stress (Lehmann et al., 2012; Lyon et al., 2016; Wedeking et al., 2017, 2018).

While several studies and reviews highlight the importance of maintained transcriptional alterations during recovery, relatively little is known about the imprint of abiotic stress on other omics levels such as proteins and metabolites (Fleta-Soriano and Munné-Bosch, 2016), and whether such imprints may be related to later responses of recurring stress.

In previous work using an almost identical experimental setup as in the present study, we observed that sugar beet did not fully recover physiologically within 10 days of re-watering after 9 d of drought stress (Wedeking et al., 2017). In a similar study, sugar beet metabolites mostly returned to control levels within 8 d of re-watering, but especially the normalization of amino acids was only transient and a second increase of amino acids occurred several days (7-8) into the recovery period, indicating a possible stress imprint that might be beneficial in upcoming stress events (Wedeking et al., 2018). In the current study, we used a proteomic approach with the aim to identify proteins involved in the recovery process and possibly in stress imprints. For selected target proteins, we compared the time course of protein and transcript levels during the recovery period. We wanted to test the hypothesis that some proteins might not directly follow the course of transcript levels and that these proteins could be interesting targets for stress memory effects.



MATERIALS AND METHODS

Plant Culture and Sampling for Physiological Parameters and Selected Metabolites

Seedlings of Beta vulgaris cultivar Pauletta (KWS Saat AG, Einbeck, Germany) were grown under controlled conditions as described previously in Wedeking et al. (2017). Briefly, plants were cultivated at 24°C day/18°C night temperature, 60/75 % relative humidity and 16 h light (> 250 μmol m-2 s1: SON-T Agro, 400W, Philips, Germany) in a substrate mix (3:2:1 pea loam, perlit; Gepac, Type VM). Water and nutrients (1.4‰ Hakaphos blue, Compo Expert, Münster, Germany) were provided three times per day for 3 min, using a time controlled, automated irrigation system. Integrated plant protection was used as required. The experiment was arranged in a randomized block design with four biological replicates for each harvest day and treatment. A graphical overview of the experimental setup is provided in Figure 1.
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FIGURE 1. Overview of the experimental setup. D, drought; DR, drought recovery. Water withhold was from D1 until D9 or extended to D11. For the recovery experiment, rewatering started at day 10 until day 23.



Treatments began at BBCH 16-17 (Enz and Dachler, 1997) e.g., when 6 to 7 leaves were visible. For control plants (C), a soil water content (SWC) of 65 ± 1% (w/w; based on substrate FW), was maintained throughout the experiment. This SWC was previously shown to correspond to substrate pF values of 1.8-2.3 and thus represents optimum water supply (Wedeking et al., 2017). To confirm that neither water logging nor water deficit occurred during the experimental period, a subset of 15 pots was weighed manually every second day. Drought stressed plants (D) were subjected to 11 d of progressive drought by water withholding, while the plants of the recovery treatment (DR) were drought stressed for 9 or 11 with a subsequent gradual rewatering for 14 d (recovery period, day 10-23). In this setup, the SWC of drought stressed plants decreased to 45% (w/w) at around day 5 (corresponding to the permanent wilting point), and reached values of approximately 35% (w/w) on day 9, and 30% on day 11. During rewatering, the SWC increased linearly and reached control levels after 7-8 days (Supplementary Figure S1).

Plants were harvested every other day 4 h after the onset of the photoperiod to avoid uncontrolled circadian effects, e.g. of the water status and metabolite and protein concentrations. The youngest fully expanded leaf pair (YEL) was used for all analyses. One leaf was used for protein extraction, and the other one was used for the determination of osmotic potential (OP), relative water content (RWC) and electrolyte leakage (EL), as previously described in detail (Wedeking et al., 2017). Plant material for the protein and metabolite analysis was immediately frozen and ground in liquid nitrogen, lyophilized and stored (-80°C) until analysis. Leaf material for physiological measurements was frozen at -20°C (OP) or directly processed (RWC, EL).

For metabolite analysis, 20 mg of powdered material was sequentially extracted with 250 mm3 and 150 mm3 of 80% ethanol (v/v) in 10 mM HEPES KOH pH7, followed by 250 mm3 of 50% ethanol (v/v) in 10 mM HEPES KOH pH7 at 80°C for 20 min. The three supernatants were pooled and constantly kept on ice. Samples were analyzed using a microplate reader (Power Wave XS2, BioTek). Sucrose, glucose and fructose were determined using an enzyme-based assay according to Stitt et al. (1989) with modifications (for detailed description see Wedeking et al., 2017).

Protein Extraction & Quantification

Total protein was extracted from 20 mg lyophilized ground leaf material according to Wang et al. (2006). Plant material was mixed with 10% trichloroacetic acid (TCA) in acetone and incubated for 10 min in a cold ultra-sonication water bath. With intermediate collecting steps by centrifugation at 4000 g for 5 min, the plant material was washed with 1.5 cm3 ice-cold 10% TCA in acetone, 1.5 cm3 ice-cold 10% TCA in water and 1.5 cm3 ice-cold 80% acetone. After the last centrifugation step, the supernatant was carefully discarded and the pellet was air dried. Proteins were extracted by vortexing washed plant material for 1 min at room temperature in 0.8 cm3 extraction buffer (50 mM TrisHCl pH 7.5, 5 mM EDTA, 0.7 M Sucrose, 1% PVPP (w/v), 1 mM PMSF, 5 mM DTT, ddH2O) and 0.8 cm3 phenol. For phase separation, the mixture was centrifuged at 10 000 g for 5 min. The protein containing phenol phase was transferred to a new tube. Phase separation was repeated and proteins were precipitated over night with 8 cm3 ice-cold 0.5% β-mercaptoethanol in acetone. Precipitated proteins were centrifuged for 10 min (4 000 g, 4°C). The supernatant was discarded and the protein pellet was washed two times with ice cold 100 mM ammonium acetate in methanol and two times with ice cold 80% acetone with intermediate centrifugation (20 000 g, 4°C, 5min).

Digestion and Nano ESI LC-MS/MS Analysis

Proteins were digested and analyzed as previously described in Turetschek et al. (2017). The protein pellet was dissolved in urea buffer (8 M urea, 50 mM HEPES, pH 7.8) and quantified with Bradford assay. For each sample, 100 μg protein was digested with Lys-C (1:100 v/v, 5 h, 30°C, Roche, Mannheim, Germany) and trypsin (1:10, v/v, over- night, 37°C, Applied Biosystems, Darmstadt, Germany). The sample was acidified with 200 mm3 8% formic acid (FA) and loaded on stage tips (PierceTM C18 Tips, 100 mm3). Peptides were washed 4 times with 200 mm3 0.1% FA, eluted with 0.1% FA in methanol, split in two aliquots and stored at -80° in a protein LoBind tube until measurement.

Peptides of 4 biological replicates were dissolved in 100 mm3 2% ACN, 0.1% FA. In random order 1 μg was applied on a C18 column (15 cm × 50 μm column, PepMap®RSLC, Thermo Scientific, 2 μm particle size) for separation during a 110 min gradient at a flow rate of 300 μm3 min-1. Measurement was done on an LTQ-Orbitrap Elite (Thermo Fisher Scientific, Bremen, Germany) with following settings: Full scan range 350–1800 m/z, max. 20 MS2 scans (activation type CID), repeat count 1, repeat duration 30 s, exclusion list size 500, exclusion duration 60 s, charge state screening enabled with rejection of unassigned and +1 charge states, minimum signal threshold 500.

Protein Identification and Label Free Quantification

Proteins were identified and quantified as described in Turetschek et al. (2017) using a Uniprot FASTA download for Beta vulgaris spp. vulgaris with (29098 sequences feburary 2017) and the software MaxQuant v1.5_2 with the following parameters: first search peptide tolerance 20 ppm, main search tolerance 4.5 ppm, ITMS MS/MS match tolerance 0.6 Da. Maximum 3 of the following variable modifications was allowed per peptide: oxidation of methionine and acetylation of the N-term. Maximum two missed cleavages was tolerated. Best retention time alignment function was determined in a 20 min window. Identifications were matched between runs in a 0.7 min window. A FDR cut-off at 0.01 (at Peptide Spectrum Match and protein level) was set with a reversed decoy database. A minimum of 7 amino acids was required for identification of peptides and at least two peptides were required for protein identification. For label free quantification (LFQ) at least one MS2 scan was present with a minimum ratio of 2. The mass spectrometry proteomics data was deposited to the ProteomeXchange Consortium repository 3 with the dataset identifier PXD012033.

Protein Target Selection

Three target proteins were selected for transcript analysis as they were statistically significantly more abundant (p < 0.05, ANOVA, fold change > 2 compared to control) during severe drought and along several days of recovery. Targets were identified and quantified solely through proteotypic peptides. Two housekeeping genes were also selected from the proteomics data as follows: proteins were checked for robustness (found in all samples) and stability (no statistically significant difference in abundance across all samples). Gene-specific primers for proteins were designed according to their genome sequences available in the Beta vulgaris uniprot database. All primers, including those for housekeeping’s and target genes, are listed in Supplementary Table S1.

RNA Extraction

Total RNA was isolated from B. vulgaris leaf tissue with Trizol (InvitrogenTM TRIzolTM Reagent) according to manufacturer’s instructions. The RNA quality was assessed by 1% formaldehyde agarose gel electrophoresis and quantified spectrophotometrically.

Reverse Transcriptase and Quantitative Real-Time qPCR

First-strand cDNA was synthesized from 2 μg of total RNA using Superscript First-Strand Synthesis System (Invitrogen, New York, United States).

Quantitative PCR was carried out using 3 biological and 3 technical replicates in a Mastercycler RealPlex (Eppendorf, Hamburg, Germany) using the iTaq Universal SYBR Green Supermix reagents (Bio-Rad). The program consisted of an initial denaturation and Taq polymerase activation step of 10 minutes at 95°C, 40 cycles of 15 s at 95°C, 1 minute annealing and elongation at 60°C, followed by a melting curve from 59°C to 95°C.

Quantitative analysis of target gene transcription was carried out using the 2exp(-ΔΔCT) method (Livak and Schmittgen, 2001).

Statistical Analysis

For physiological data, statistical analysis was performed using SPSS 22.0 (SPSS Inc., IBM, United States). Significant differences between the treatments were analyzed using a one-factorial ANOVA according to Kruskal-Wallis (α = 0.05) with the stepwise stepdown procedure.

Statistical computation for proteins was done in R v3.4.3. Only proteins present in 3 out of 4 replicates in at least one treatment were considered for statistical analysis. If 3 out of 4 replicates in a treatment were present, missing values were estimated via k- nearest neighbor algorithm otherwise half the minimum value of the respective protein was inserted. Significant differences between groups were determined with Kruskal-Wallis test. All p-values were corrected according to Benjamini-Hochberg method. Significant proteins required a minimum fold change of ≥ 2 for further interpretation. Proteins were functionally classified with the software Mercator 4 platform1.



RESULTS

Time Course of Physiological and Metabolic Responses

On day 9 of the drought stress (D9), osmotic potential and relative water content were significantly lower, and electrolyte leakage was significantly higher than the controls. These changes strongly intensified between D9 and D11 of drought (Supplementary Figure S1; see also Wedeking et al., 2017). All three parameters started to recover immediately upon rewatering (DR11), even though they all returned to control levels only on day DR17 (RWC, OP) or DR19 (EL). Hexoses (sum of glucose and fructose) were significantly reduced compared to controls, while sucrose was significantly increased during severe stress (D11). Different from physiological parameters, both metabolites did not start to return to the control level upon rewatering, but remained elevated during recovery (DR11 to DR15) and reached their highest values on day DR15.

Unbiased Protein Dynamics Analysis

Between drought day 9 (D9) and day 11 (D11), the number of significantly (p < 0.05) changed protein levels increased from 8 to 108 proteins (accumulated) and from 20 to 50 proteins (reduced), indicative for a transition from moderate to severe drought stress (Supplementary Figure S2 and Supplementary Table S2). With regard to gene ontologies, the groups “amino acid and protein degradation”, “carbon metabolism”, “lipid metabolism”, “defense/stress” and “redox” were specifically enhanced, while “photosynthesis”, “tetrapyrrolbiosynthesis” and “secondary metabolism” were reduced on day D11. The function of a relatively large number of enhanced proteins could not be identified (“unknown”) (Figure 2).
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FIGURE 2. Overview of the number of proteins of major functional (MapMan) categories, which were significantly (p < 0.05) reduced (down) or increased (up) compared to controls.



Interestingly, the number of significantly changed protein levels was also increased from day D9 of drought (29) to day 11 of the drought recovery, i.e., one day after the end of drought exposure (DR11: 89). Among the 144 different proteins that significantly accumulated at day 11 under drought (D11) or recovery (DR11), 27 were overlapping (Supplementary Figure S2).

Surprisingly, the number of significantly changed proteins did not continuously decrease throughout the recovery period. Rather, it strongly increased between day DR11 (89) and DR15 (195) of recovery, before it started to decrease (Figure 2). The GO groups which were most strongly affected on day DR15 were quite similar to those affected under severe drought on day D11, and they belonged to the categories “amino acid and protein degradation”, “carbon metabolism”, “secondary metabolism”, “redox”, and “defense/stress” (all increased), and “photosynthesis” (reduced) (Figure 2). Comparison of significantly changed proteins on days D11, DR11 and DR15 also indicates that the proteome on day DR15 is more similar to that on day D11 (severe stress) than that on day DR11 (beginning of recovery). However, there were also some distinct differences between D11 and DR15, e.g., we did not observe an increase in the functional group “lipid metabolism” on DR15, indicating that membrane damage did not occur to a similar extent as at D11. A very specific response on day DR15 was the increase in 5 different GSH transferases, which was not observed on any of the other days. These GSH transfereases might be part of a glutathione and ABA mediated signal transduction pathway during drought stress acclimation (Chen et al., 2012). From all significantly changed proteins on days D11, DR11 and DR15, there was a 26% overlap between D11 and DR15 for increased, and 23% overlap for reduced proteins (Supplementary Figure S2).

In the course of recovery (from DR11 until DR23), most proteins returned to control levels after 9 days of recovery (DR19), when only 10 proteins were detected which were significantly different from the controls. However, this was followed by a remarkable increase in significantly changed proteins (19 reduced and 27 increased) on day DR21. Reduced proteins mainly belonged to the functional group “amino acid and protein biosynthesis”, while increased proteins belonged to the groups “signaling”, “carbon metabolism”, “RNA regulation”, “photosynthesis” and “defense/stress” and “miscellanous”. The increased level of significantly changed proteins was only transient and was no longer observed on day DR23.

Multivariate Statistics

An unbiased approach was initially used to detect proteins that might be key-players involved in drought stress recovery regulation. Using multivariate statistics, it was also possible to forecast proteins involved in dynamic stress adaptations that were distinct from general leaf senescence process.

When visualizing all quantifiable proteins by Independent Component Analysis (ICA) (Figure 3), IC1 clearly separates controls from drought stressed (and recovered) plants. IC1 likely represents stress severity, since severe drought (D11) and the first days of recovery (DR11-DR15) are furthest from controls, while later days of recovery (DR17-DR23) and moderate stress (D9) are closer. Interestingly, recovered plants on day DR23 are still clearly distinct from controls with respect to their proteome. IC3 separates drought stress from recovery. This plot indicates that drought stress at day 9 (D9) and day 11 (D11) are distinct from each other, while proteins of day 11 of recovery (DR11) appear indifferent from drought stress at day 11 (Figure 3). Altogether drought recovery is following a trajectory toward controls where proteins at day 11, 13 and 15 of recovery (DR11, DR13, DR15) remain at the far right side of IC1 together with day 11 of drought. Functional categorization (categories containing > 3 proteins; 100 highest loadings in the range of > 0.0045 and < -0.0045) of those proteins with increased levels upon stress (IC1), indicates a dominance of the stress responsive protein group, followed by the groups of amino acid metabolism, secondary metabolism, redox regulation and protein regulation (Figure 3 and Supplementary Table S3a). In contrast, proteins with decreased levels under stress belonged mainly to the categories protein regulation, followed by major carbon metabolism and stress responsive proteins (Figure 3 and Supplementary Table S3). The dominant category of the 100 proteins with highest loadings, separating drought from recovery (IC3), was the group of protein regulation in both depleted and accumulated proteins (Figure 3 and Supplementary Table S3b). Furthermore, among those proteins accumulated during drought, the second strongest category was stress regulation, followed by amino acid metabolism, RNA regulation, secondary metabolism, signaling, lipid metabolism and redox regulation. Apart from protein regulation, proteins specifically accumulated during recovery belonged to the category lipid metabolism, followed by redox regulation, photosystem, and transport and signaling protein groups.


[image: image]

FIGURE 3. Overview of the protein stress and recovery trajectory. Independent component analysis (ICA) of all quantifiable leaf proteins of B. vulgaris control (C) plants as well as plants exposed to drought (D) and recovery (DR) at different days during treatment (9-23). IC1 separates proteins according to stress severeness (C versus D and DR). Functional categories of protein groups of highest loadings (IC1) are visualized in bar-plots (see also Supplementary Table S3a). IC3 separates proteins mostly involved in stress from those of recovery (D versus DR). Functional categories of protein groups with highest loadings (IC3) are visualized in bar-plots (see also Supplementary Table S3b).



Targeted Protein and RNA Analysis

Multivariate statistics separated between controls, stress and recovery (Figure 3). In order to study those proteins involved in stress as well as recovery, all significantly changed proteins (compared to control) were selected in a first step. From this group, proteins of day 11 overlapping between drought and recovery (25) and those overlapping between day 11 and day 9 of drought (2), were filtered (Supplementary Figure S2 and Table 1).

TABLE 1. List of filtered target proteins significantly accumulating during recovery and possibly involved in drought stress imprint.
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Three proteins that showed highest statistically significant accumulation during severe drought (D11) (p < 0.005) as well as recovery (DR11) (p < 0.00005) were selected from the datamatrix (Supplementary Table S2). All three proteins were already enhanced at moderate drought (D9), even though this increase was only significant for phosphatidylethanolamine-binding protein (PEBP, A0A0J8F906). In addition, this protein was significantly (> 2-fold) enhanced for the longest period of recovery, until DR 17 (7 days after the onset of rewatering) (Figure 4). The other two proteins (A0A0J8CRM6, a putative jasmonate-induced and A0A0J8F7N2, a protein similar to a salt stress-induced protein) were more drastically enhanced in abundance (up to 10-fold) compared to PEBP, especially at day 11 (D11) of severe drought and at DR11. Both remained elevated until DR13 (A0A0J8F7N2) or DR11 (A0A0J8CRM6). All three proteins are commonly found in high loadings lists of IC1 (Supplementary Table S3) separating stress from control.
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FIGURE 4. Time course of transcript and protein targets. Ratios (controls vs. treatment); statistics (Kruskal-Wallis) for protein targets are given in Table 1; n = 4; error bars, standard error. Transcripts ratios are significant (p < 0.05; Kruskal-Wallis) at D11 of all targets and at D9 of “salt stress enhanced” protein.



Following the time course, all three targets showed a significant induction of protein and transcript abundance on day D11 of drought stress. This was also observed on day DR11 of recovery for A0A0J8F7N2, whereas A0A0J8CRM6 and PEBP showed an opposite reaction for proteins and transcripts on this day, where protein levels were still significanly higher compared to day D9, while transcripts had started to decline. The difference in mRNA levels between D11 and DR11 (always higher on D11) were not reflected at corresponding levels for proteins, which were not significantly different between days D11 and DR11, indicating that transcript levels responded more quickly to the rewatering signal compared to the proteins. A negative correlation (r2 = 0.7) between transcript (returning to control) and protein (remaining enhanced) development was especially pronounced for PEBP, which was also the only target whose transcript levels were accumulated to a higher degree (10-fold) compared to the protein levels (4-fold) on D11 of drought. The opposing trend for transcripts and proteins during recovery indicates a delayed translation for at least 4 days into the rewatering period for PEBP, and to a slightly lower extent also for A0A0J8CRM6.



DISCUSSION

Recovery Upon the Onset of Severe Drought Involves Deceleration of Induced Stress Response Processes

Stress recovery and stress imprint involves reprogramming on multiple levels comprising physiological, transcriptional, proteomic and metabolic processes as well as epigenetics (Kinoshita and Seki, 2014). These effects may be triggered at different stages during moderate stress and may persist for different periods of time after priming. This prepares the plants to promptly respond to reiterated drought (Walter et al., 2011; Ramírez et al., 2015). Since the occurrence and intensity of a possible imprint is likely to depend on the initial stress level at the onset of recovery, it is important to choose a well-defined experimental setup where the physiological stress level is well established. Using an almost identical setup, we have previously shown that sugar beets respond to a transient drought stress first by stomatal closure and cessation of transpiration, followed by adaptive metabolic adjustments such as increased sucrose, malate or proline levels, which may help to cope with reduced water availability by redirecting carbon flow into pathways relevant for protective responses. Between day 9 and 11 of drought stress, plants were in a transition from moderate to severe drought stress (Wedeking et al., 2017). Therefore, the current study focused on the determination of leaf proteins of B. vulgaris, involved in recovery and to identify putative candidates for future studies on memory-effects by a comprehensive analysis of the proteome characteristics during a long period of recovery (13 days) after 9 d of drought.

Stress recovery is an important molecular process that needs further attention to comprehensively understand priming effects leading to improved stress tolerance. In recent studies on Medicago truncatula and B. vulgaris, drought stress recovery was shown to be an active and highly dynamic process at both protein and metabolite level (Lyon et al., 2016; Wedeking et al., 2017).

Multivariate statistics detangled specific functional protein categories that differentiate drought and drought recovery from control plants. Not surprisingly, the major category involved proteins of the stress response, such as heat shock and LEA proteins as well as several salt- and jasmonate-induced proteins. One of the most unexpected results was the relatively large overlap of significantly enhanced proteins under severe stress (D11) and after one day of rewatering (DR11), and the intensification of the number of responsive proteins during the first 5 days of recovery (until DR15). Many altered proteins on day DR15 overlapped with those enhanced on day D11 (severe stress), even though the intensities of change were overall less pronounced at DR15. This suggests an induction of several proteins already during the drought stress, which accumulated with a delay of up to 4 days compared to the severe drought stress. However, since these proteins responded with an overall lower intensity on day DR15, the proteome of DR11 was statistically more similar to D11 than to DR15 (Figure 3). While it was shown in a previous study, that sugar beet leaves regained almost full turgescence within 24 h after re-watering, indicating a very rapid onset of recovery of water relations (Wedeking et al., 2017), stress responses such as osmotic potential, relative water content and most primary metabolites returned to control levels more slowly but within several days of recovery (Supplementary Figure S2). There was no indication that plants experienced an increased stress level between day DR11 and DR15 in terms of physiological parameters. It therefore seems that the present results indicate a surprisingly long lagging/lingering of stress-induced proteins during the first days of recovery. Nevertheless, the number of responsive proteins was by far the highest at DR15 (also higher than at D11), indicating that additional processes were induced, which were relevant for the recovery. It is likely that the observed increases in protein levels between DR11 and DR15 reflect metabolic adjustments necessary for repair mechanisms, which then result in a normalization of most physiological and metabolic parameters at around day DR17 (see also Wedeking et al., 2017, 2018). Specifically, the group “lipid metabolism” was almost normalized at DR15, which is in line with a normalization of leakage and MDA content observed in a previous study (Wedeking et al., 2017). A strong activation of metabolism during this period of recovery is also indicated by an increase of proteins in the categories transport, RNA regulation, redox and signaling. A transient increase in hexoses between DR11 and DR15 (Supplementary Figure S2), might also indicate activation of some sugar-responsive metabolic processes, and correlate with elevated levels of, e.g., a glutamine synthetase isozyme (EC 6.3.1.2), which is known to be responsive to sucrose stimulus (Sahrawy et al., 2004). Finally, we observed an increase in GSH transferases only on day DR15. These GSH transferases might be a part of a glutathione and ABA mediated signal transduction pathway involved in drought stress acclimation (Chen et al., 2012). Taken together, we found that the alteration of several proteins was already triggered before the onset of recovery, and within the transition from moderate to severe stress. Recovery after the onset of severe drought involved deceleration mechanisms from stress induction. The duration of this process might set a frame for the time required for full recovery and possible implications for subsequent stress responses.

A transient peak in the amount of altered proteins occurred on day DR21 of recovery. It was not dominated by a specific class of proteins, but included several proteins related to protein synthesis, signaling, RNA regulation, carbon metabolism as well as stress-related proteins. The fact that an identical transient peak was observed in a previous independent study on metabolites (Wedeking et al., 2018), suggests that this was a reproducible and active response not related to an uncontrolled external stress factor (e.g., pathogens). The simultaneous transient increase in hexoses and sucrose (Supplementary Figure S1) might suggest that the observed changes were related to the onset of re-growth. Experiments are under way to investigate the possibility that this transient activation of the metabolism during a later stage of recovery could also be a relevant component of a memory event.

Lingering Proteins Seem to Have Slow Turnover Rates and Are Not Rapidly Induced

For a targeted analysis, we focused on leaf proteins of B. vulgaris that were induced upon drought and remained significantly (p < 0.05) enhanced or even further increased over several days after rewatering, indicating an important role during drought recovery (Table 1). Notably, several proteins were also negatively affected (depleted) upon severe stress and recovery and may also be important stress regulators. Nevertheless, we selected targets that remained accumulated during drought recovery as their profiles were expected to be easier to track. Overall, 25 proteins significantly (p < 0.05) increased on day 11 of drought (D11) as well as 1 day after recovery (DR11). This observation is somewhat surprising, since previous studies have shown that sugar beet plants regain turgescence and clearly start to visually recover within 24 h of rewatering (Wedeking et al., 2017). One might therefore expect an improvement for all proteins at day 11 of recovery compared to the continued and even more severe drought at day 11. Hence, this is a first indication that gene regulation of these proteins was already induced earlier during drought (on or before day D9) as they were simultaneously found accumulating during day 11 of drought and recovery. In order to further understand the regulation of these proteins and to see whether gene induction occurred earlier, we selected three proteins significantly enhanced during drought and with different lingering performance after rewatering: 1) a phosphatidylethanolamine-binding protein (A0A0J8F906), which was already responsive at mild drought and remained significantly accumulated for the longest period during recovery, until DR17; 2) a protein similar to a salt induced protein (A0A0J8F7N2) which was most strongly enhanced during drought and remained significantly accumulated until DR13 and 3) a putative jasmonate-induced protein homolog (A0A0J8CRM6) that was lingering until DR11 with significantly increased levels. For those targets, transcript levels were investigated and profiles compared with protein abundances.

Previously, we discussed challenges of correlating transcript and protein data (Stare et al., 2017). When studying the responses to a potato virus in leaves, several mRNA and protein levels were found not well correlated, mostly concerning the strength of response. While in the previous study stronger effects were found in abundance changes for mRNA levels compared to the proteins (Stare et al., 2017), the target proteins in the present study were induced more strongly, for a longer period of time, but also delayed compared to their transcripts. All these data demonstrate the limitation of transcript data alone, especially when searching for lasting effects where the duration of a changed protein level seems of key importance. Thus, induction of transcripts and proteins during stress acclimation processes can vary in time and intensity, which favors the study of protein levels rather than transcripts in order to directly see the regulator abundance and ideally also its activity and posttranslational status if applicable.

Protein A0A0J8F7N2 is similar to a salt induced hydrophilic protein of the natural halophytes Suaeda glauca and Atriplex nummularia and thus presumably involved in salt resistance (Tabuchi et al., 2005; Jin et al., 2016). Our data suggest that it is significantly enhanced upon severe drought and not only salt and can therefore be considered a more general abiotic stress marker. While protein levels of this protein remained significantly elevated until day DR13, transcript levels were only significantly (p < 0.05) enhanced at D11, indicating a stronger accumulation of the protein, which might be explained by a lower degradation to synthesis rate compared to transcripts. Although, the mRNA levels were significantly increasing at severe drought (D11) compared to D9, this increase was not higher at protein level compared to D9, indicating a delayed protein translation with the onset of severe drought. Hence, this salt stress-induced protein was already drought induced earlier and its delayed accumulation is reflected by constant levels from D9 to D11. Further experiments are needed, however, in order to test whether endurance and accumulative properties might play a role in short drought period reiterations.

The protein sequence of A0A0J8CRM6 is similar to a jasmonate (JA) induced protein described for Atriplex canescens, an indeciduous shrub. Several homologs of JA induced proteins, which are enhanced during drought, can be found in the high loadings list of IC1 together with several late embryogenesis abundant proteins within the most prominent functional category stress (Supplementary Table S3). However, this protein was the only one of all JA induced isoforms that remained elevated for several days after rewatering. JA is involved in many regulatory processes such as abiotic and biotic stress responses (Sofo et al., 2016). As a phytohormone, it seems evident that minor changes in JA concentration must lead to a fast response of the transcript and subsequently the metabolism. Here, the transcript levels significantly but transiently increased at D11, implying that JA induced responses were triggered under severe stress. In contrast, protein levels were accumulated significantly and to a higher degree on day D11 and reached their peak only on day DR11, indicating that an initial signaling must have occurred during the onset of severe stress (probably at day 10) and thus transcript and protein were simultaneously induced before day 11 and regardless of the varying water status at day 11. It seems that overall, the phytohormone (JA) to protein signaling, for both induction as well as degradation, occurred more rapidly, compared to the other targets. This is further supported by the fact that this protein returned to control levels fastest and was not significantly accumulated from D13 onwards. Hence, this protein seems to be a quick responder and might therefore be rather involved in signaling of severe drought stress.

A totally different response pattern was observed for the third target protein A0A0J8F906, representing a phosphatidylethanolamine-binding protein (PEBP). The delayed accumulation and depletion (negative transcript to protein correlation) of this protein with respect to its mRNA indicates a slow protein turnover process described by delayed synthesis as well as degradation rates. PEBP is a serine protease inhibitor (Hengst et al., 2001) that is involved in signaling mediation via association with phosphorylated proteins in tomato (Pnueli et al., 2001). These findings support its involvement in post-translational regulation. It was also reported to control flowering and stem architecture (Banfield et al., 1980) and the timing of the switch from vegetative to reproductive development (Bäurle and Dean, 2006). We found it only slightly decreasing with age in the leaves of control plants (d9 – d23), but as to how this might be related to the timing of development remains unclear. Interestingly, PEBP is also associated with a drought stress responsive gene-network in rice (Smita et al., 2013). Compared to the other two target proteins, PEBP remained significantly (p < 0.05) accumulated until DR17, possibly indicating that it is a regulator specifically during recovery. Furthermore, PEBP might be a good candidate for further studies on stress memory effects leading to improved drought tolerance.

These three candidates have been chosen randomly from those that were functionally characterized in the target list (Table 1). However, other targets of this list, such as late embryogenesis abundant (Lea) proteins, are also well known drought responsive proteins (Magwanga et al., 2018). In addition, a gene of an Octicosapeptide/Phox/Bem1p (PB1) domain-containing protein has been described to be drought responsive and regulated by at least three plant hormones (Huang et al., 2008). The function of most of these target proteins have, however, thus far not been characterized. Hence, the findings of this study strongly indicate that these proteins are involved in drought stress regulation, especially during recovery.

Altogether, our data indicate that lingering proteins, such as PEBP, seem to have a rather slow turnover rate leading to decelerated accumulation and degradation compared to their transcripts. This would explain why some proteins involved in drought stress recovery (or even stress memory) may only be found by proteome analysis, because they are not well or even negatively correlated to their transcript levels.



CONCLUSION

Taken together, we found evidence for a delayed protein response at the transition from moderate to severe drought stress, which seems to be preassigned at genome/transcript level already day(s) before. This delayed protein response reaches similar intensities at severe drought and initially after recovery and is, hence, independent on transcript levels and the actual water status of the plant. After rewatering, induced stress response processes are decelerated. This includes that several proteins remain in position or increase/decrease even further for a period of several days after recovery before their levels return to control levels. We propose that some of these lingering proteins might be involved in drought stress memory effects. The approach used in this study, applying in depth phenotyping along a drought stress transition state by integrating different techniques, is thus far unique. Hence, the suite of proteins, presented here, are interesting candidates for future experiments on reiterative drought stress scenarios and for studying the functions and regulatory processes involved in stress recovery and possible stress imprints.
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FIGURE S1 | Time course of different physiological parameters (RWC: relative water content; OP: osmotic potential; EL: electrolyte leakage) and metabolites (hexoses: sum of fructose and glucose) during stress and recovery. Values represent ratios of stressed to control plants of the same day. Asterisks indicate statistically significant differences (controls versus treatment), ∗p < 0.05 (Kruskal-Wallis), n = 4.

FIGURE S2 | Venn diagrams of the numbers of statistically (p < 0.05; Kruskal-Wallis) significantly changed proteins overlapping between D9, D11 and DR11.

TABLE S1 | Information about the selected RNA primers of the target proteins used for qPCR.

TABLE S2 |Beta vulgaris leaf proteomics data. Identified proteins, mapped functional categories, ratio of mean LFQ intensities per paired comparison of treatments (n = 4) and ANOVA (p-val < 0.05 green; FC–ratios > 2 red; FC–ratios < 2 yellow ); “not valid” if too many missing values for statistics in one of the treatments (n < 4).

TABLE S3 | List of highest loadings for IC1 (a) and IC3 (b) corresponding to ICA, Figure 3.



FOOTNOTES

1 http://www.plabipd.de/portal/mercator-sequence-annotation
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The Mediterranean basin is especially sensitive to the adverse outcomes of climate change and especially to variations in rainfall patterns and the incidence of extremely high temperatures. These two concurring adverse environmental conditions will surely have a detrimental effect on crop performance and productivity that will be particularly severe on woody crops such as citrus, olive and grapevine that define the backbone of traditional Mediterranean agriculture. These woody species have been traditionally selected for traits such as improved fruit yield and quality or alteration in harvesting periods, leaving out traits related to plant field performance. This is currently a crucial aspect due to the progressive and imminent effects of global climate change. Although complete genome sequence exists for sweet orange (Citrus sinensis) and clementine (Citrus clementina), olive tree (Olea europaea) and grapevine (Vitis vinifera), the development of biotechnological tools to improve stress tolerance still relies on the study of the available genetic resources including interspecific hybrids, naturally occurring (or induced) polyploids and wild relatives under field conditions. To this respect, post-genomic era studies including transcriptomics, metabolomics and proteomics provide a wide and unbiased view of plant physiology and biochemistry under adverse environmental conditions that, along with high-throughput phenotyping, could contribute to the characterization of plant genotypes exhibiting physiological and/or genetic traits that are correlated to abiotic stress tolerance. The ultimate goal of precision agriculture is to improve crop productivity, in terms of yield and quality, making a sustainable use of land and water resources under adverse environmental conditions using all available biotechnological tools and high-throughput phenotyping. This review focuses on the current state-of-the-art of biotechnological tools such as high throughput –omics and phenotyping on grapevine, citrus and olive and their contribution to plant breeding programs.
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IMPACT OF CLIMATE CHANGE ON THE MEDITERRANEAN AREA: A FOCUS ON TRADITIONAL AGRICULTURE AND ITS ECONOMIC IMPORTANCE

Climate change is defined as identifiable long-term changes in the state of the climate, such as increased temperatures, atmospheric CO2 levels, precipitations, etc. (Korres et al., 2016). It is also important to note that although there are several natural causes behind climate change that occurred over Earth’s history, the ‘Climate Change’ concept refers to variations in climatic patterns occurring over the last century and caused by anthropogenic activities that release greenhouse gasses (e.g., CO2, CH3, NO2, etc.). Studies on climate change over the last two decades have rendered consistent projections that predicted a net increase of average temperatures and a significant variation in the patterns of precipitation (Lobell and Gourdji, 2012). Despite changes in the climatic patterns differ among world regions increasing evidence points that the Mediterranean area will be one of the most sensitive to the effects of climate change, the primary effects of which will be a decrease in rainfall and a sharp increase in temperatures (IPCC, 2014; Korres et al., 2016).

The increase in summer temperatures is projected to be very large in south-western parts of Europe (exceeding 6°C in some parts of France and the Iberian Peninsula) by the end of the 21st century. Annual rainfall is expected to decrease by 10% in this area compared with values recorded in the period comprising years 1961–1990 (Olesen et al., 2011).

These adverse conditions will influence productivity by affecting overall plant performance but also influencing phenology (especially relevant to perennial crops). To this respect, alteration of the climatic patterns leading to an extended growth season with no quiescence period (cold season) could dramatically reduce productivity and/or quality of the production (Gordo and Sanz, 2010). Nevertheless, not all changes in the environmental conditions pose a threat, an example being increased atmospheric CO2 fertilization and the extension of growing season which could improve yields in some species or circumstances (Kimball, 2016).

Regarding the effects of increasing average temperatures on perennial cropping systems, it is important to note that the severity of the effects will depend on the phenological state: (a) in winter, these increases will affect early phenological events such as flower bud induction, (b) in spring, elevated temperatures could affect the persistence of already developed flowers and (c) during the fruit development phase, comprising fruit expansion and maturation, higher temperatures coupled to extreme isolated events could affect final yield and quality as well as plant performance (Figure 1).
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FIGURE 1. Summary of changes in phenology and fruit quality in grapevine, citrus and olive in response to drought and high temperatures derived from climate change conditions. Black arrows indicate advances in the phenological state, blue–red coloring in the month scale indicates incidence of high (red) and low (blue) temperatures.



Changes in atmospheric CO2 concentrations will be accompanied by severe water limitation and increases in average temperatures, posing several stress combinations with different outcomes (Zandalinas et al., 2017). For instance, Medlyn (2011) showed that stomatal conductance and transpiration in woody plant species could decrease up to a 21% in parallel to CO2 concentration rise, implying an increase in water use efficiency and subsequently an improvement of plant performance under water stress conditions. However, a concomitant increase of ambient temperature will increase evapotranspiration. Under these circumstances, the potential gain in yield caused by the higher CO2 levels (Vara Prasad et al., 2005) would be compensated and even turned in net losses due to the negative effect of high temperature once the optimum values are surpassed (Fares et al., 2017; Zandalinas et al., 2017). Therefore, the identification of traits associated to greater yields under high ambient CO2 constitute a desirable breeding target in order to compensate losses due to episodes of extremely high temperatures (Bunce, 2017).

The influence of changes in CO2 and temperature on plant performance and/or productivity is genotype-dependent. Comparing responses of rice, soybean and citrus to combined high CO2 and temperature, (Baker and Allen, 1993) showed that citrus displayed the greatest increase in growth due to enhanced water use efficiency and photosynthetic rate associated to CO2 enrichment. More recently, Vu et al. (2002) showed that ‘ambersweet’ orange trees grown at high CO2 (720 ppm) and temperature (up to 6°C above ambient) showed improved overall photosynthetic rate suggesting a good acclimation capacity of citrus to climate change conditions. In grapevine, FACE experiments (Free Air CO2 Enrichment) had shown that increased CO2 may stimulate wine grape production without causing negative repercussions in table grape or wine quality (Bindi et al., 2001; Moutinho-Pereira et al., 2009). Similarly to citrus, the combination of high temperature and CO2 had no deleterious effect in grapevine yield (Kizildeniz et al., 2018), contrary to water stress that significantly affected yield when applied along with elevated temperature. The available reports on olive trees indicate a similar behavior to atmosphere CO2 enrichment (Tognetti et al., 2002).

Crop productivity in Southern Europe is already limited, mainly due to water scarcity and elevated temperatures. Taking as an example the heat wave that occurred in 2003, with temperature rises of 3–5°C and annual precipitation deficit of 300 mm that led to a decrease in gross agricultural production over a 30% in Europe, it is likely that climatic conditions similar to those of the year 2003 will be more frequent in the future (Samaniego et al., 2018).

Besides the decrease in productivity and plant performance, alterations in fruit quality will also impact farmers’ income and competitiveness. Harvesting periods of certain fruit varieties (e.g., citrus) are established in relation to their optimal ripening and so are the farmers’ efforts and distribution networks. This is likely to be dramatically altered by climate change conditions (Fitchett et al., 2014). To this respect, alteration in the climatic patterns, defined by the alternation in cold and warm periods, has already had a significant effect on flowering and ripening of several perennial species (Figure 1), in some cases occurring 2 or 3 weeks earlier than in previous cropping seasons (Fitchett et al., 2014).

This review focuses on three major woody crops from the Mediterranean area: grapevine, olive and citrus. Despite having diverse botanical origins, their impact on Mediterranean region has shaped economy and culture for centuries. These iconic fruit crops face the challenge of remaining productive delivering the highest quality in a climate change scenario. This can be achieved following two strategies: one aimed at optimizing the available natural resources and the other at providing novel plant material better adapted to unfavorable conditions.

(a) Irrigation management, which aims at improving the efficiency or the volume of water used by the plant in relation with the total amount applied, and also water productivity, the ratio between crop yield and water used, which is normally increased by applying less water than the potential evapotranspiration demand of the crop. However, this reduction needs to be carefully applied to maintain yield (Fereres and Soriano, 2007). For Mediterranean woody crops, deficit irrigation not only enhances water productivity as it decreases transpiration, but also improves fruit quality and reduces excessive vegetative growth (Fernández et al., 2018).

(b) Breeding programs for drought-tolerant cultivars. The recent advances in phenotyping and genomics offer the possibility to find new cultivars that can achieve acceptable yields with less water. However, improvement in tolerance to water deficit is particularly elusive due to the complexity of plant responses to drought, in particular concerning with grain and fruit yield. A correct definition of the drought scenario and the crop species physiology under drought is crucial for an efficient selection (Tardieu et al., 2011). Once determined the key processes conferring drought tolerance for a certain species in the target drought scenario, the genes associated to those processes can be identified to assist in breeding. This highlights the role of crop ecophysiology in modern breeding for drought tolerance, which is often neglected (Lawlor, 2013).

In the following lines, the state-of-the-art of the application of biotechnological tools to boost up breeding programs to produce more resilient plant material will be reviewed and discussed.



GRAPEVINE, CITRUS AND OLIVE, TRADITIONAL MEDITERRANEAN WOODY CROP SPECIES

Grapevine

The grapevine (Vitis vinifera) belongs to the family Vitaceae. The Vitis genus includes about 60 species distributed in Europe, North America, and Asia under temperate Mediterranean and subtropical climatic conditions. Vitis is separated in two subgenera, Euvitis and Muscadinia characterized by different chromosome number (2n = 38 and 2n = 40, respectively). Sexual compatibility is wide within each subgenus but most of the inter-sub-generic hybrids are sterile. Nearly all grape cultivars produced for fruit, juice and wine are classified as Vitis vinifera L. subsp. vinifera (or sativa) or are hybrids of V. vinifera. Current knowledge points toward its domestication from the wild relative of the same species: Vitis vinifera L. subsp. sylvestris (Gmelin) Hegi (This et al., 2006; Mihaljević et al., 2013). Other Euvitis species such as V. rupestris, V. riparia or V. berlandieri exhibit significant resistance to Phylloxera, Oidium, and mildews and are used primarily for rootstock breeding. It is believed that the domestication of grapevine originated in a region located between Black Sea and Iran 6,000–9,000 years ago (Myles et al., 2011). From this spot, it spread toward Middle East and Central Europe which are nowadays considered secondary domestication centers resulting from gene flow between wild and cultivated gene pools (Arroyo-Garcia et al., 2006; Myles et al., 2011; Bouby et al., 2013). In the Mediterranean Basin, grape spread gradually westwards (Terral et al., 2010), with the most ancient evidence of viticulture found in Greece and Crete (fifth millennium BC), then in Italy (ninth century BC) and Spain (early within the last millennium BC). The French viticulture appears to be more recent (600 years BC).

Winegrapes are among the most profitable crops with a global market value of 30 billion1 €. The most widespread winegrape varieties are: Cabernet Sauvignon, Chardonnay and Pinot Noir that are clonally propagated subsequently showing little genetic diversity among them. Winemakers are bound to deliver a very specific product and changes in climatic conditions make necessary to adjust management practices, variety or even the clone within a variety, to satisfy consumer demands (Van Leeuwen et al., 2004). Aside from yield, final grape biochemical composition, in terms of metabolite concentration, largely depends on climatic conditions, as summarized in Kuhn et al. (2014).

Winegrape phenology is also very sensitive to climate change. Indeed, the timing of phenological events has changed between 1 and 2 weeks over the past decades (Wolkovich et al., 2017 and references therein). Regulation of timing of phenological events is a complex trait influenced by climate (determined by a subset of environmental cues), genetics, and a complex interaction of both factors. However, climate and more specifically temperature is the dominant factor controlling the pace of phenological events (de Cortázar-Atauri et al., 2009) within each cultivar (Wolkovich et al., 2017). The main phenological events linked to overall production and quality in grapes are (i) budburst, that requires daytime temperatures above 10°C to initiate growth, (ii) flowering that is generally accelerated by high temperatures, (iii) veraison (or color break) followed by (iv) ripening, these two being positively regulated by high temperatures although excessive exposure to high temperatures can be detrimental, and, finally, (v) maturity, that is determined by sugar accumulation, for which temperature is critical setting the optimal harvest date (Figure 1). Martínez-Lüscher et al. (2016) evaluated the sensitivity of grapevine at different phenological stages to environmental conditions associated to climate change. According to their results, thermal time models seem to predict very accurately early phenological phases (budburst and flowering), but, as the growing season advances, other factors such as different cultural practices and water availability influence the timing of phenophases. According to Ferrise et al. (2013), the sequence of developmental processes will be accelerated advancing phenological phases, such as budbreak, flowering or ripening, with values ranging from 8 to 15 days. In general, the reproductive phase was the most affected resulting in shorter periods by an average of 6 days.

Citrus

Citrus belong to the Rutaceae family, Aurantioideae subfamily. Most of the cultivated citrus species are part of the Citrus genus (Tanaka, 1961; Swingle and Reece, 1967). Molecular studies (Nicolosi et al., 2000; Barkley et al., 2006; Garcia-Lor et al., 2013; Curk et al., 2015, 2016) and recent genomic studies (Curk et al., 2014; Oueslati et al., 2017; Wu et al., 2018) provided a clear understanding of the evolution of cultivated Citrus, revealing the existence of four ancestral taxa: [Citrus maxima (Burm.) Merr. – the pummelos, Citrus medica L. – the citrons, Citrus reticulata Blanco – the mandarins and Citrus micrantha Wester a wild papeda species]. The other cultivated species [Citrus aurantium L. – sour orange, Citrus sinensis (L.) Osbeck – sweet orange, Citrus paradisi Macf. – grapefruit, Citrus limon (L.) Burm. F. – lemon and Citrus aurantifolia (Christm.) Swingle – lime] resulted from recombination among ancestral taxa. Several genera (Poncirus, Fortunella, Eremocitrus, Microcitrus, and Clymenia) are sexually compatible with Citrus species and constitute the true citrus group (Swingle and Reece, 1967). They have interest as parentals for rootstock breeding due to their tolerance traits to several abiotic stresses and diseases. Citrus species were domesticated in Southeast Asia several thousand years ago. The first species known in the Mediterranean was Citron, probably introduced by Alexander the Great to Persia and Greece from India. Old mosaics show that the Romans may have known lemon fruits around 100 years BC. Citrus were then spread throughout Europe and North Africa during the expansion of the Arabic empire. Citron, sour orange, lemon, lime, and pummelo are described in tenth and eleventh century books from Spain. Modern types of sweet oranges were introduced in Europe by the Portuguese in the early sixteenth century. The introduction of mandarins is more recent (early nineteenth century). The Mediterranean Basin is considered a secondary area of Citrus diversification, particularly important for sweet oranges and lemons (Aubert, 2001).

Irrigation requirements for Citrus production in the Mediterranean area are relatively high (Carr, 2012). In this sense, water management in the last decades has improved partly as a result of the implementation of drip irrigation. Compared with traditional surface irrigation techniques, drip irrigation allows a more accurate control of watering and optimizes water usage without a significant decrease in production. Moreover, drip irrigation facilitates management of spontaneous weeds and optimal fertilization (Carr, 2012).

At present, Mediterranean citrus fruit production and commercialization is focused on delivering the maximum fresh fruit quality, including external appearance (such as shape, texture, and color) and taste characteristics (sugar content, acidity etc.) as the main quality traits that must fit stringent parameters to successfully reach the market. To accomplish this goal, citrus production has been subjected to extensive technification including the accurate selection of genotypes to be used as rootstocks, providing adequate yield and plant performance traits to the grafted variety.

A warmer climate will affect fruit metabolism in terms of yield but also influence internal quality in several ways. High average temperatures increase sugar content and reduce acidity. This is probably linked to enhanced photosynthetic and fruit sink activities along with citric acid metabolism (Albrigo, 2004; Cercós et al., 2006). The ratio between total titrable acidity (TTA) and total soluble solids (TSS) is the main parameter used to determine optimal fruit maturity for harvesting. Hence, the adequate balance between sugars and citric acid, confers the characteristic flavor of citrus in temperate world regions in clear contrast to those produced in tropical areas (Albrigo, 2004). Moreover, external fruit quality is also affected in tropical climates increasing the occurrence of bigger fruits with smoother surfaces and lower rind color intensity (Reuther and Rios-Castaño, 1969). The development of an optimal external quality requires cooler fall/winter temperatures, whereas optimal pulp and juice quality is usually associated to temperate climates with warmer winters and higher relative humidity (Reuther, 1973).

Final fruit yield and quality in citrus depend on a series of concatenated processes, flowering, fruit set and fruit growth and development that are particularly affected by climate change conditions. Sprouting in citrus is independent of the air temperature so it can happen at any moment of the year if soil temperature is above 12°C. Under typical Mediterranean conditions, there are three sprouting events during the year (spring, summer, and fall). Spring flushes generate flower and fruit-bearing branches after flower bud induction during winter (Garcia-Luis et al., 1995). Flower bud induction is linked to environmental factors such as drought and cool temperatures (below 20°C), this latter being the primary factor. In citrus, the key phenological events in determining final fruit yield are bud floral transition and initial fruit set, that take place during winter and spring in temperate climates. Most cultivated citrus varieties are parthenocarpic or autoincompatible, therefore requiring pollination to initiate ovary-fruit transition but without fertilization of ovules (Talon et al., 1992). Climate change models predict average temperature rises between 2.6 and 4°C by the end of the 21st century, that will likely delay flowering and reduce flower number (Albrigo, 2004). Increases in winter average temperatures will definitely affect flower bud induction and reduce the number of reproductive branches on spring. As a result, number of flowers could be drastically reduced, increasing the chances of suffering heat stress and massive flower drop (Albrigo and Saúco, 2004).

The effect of high temperatures during fruit set, which has a direct influence on final production and quality, has not been extensively studied. Nevertheless, higher fruit drop rates are an expectable consequence of elevated temperatures during May–June. Fruit set is regulated by a series of factors (number of flowers, competition between reproductive organs, plant hormones, and crop load) that are, to some extent, manageable. Efficient fruit set appears to be a result of a complex interplay of several plant hormones (Iglesias et al., 2007), the activity of which can be mimicked by exogenous treatments. On the other hand, environmental factors, such as high temperatures that increase evaporative demand, cannot be controlled and need to be overcome by the available means (Iglesias et al., 2007).

Changes in phenology derived from climate change are possibly the most important factor affecting citrus production in terms of marketability and profitability. Variations in the climatic patterns of citrus-producing areas will drastically influence tree phenology, flower and fruit development as well as its organoleptic composition (Figure 1). Final fruit size is primarily determined during phase II of fruit development and it is associated to cell elongation, it is inversely correlated with number of competing fruitlets and also air temperature, as it regulates transpiration and, hence, water absorption. Optimal temperatures for enhancement of fruit growth rate appear to be in the 20–25°C range, temperatures outside this range will cause a reduction in fruit size either by slowing down growth rate or by increasing competition between developing fruitlets (Reuther, 1973). To this respect, soil moisture is also important to fruit growth rate throughout all stages of fruit development but particularly during early development. Flowering and fruit expansion characteristics need to be understood in relationship to fruit maturation and anticipated quality to maximize quality in subtropical-to-tropical climates.

Olive

Olive (O. europaea L.) is part of the Oleaceae family. The Olea genus includes 33 species and 9 subspecies (Green, 2002), six being in the O. europaea species and displaying specific geographical distributions: Olea europaea subsp. europaea (Mediterranean Basin), O. europaea subsp. cuspidata (from South Africa to South Asia), O. europaea subsp. laperrinei (Saharan mountains), O. europaea subsp. maroccana, O. europaea subsp. cerasiformis, and O. europaea subsp. guanchica (Macaronesia). Cultivated and wild relative Mediterranean olive species are relatively defined as O. europaea subsp. europaea var. europea and O. europaea subsp. europaea var. sylvestris. Archaeobotanical and molecular studies suggested that domestication occurred five to six thousand years ago in the Middle East (Besnard et al., 2018). Secondary diversification of the crop followed the oleiculture diffusion over the whole Mediterranean basin (Besnard et al., 2001). However, whether multiple or single domestication events occurred is still under debate (Diez et al., 2015).

Propagation of olive trees has been traditionally carried out vegetatively by cuttings, although grafting of elite varieties on appropriate rootstocks is nowadays attracting interest as a tool to develop new groves with high density plantations. Indeed, grafting of well-established and -adapted cultivars on dwarfing rootstocks appears a good alternative to develop new cultivars suitable for high-density planting (Rugini et al., 2016). Unfortunately, the availability of such rootstocks is very limited and only a few accessions are currently under investigation (Rugini et al., 2016).

Olive trees have been domesticated for the past six millennia (Kaniewski et al., 2012), and olive oil, together with wine, are typical agricultural products linked to historic Mediterranean civilizations. Although traditional olive tree cultivation was carried out in sparse rain-fed tree plantations with 100–300 trees per hectare, in the last two decades modern intensification techniques are quickly changing the aspect of orchards, which are now planted at high density, with intensive irrigation and fertilization management (Tous et al., 2008). While improvements in cultivation techniques have led to large increases in olive oil production, prices are decreasing and, since input costs are steadily growing, the profitability of many olive plantations is at risk (Rodriguez Cohard et al., 2017). Climate change might exacerbate these issues as it is expected to reduce yields by 3.5–7% (Ronchail et al., 2014).

Unlike other crops cultivated in the area, olive trees originated and diversified in the Mediterranean basin (Besnard et al., 2018) subjected to its typical climate characterized by hot and dry summers and high inter-annual rainfall variability. Therefore, physiological and phenological characteristics are well suited to this type of climate (Connor, 2005). Moreover, despite of this restricted geographical origin, it has been suggested that several independent, disperse and widely spread domestication events could have led to the selection of locally adapted genotypes and the existence of a high number of olive varieties (Lavee and Zohary, 2011).

As in other fruit crops, reproductive development is one of the main agronomical features that will be affected by climate change. Climate conditions before and during flowering and fruiting are of pivotal importance, first determining the number of flowers, initial fruit set and, subsequently, fruit yield. In olive trees, temperature and rainfall between autumn and spring (pre-flowering and beginning of flowering periods) determine the abundance and phenology of flowering (Aguilera and Valenzuela, 2012). Different flowering models coupled with climate predictions show that by the end of the 21st century, flowering could be anticipated by 10–17 days due to increasing temperatures during the pre-flowering period (Aguilera et al., 2015; Gabaldon-Leal et al., 2017). This could be advantageous, since shifting the critical flowering time frame from the warmer to the cooler periods would reduce heat-induced flower drop and, hence, increase the fruitlet success rate. However, within the current distribution area of olive tree orchards this might not be enough to cope with increasing temperatures during flowering in the southernmost locations, as the expected rise in spring temperatures and especially during flowering can have a deleterious impact on olive production (Gabaldon-Leal et al., 2017). Olive trees produce two types of inflorescences: perfect or hermaphrodite and imperfect or staminate, containing only a residual atrophied pistil. In a recent work, a 4°C temperature rise caused a reduction in the percentage of perfect flowers and fertile inflorescences as well as fruit set (Benlloch-González et al., 2018). Flowering seems to be controlled by both genetic and environmental factors (Moreno-Alias et al., 2012). To this respect, selection of early-flowering varieties could constitute an alternative to adapt olive production to climate change in particularly sensitive areas.

Water scarcity due to rainfall reduction is the other main threat to olive production. Water stress not only has a negative impact on flowering but also reduces stomatal aperture and carbon assimilation (Hernandez-Santana et al., 2017). At present, intensification is rapidly shifting the cultivation method from extensive rain-fed groves to irrigated orchards; therefore, the forecasted reduction in water availability will require the generalization of water-saving irrigation techniques. To this respect, regulated deficit irrigation can save considerable amount of water in high-density orchards without significant yield penalty (Gomez-del-Campo, 2013). Hence, alternating partial root-zone drying, in which a reduced amount of water is applied to half of the root system, switching sides periodically, can increase notably water use efficiency in olive trees, being alternation timing a key factor in determining the results (Wahbi et al., 2005). The implementation of new, more precise, irrigation scheduling tools as well as the generation of new knowledge on physiological responses to water deficits might contribute to improve the efficiency of this strategy (Fernández et al., 2018).

Olive tree actually constitutes an interesting model woody crop species to study physiological responses to drought under Mediterranean climate for several reasons: (1) the domestication of olive tree was carried out under Mediterranean conditions, where it adapted remarkably to cope with soil and air water deficits, combining an effective control of water losses with high tolerance to desiccation (Díaz-Espejo et al., 2018), (2) it constitutes an important income crop in Southern Europe (comprising countries such as Spain, Italy, Greece, etc.); therefore, a great deal of information on stress responses at the plant performance and productive levels is available (Fernández, 2014), (3) its genome has already been sequenced (Unver et al., 2017). This information can be used to design effective tools for irrigation scheduling based on tree physiology (Aguero Alcaras et al., 2016; Aissaoui et al., 2016; Hernandez-Santana et al., 2016) and attain genotype selection based on genetic makers (Sebastiani and Busconi, 2017). However, despite the abundant information existing on drought tolerance traits among different cultivars (Guerfel et al., 2009; Trentacoste et al., 2018), crop species with long life cycles pose difficulties for breeding. This, along with the high adaptation of the species to the local climate, has probably discouraged breeding for drought tolerance in this species.

Plant-Pollinator Interaction Under Climate Change Conditions

Climate change affects plant and animal phenology, their interaction, demography as well as their distribution in natural habitats. To this respect, the effect of global warming on the plant-pollinator interaction through variations in their phenology and range (Morton and Rafferty, 2017) is of special relevance in agronomy. As mentioned above, pollination is of crucial importance in determining fruit yield in grapevine and olive (Benlloch-González et al., 2018) and, to a lesser extent, in citrus, particularly in autoincompatible genotypes such as mandarins (Talon et al., 1992). Unfortunately, this has been poorly investigated in woody crop species, but in ephemeral spring weeds, a clear de-synchronization has been observed between flowering and the incidence of their natural pollinators, bumble-bees, leading to a phenological mismatch and a reduction in reproductive success (Kudo and Ida, 2013). In addition to potential phenological mismatches between crop plants and pollinators, changes in pollinator-flower preferences are likely to occur due to increasing ambient temperature. Several studies have shown that bees prefer to collect warm nectar from flowers at low ambient temperatures, but when air temperature rises above 30°C, they usually switch their preferences to cooler flowers (Shrestha et al., 2018). For all these reasons, it is important not to disregard the effects of climate change on insect pollinators: their population trends and phenology in the equation, besides the direct effects on woody crops.



SELECTION OF IMPROVED CULTIVARS

Plant breeding is an important way to improve crop adaptation to abiotic stresses in the context of global climate change. At the commercial level, all three woody crops are propagated vegetatively. Therefore, any elite genotype can be clonally multiplied irrespective of the complexity of its genomic structure. For a long time, this clonal selection was based on natural bud sprouts identified in the field. Today, many modern breeding projects rely on sexual reproduction to exploit favorable traits identified in germplasm accessions, but these initiatives are hampered by the extended juvenile phase existing in most woody perennial plants (Warschefsky et al., 2016). Olive trees present the longest juvenile period of all three species, requiring more than 12 years after seed germination to induce flowering (Santos-Antunes et al., 2005). Grapevine displays the shorter juvenile phase, up to 3 years, which is morphologically characterized by the absence of tendrils in the first 9–15 nodes (Mullins et al., 1989). Most cultivated citrus species exhibit an intermediate behavior, requiring 4–8 years to start flowering, depending on the genotype and environmental conditions (Ollitrault and Navarro, 2012). In most fruit woody crops, rootstock selection constitutes an essential component in pest and disease resistance and also for plant adaptation to various abiotic stresses and particularly water deficit, soil quality, or cold (Warschefsky et al., 2016). Rootstock breeding offers the possibility to expand the selection objectives and criteria in order to adapt elite cultivars to different environmental and soil conditions.

Breeding Objectives and Traditional Breeding Methods

Grapevine

Hybridization between Euvitis species is efficient, opening the way for a large germplasm exploitation. The number of V. vinifera cultivars is estimated to be close to 5,000 and large germplasm collections are managed in most grape-growing countries (Reisch et al., 2012). Some breeding objectives are common for wine and table grapes, concerning mainly disease resistances and adaptation to organic and sustainable viticulture, for which hybrids within V. labrusca germplasm collection are used. Although not very widespread among grapevine-producing regions, adaptation to very cold temperatures (-20 to -35°C) is key in certain cultivation areas and, hence, considered in their respective breeding programs. For wine grape, the important traits are (a) the adaptation to vinification, and (b) aroma and flavors since these traits can be unfavorably affected when using other species than V. vinifera for breeding. For table grapes, the absence of seeds in berries is an important trait as well as the extension of the harvesting period. Rootstock breeding constitutes also an essential aspect in grapevine management and production. Adequate rootstock selection allows transferring resistance traits to the grafted variety such as soil-borne pests and diseases (including the damaging Phylloxera), nematodes, etc. In addition, rootstock provides several vigor and developmental advantages. Moreover, adaptation of plants to varying soil conditions and other abiotic constraints predominant in the Mediterranean region is also mediated by rootstock (Pavlousek, 2011). As an important constraint for agriculture, significant progress has been made toward the identification of phenotypical traits associated with water stress tolerance of grapevine rootstocks (Marguerit et al., 2012; Barrios-Masias et al., 2015). Indeed, several studies demonstrated the positive role of drought-tolerant rootstocks on the control of the scion leaf stomatal conductance and canopy transpiration (Serra et al., 2014).

Citrus

The agro-morphologic variability of citrus is very large. Several sources of tolerance to abiotic stresses have been identified (Krueger and Navarro, 2007): tolerance to salinity of Rangpur lime (Citrus limonia Osb.), Citrus macrophylla Wester and Cleopatra mandarin (Citrus reshni Hort. Ex Tan.); tolerance to water deficit of Rangpur lime (C. limonia Osbeck) and the Microcitrus and Eremocitrus species; tolerance to iron chlorosis of Rough lemon (Citrus jambhiri Lush), C. macrophylla Wester, Volkamer lemon (C. limonia Osbeck), and C. amblycarpa (Hassk.) Ochse, cold tolerance of satsuma mandarins (Citrus unshiu Marc.), Kumquats (Fortunella sp.) and trifoliate orange, Poncirus trifoliata (L.) Raf. This variability opens very broad prospects for the exploitation of citrus genetic resources for adaptation breeding particularly at the rootstock level (Cimen and Yesiloglu, 2016). The facultative apomixes of many citrus species allow clonal rootstock propagation by seed and contributed to the generalization of grafting in the citrus industry. Sexual breeding programs carried out in Florida by the end of the 19th century provided several intergeneric (Citrus × Poncirus) hybrids, still used nowadays as rootstocks in many countries. These include some citrumelos (C. paradisi × P. trifoliata cvs. Swingle, Sacaton and 4475) and, particularly, the citranges (C. sinensis × P. trifoliata cvs. Troyer, Carrizo and C-35). However, most of them present some susceptibility to adverse abiotic conditions (alkalinity, salt), urging the development of a new range of intergeneric (Citrus × Poncirus) hybrids. Crosses between mandarins and trifoliate orange appear very promising to combine tolerances to abiotic and biotic constraints both by sexual breeding or somatic hybridization (Dambier et al., 2011).

Olive

Due to the high success of the selected varieties in the local climate and under the traditional extensive rain-fed cultivation techniques, genotypic selection has not been as efficient as in the rest of woody crops reviewed here, and most of the new cultivars recently released are clones of traditional varieties (Lavee, 2013). However, the challenges posed by climate change and, in particular, the new intensive methods of cultivation, urge the introduction of new varieties better adapted to the coming climate conditions. For instance, traditional varieties with low vegetative vigor seem to be better suited for high-density cultivation in hedgerows (Tous et al., 2008), opening the possibility to use these genotypes for breeding of new varieties and rootstocks adapted to this type of cultivation (Rugini et al., 2016). Diploid and tetraploid dwarfing rootstocks have been used to reduce total plant height as well as maintaining oil quality, making them interesting candidates for intensive cultivation. Olive tree germplasm resources encompass more than 1,500 cultivars with wide genetic diversity that could be useful for conventional breeding to improve stress tolerance (Baldoni and Belaj, 2010). The most amenable wild germplasm resource to exploit is O. europaea subsp. europaea (Klepo et al., 2013) bearing several abiotic stress tolerance traits (Romero-Aranda et al., 1997; Mulas, 1999; Baldoni et al., 2006), as well as improved resistance to several pests and diseases (Ciccarese et al., 2002; Mkize et al., 2008). However, the use of wild germplasm resources for olive tree breeding is still very limited (Besnard et al., 2001; Caceres et al., 2015). At present, the main breeding objectives are to select new cultivars and rootstocks with adaptation to different adverse environmental conditions and to implement modern farming practices in order to meet consumers’ demands for oil production and olives for fresh consumption (Medina et al., 2012; Diez et al., 2015). The Gene Pool Method (GPM) was recently applied to olive tree breeding in order to integrate a broader diversity; it is based on information from phylogeny, domestication, and hybridization affinity among cultivated, wild ecotypes, and other Olea species (Rugini et al., 2016).

Bridging Genotype and Phenotype; Toward Marker Assisted Selection (MAS) and Genomic Selection (GS)

Recent advances in genomics are expected to greatly improve the efficiency of plant breeding for the intensification of agriculture under environmental constraints, thus increasing resilience of crops to climate change (Morrell et al., 2011; Abberton et al., 2015; Scheben et al., 2016). It will be particularly useful for efficient exploitation of adaptation traits present in germplasm accessions (Huang and Han, 2014) and to expand the gene pool for crop improvement (Brozynska et al., 2016). For the three woody crop species included in this review: grapevine, citrus and olive, rich germplasm collections exist, including commercial varieties and wild relatives (Arroyo-Garcia et al., 2006; Krueger and Navarro, 2007; Sebastiani and Busconi, 2017). Moreover, these three species have already been sequenced, further expanding the possibilities for the identification of candidate tolerance genes and contributing to bridge genotype and phenotype for adaptation traits.

The identification of molecular markers linked to tolerance to climate change becomes essential to efficiently drive breeding projects targeting Mediterranean crops. Quantitative Trait Loci or QTLs analysis and genetic association studies are based on genetic linkage (low recombination rate) of marker genes to genes directly involved in phenotype diversity. In contrast to QTL, analysis in sexual recombining populations, genome-wide association studies (GWAS) allow exploring linkage associations in more diverse germplasms and the identification of key genes that should be monomorphic in a single hybrid population. It also poses the advantage of bypassing the construction of designed segregating populations saving time and work, constituting a serious alternative in perennial fruit crop breeding programs where breeding materials are derived from many parental combinations. As a result, the usage of GWAS in fruit crops increased during the last 2 years (Iwata et al., 2016; Farneti et al., 2017; Minamikawa et al., 2017). However, its applicability depends greatly on the genetic structure of the considered germplasm and particularly the decay of the linkage disequilibrium (LD) with the genetic distance. The LD decay can be strongly affected by the evolution history of the gene pool as observed in Citrus (Garcia-Lor et al., 2012). Genomic selection (GS) is a more recent approach, initially developed for animal breeding to make an improved use high throughput molecular in marker assisted selection. It is based on modelization of the phenotypic value from high density marker information over the whole genome (Desta and Ortiz, 2014). Previous studies on animals and plants highlighted the interest of GS, especially for capturing small-effect quantitative trait loci. GS is now routinely applied in animal breeding (Meuwissen et al., 2016). Its application resulted in increased genetic gain in dairy cattle breeding where the reliability of genomic prediction exceeds 0.8 for production traits and 0.7 for fertility and other traits (Lund et al., 2011; Wiggans et al., 2011). In Canada, for example, the rate of genetic gain has approximately doubled since GS was introduced. In plants, promising results were obtained, particularly in cereals with genetic gain of GS higher than that of MAS or conventional pedigree breeding (Wang X. et al., 2018). The combined analysis of multiple traits and/or multiple environments will be important for improving the accuracy of prediction and to promote the use of GS in plant breeding projects.

QTL studies, GWAS, and GS advances can be hampered by the current knowledge on genomics and genetic marker resources development. The application of Next Generation Sequencing (NGS) to reduced genome representation, with methods such as restriction-site associated DNA sequencing (RADseq; Miller et al., 2007) or genotyping by sequencing (GBS; Elshire et al., 2011) is particularly promising. These methods allow deep coverage of the regions adjacent to restriction sites and offer great potential for high-throughput genotyping of entire genomes and for Single Nucleotide Polymorphism (SNP) mining at the same time. They are therefore very well suited for the analysis of large segregating progenies and marker trait association studies based on LD (Baxter et al., 2011; İpek et al., 2016; Montero-Pau et al., 2017). Compared with microarray analyses, these methods present the advantages of flexibility and the lack of requirement to refer to a set of pre-determined polymorphisms. High-throughput genotyping at affordable costs opens the way to GS that is much more efficient than marker-assisted selection (MAS) to increase genetic gain of complex traits per unit time and cost (Bhat et al., 2016).

In addition to genotypic variation, modelization of phenotype should ideally include biochemical traits such as metabolomics data (Kumar et al., 2017). Systems biology approaches can help genomics studies through systematic integration of –omics data related to a particular phenotype (Yang et al., 2016), paving the way to decipher the complexity of quantitative traits by assuming models that are biologically more explicit, while retaining their predictive qualities and operability (Kadarmideen, 2014).

Grapevine

Vitis vinifera L. subsp. silvestris and V. vinifera L. subsp. vinifera are the main germplasm for grapevine breeding and genetic studies. QTL studies are generally developed from sexual crosses between two heterozygous parents. GWAS and GS studies take advantage of the rapid LD decay in this germplasm.

Grapevine has a diploid genome (n = 19) and an estimated genome size of 500 Mbp. Simple Sequence Repeat (SSR) markers from genomic and Expressed Sequence Tags (EST) have been used to determine parent-progeny relationships, to develop databases of DNA profiles for cultivar identification and for genetic mapping (Bowers et al., 1999; Adam-Blondon et al., 2004; Huang et al., 2010). More recently, numerous SNP markers were developed leading to the generation of SNP arrays for high throughput genotyping (Cabezas et al., 2011; Laucou et al., 2018). Several genetic maps (Adam-Blondon et al., 2004; Troggio et al., 2007; Wang J. et al., 2017) have been well established for V. vinifera, which allowed the International Grape Genome Program (IGGP) to recommend using numbering of linkage groups according to the map established by Adam-Blondon et al. (2004). A high resolution map was established from GBS data using a heterozygous mapping strategy (HetMappS; Hyma et al., 2015). Genetic maps of Vitis amurensis (Blasi et al., 2011), V. rupestris, Vitis arizonica (Doucleff et al., 2004) and Muscadina rotundifolia (Blanc et al., 2012) have been also established. Physical maps have been implemented (Scalabrin et al., 2010) and a high-quality draft of the genome sequence of grapevine (V. vinifera) obtained from a highly homozygous genotype was released (Jaillon et al., 2007) and further improved by (Canaguier et al., 2017). A gene nomenclature system (Grimplet et al., 2014) was implemented and a public grape genome browser2. Using these available tools, sequence polymorphisms and structural variations among four Sardinian grapevine cultivars have been analyzed (Mercenaro et al., 2017) and the contribution of ancestral wide species to grape breeding evaluated (Migicovsky et al., 2016).

In grapevine, QTL analysis is much more developed than in citrus or olive. GWAS analyses have also been already performed for quality traits (Laucou et al., 2018) and early ripening (Xu et al., 2016). Studies concerning all aspects of its cultivation including disease resistance (Blasi et al., 2011; Rex et al., 2014; Pap et al., 2016), quality traits in berries (Cabezas et al., 2006; Chen et al., 2015; Yang et al., 2016); growth and reproductive traits (Houel et al., 2015; Zhao et al., 2016), yield and agronomic traits such as adaptation to water deficit and lime induced iron chlorosis (Viana et al., 2013; Coupel-Ledru et al., 2014) and, particularly, the adaptation of grapevine varieties to a climate change scenario (Duchene et al., 2012), have been carried out. To this respect, GWAS studies along with the analysis of population structures have shown that LD in the domesticated grapevine is low, even at short ranges, but persists above background levels, set around 3 kb (Myles et al., 2010; Nicolas et al., 2016). Such rapid decay of LD was also observed in Vitis vinifera L. subsp. silvestris decreasing to 0.1 within 2.7 cM for genotypic data and within 1.4 cM for haplotypic data (Barnaud et al., 2010). Considering this rapid LD decay, Myles et al. (2010) suggested that for grapevine “[…] whole-genome sequencing will become the genotyping method of choice for genome-wide genetic mapping studies.”

Citrus

Most of the citrus germplasm results from interspecific hybridization and is highly heterozygous (Wu et al., 2014, 2018; Curk et al., 2016). Therefore, genetic mapping studies and QTL analysis are mainly based in a two-way pseudo-test cross-mapping strategy, from controlled hybridization between two heterozygous parents, and producing genetic maps for each parent (Ollitrault and Navarro, 2012). Genetic mapping and QTL studies are focused in Citrus and Poncirus species. Due to the high structuration of the citrus gene pool, composite populations built from germplasm accessions and hybrids between several parents are used for GWAS studies and the elaboration of GS models (Minamikawa et al., 2017; Imai et al., 2018).

Citrus, with a basic chromosome number of 9, has a relatively small genome size. It varies among ancestral taxa from 398 to 360 Mb/haploid genome for C. medica and C. reticulata, respectively. C. maxima had an intermediate genome size of 383 Mb (Ollitrault et al., 1994) and the haploid genome of C. sinensis was estimated to be 372 Mb. Several types of co-dominant nuclear markers have been developed for genetic studies in citrus; among the most currently used, SSR derived from genomic (Ollitrault et al., 2010; Liu et al., 2013) and from transcriptomic data (Luro et al., 2008; Liu et al., 2013; Liang et al., 2015) are found. With the development of NGS technologies, SNPs derived from genomic or transcriptomic studies have become one of the most important resources for molecular marker development (Ollitrault et al., 2012; Chen and Gmitter, 2013; Curk et al., 2015). Efficient SNPs genotyping methods have been developed for scalable experiments using competitive allele amplification [KASPar Technology; (Cuenca et al., 2013; Garcia-Lor et al., 2013)], or Cleaved Amplified Polymorphic Sequences (CAPS, Shimada et al., 2014; Omura and Shimada, 2016). Moreover, SNPs arrays have been developed for high-throughput studies (Ollitrault et al., 2012; Fujii et al., 2013). Recently, in California, a NIFA funded project3 re-sequenced 30 citrus species4 and developed Affymetrix Axion SNP arrays with about 1.556,000 SNPs. Additionally, GBS and Restriction site-Associated DNA markers sequencing or RADseq analyses have already been successfully developed in citrus (Penjor et al., 2014; Guo et al., 2015; Oueslati et al., 2017). The first reference genetic map based on co-dominant markers (SSRs, Indels and SNPs) with known flanking sequences was established for C. clementina (Ollitrault et al., 2012) and, subsequently, saturated maps of sweet orange (Xu et al., 2013), mandarin (Shimada et al., 2014) and pummelo (Guo et al., 2015) where published. Important success has been accomplished in the field of structural genomics in the last 10 years: reference genomes assembled in pseudomolecules were released for sweet orange (Xu et al., 2013), clementine (Wu et al., 2014) and pummelo (Wang X. et al., 2017). Most of the Citrus species were re-sequenced revealing the interspecific admixture of modern varieties (Wu et al., 2014, 2018). QTLs for resistances to diseases and pests (e.g., CTV, Alternaria alternata, nematodes and leaf miner) (Ling et al., 2000; Asins et al., 2004; Bernet et al., 2005; Cuenca et al., 2016) have been developed, and also for morphological and/or quality traits [fruit acidity, polyembryony, and apomixes; (Fang et al., 1997; Asins et al., 2015)]. Recently, GWAS studies were performed for quality traits (Curtolo et al., 2017; Minamikawa et al., 2017). Gois et al. (2016), providing evidences of the potential of genome wide selection in citrus for fruit acid and sugar contents. However, the learning and applications populations were limited to one parental combination. Working with composite populations associating traditional germplasms and recent hybrids, Minamikawa et al. (2017) and Imai et al. (2018) developed GS models for quality traits based on wider learning diversity.

Unfortunately, QTL and bulk segregant analyses for the identification of markers linked with tolerance to abiotic stresses still remain limited (Weber et al., 2003; Ben-Hayyim and Moore, 2007; Raga et al., 2016).

Olive

Olea europaea subsp. europaea constitute the major germplasm for olive breeding and therefore for genetic and genomic studies. Genetic maps and QTL analysis are generally developed from sexual crosses between two heterozygous varieties. The Gene Pool Method [GPM; Rugini et al., 2016)] developed for olive tree breeding is a promising tool to develop further GWAS and GS projects.

Olea europaea is considered a diploid species with n = 23 chromosomes. However, cytogenetic studies (Breviglieri and Battaglia, 1954) proposed that the species had originated from interspecific crosses, probably by parentals whose haploid chromosome numbers were n = 11 and n = 12 as occurs with several species of the Oleaceae family. The nuclear DNA content of O. europaea cultivars estimated by flow cytometry ranged between 1.45 and 1.53 Gb/haploid genome and the genome size of wild olive was estimated 1.59 Gb/haploid genome (Loureiro et al., 2007). Many molecular studies in olive, including the most recent, are based on dominant markers such as Random Amplified Polymorphic DNA (RAPD), Amplified Fragment Length Polymorphism (AFLP), or Inter Simple Sequence Repeats (ISSR) despite much more useful co-dominant markers have been developed during the recent years (see Sebastiani and Busconi, 2017 for review). First olive SSR markers were published by Cipriani et al. (2002) and more recently numerous SSRs have been developed from EST data (De la Rosa et al., 2013; Essalouh et al., 2014; Mariotti et al., 2016). SNP mining and marker implementation is ongoing (Reale et al., 2006; Kaya et al., 2013) and Cleaved Amplified Polymorphic Sequences (CAPS) markers have been successfully developed (Bazakos et al., 2012). Until now, there is no SNP microarray for high-throughput genotyping but GBS has been successfully developed rendering saturated maps with more than 4,000 SNP markers constituting 23 linkage groups (İpek et al., 2016). Genetic maps were published by Khadari et al. (2010) comprising mainly dominant/anonymous markers. Sadok et al. (2013) and Essalouh et al. (2014) added new markers and particularly SSRs in the map of Olivière × Arbequina olive cultivars (Khadari et al., 2010) producing the most saturated olive map generated with traditional molecular markers. Several whole genome sequencing projects engaged during the last years: one by an Italian consortium within the framework of the OLEA project (Muleo et al., 2012), the International Olive Genome Sequencing Consortium (IOGC) (Unver et al., 2017) and another IOGC project that sequenced a 1,000-years old tree of the Spanish ‘Farga’ variety (Cruz et al., 2016). Assembly provided a draft genome of 1.31 Gb, representing 95% of the estimated genome length. Nevertheless, few QTL analyses have been published so far: Sadok et al. (2013) identified 12 QTLs associated to flowering, fruiting and production whereas (Atienza et al., 2014) performed an association study with olive oil quality criteria. A genetic association study was performed with SSRs markers to develop MAS for fatty acid contents Ipek et al. (2015) and Kaya et al. (2016) reported the first GWAS study for yield-related traits.

Polyploidization as a Feasible Approach to Enhance Tolerance to Environmental Constraints

Polyploidy has been identified as a major force driving plant evolution in order to better adapt to environmental constraints (Soltis and Soltis, 2009; Chen, 2010). Polyploid species are common in harsh environments (Brochmann et al., 2004) and investigations during the last decade showed that inducing polyploidization in diploid genomes improves stress tolerance in different woody plant species (Allario et al., 2012; Meng et al., 2016; Ruiz et al., 2016b; Greer et al., 2018). However, investigation on the role of polyploidization in stress tolerance is hampered in part by the phylogenomic history of the given plant species, the biology and the particular genetic structure (Jackson and Chen, 2010). To this respect, citrus have the advantage that, although most cultivated genotypes are diploid, apomictic seeds produced in several citrus species exhibit the natural occurrence of polyploids (Aleza et al., 2011). This has boosted the selection and investigation of polyploids in citrus as a feasible alternative in breeding.

In citrus, polyploidy is often associated to a wide range of morphological and physiological changes that are often advantageous under adverse environmental conditions (Allario et al., 2012; Ruiz et al., 2016a). For instance, citrus tetraploids are shorter and have bigger leaf area (Allario et al., 2011), have thicker mesophyll cells that have been associated to an increase in internal diffusive resistances to CO2, thus reducing net photosynthetic rate (Romero-Aranda et al., 1997), contributing to explain in part the dwarf phenotype observed in tetraploids (Allario et al., 2011).

Spontaneous doubled-diploid genotypes (chromosome set duplication) occur in seedlings of apomictic citrus (Aleza et al., 2011). They show several interesting features that can be exploited in plant breeding for abiotic stress tolerance. For instance, when subjected to drought, they show better acclimation traits than the respective diploid linked to a more limited transpiration and the maintenance of higher leaf water content (Oliveira et al., 2017), while a specific root architecture with reduced ramification, shorter root diameter with higher specific length at the morphological level has been linked to increased radial hydraulic conductivities (Lpr). This influences whole plant water status as well as plant growth and development, contributing to the enhanced tolerance to water deprivation (Ruiz et al., 2016a,b). Moreover, tetraploid leaves show fewer and larger stomata compared to 2n which has been associated to decreased stomatal conductance and transpiration (Allario et al., 2011; Padoan et al., 2013). Using polyploid Rangpur lime as rootstock, (Allario et al., 2012) improved performance of diploid C. sinensis cv. Valencia Delta under water stress. This response was linked to a basal constitutive up regulation of genes involved in compatible osmolyte and hormone biosynthesis (Allario et al., 2012) and detoxification of ROS (Tan et al., 2015).

These interesting behaviors of tetraploid citrus against abiotic stresses result in an increasing interest for tetraploid rootstock breeding. New tetraploid rootstocks are obtained by spontaneous occurrence of doubled-diploid embryos from apomictic seeds (Aleza et al., 2011), by somatic hybridization (Dambier et al., 2011) or sexual hybridization between complementary tetraploid rootstock (tetrazyg strategy; Grosser et al., 2015).

Despite being less common, polyploidy in grapevine and olive constitutes an interesting strategy to improve reproductive and yield traits.

In grapevine, for instance, autotetraploid rootstocks reduce the vigor of the scion compared with their parental diploid while maintaining Phylloxera resistance (Motosugi et al., 2002). Polyploidy also increased berry size as well as concentration of sensory and bioactive compounds (Acanda et al., 2015); moreover, the generation of triploids is also particularly interesting for the production of seedless table grapes.

A few natural tetraploid olive trees have been identified in the O. europea complex (Besnard et al., 2007) or isolated from mixoploid mutants (Rugini et al., 1996) showing a significant reduction of trunk and canopy size (Rugini et al., 2016). The natural occurrence of polyploids in olive has been confirmed for different populations and subspecies, being triploids less frequent than tetraploid (Sebastiani and Busconi, 2017). It has been shown that tetraploidy induces changes in floral and fruit morphology, producing larger floral structures and increasing the pistil abortion rate compared to diploids, but surprisingly, no significant effect on fruit size could be observed (Caporali et al., 2014). Unfortunately, no studies associating polyploidization with abiotic stress tolerance are currently available in grapevine or olive, although evidence from citrus and other experimental systems points toward a positive effect.



SYSTEMS BIOLOGY TOOLS TO INTEGRATE PHYSIOLOGICAL, BIOCHEMICAL AND MOLECULAR DATA TO BUILD PREDICTIVE MODELS

The ability of plants to withstand adverse environmental conditions and survive is dependent upon the activation of highly coordinated protective responses (Peleg and Blumwald, 2011), resulting from the interaction between specific genetic components, the genetic landscape as well as with the particular environmental factors. This interaction is highly complex, therefore, the translation of genetic responses to field performance is not straightforward and many different factors may influence the outcome.

Systems biology approaches study biological systems from a multidisciplinary point of view aided by mathematical modeling. To this respect, interaction network analysis constitutes a data-driven approach that represents a biological component (e.g., a gene or a protein) as a node and its physical, genetic and/or functional interactions as edges that help to visualize and interpret multivariate datasets. These representations allow identification of functional modules, transcriptional circuits or signaling pathways contributing to characterize a biological system (Ideker and Krogan, 2012). This approach can be applied not only to investigate the participation of different signaling or metabolic pathways in the response to stress but also to infer novel interactions among different network nodes and to predict unknown gene functions (Avin-wittenberg et al., 2012; Rhee and Mutwil, 2014).

The power of network analysis to reveal novel interactions relies largely on the use and integration of several –omics technologies (Fukushima and Kusano, 2014). These techniques provide an unbiased and non-targeted analysis of macromolecules and small molecular weight metabolites. To this respect, transcriptomics and metabolomics data can be combined to construct a network that displays the degree of association between genes and metabolites and depicts levels of co-expression among molecules. Nevertheless, it is important to note that network analysis only provides a reliable hypothesis since correlation does not necessarily implies causal relationship between the different components. Therefore, protein–protein (PPI), protein–DNA interaction studies as well as direct/reverse genetics approaches are required to confirm those interactions. Several online tools for network construction and analysis using co-expression data are available (Table 1).

TABLE 1. Main grapevine, citrus and olive species already sequenced including working URLs with access to JBrowse, BLAST search and multiple sequence alignment tools and availability of systems biology tools with currently workingURLs.
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Several authors have highlighted the importance of implementing systems biology approaches for unraveling the mechanisms responsible for plant desiccation tolerance and how these are intertwined, especially when this knowledge has to be transferred to cultivated species and when genetic engineering strategies for improving crop tolerance to drought are involved (Moore et al., 2009 and references therein).

Grapevine

Since the release of V. vinifera genome in 2007 (Jaillon et al., 2007), several efforts have been made toward the identification and functional annotation of all gene-encoding sequences (Grimplet et al., 2012) including the genome-wide analysis of all potential cis-regulatory elements (Wong et al., 2017), miRNA-encoding sequences and their potential target genes (Jiu et al., 2015) and the specific study of several gene families associated to stress responses such as dehydrins(Yang et al., 2012), CBL, CIPKs (Xi et al., 2017), and CDPKs (Zhang et al., 2015) or involved in developmental processes such as MADs-box transcription factors (Grimplet et al., 2016).

In the post-genomics era, future breeding strategies rely on the investigation of abiotic stress tolerance responses and their correlation to genetic traits (Cramer, 2010; Yang et al., 2012; Dal Santo et al., 2016; Fortes and Gallusci, 2017). Gene co-expression networks (GCN), based in the notion that genes involved in similar or related processes exhibit similar expression patterns under different experimental conditions, are the preferred strategy (Wong et al., 2013). To this respect, several online platforms have been developed for V. vinifera (Table 1).

In this new scenario, rational and precise breeding strategies require the unambiguous identification of ‘stress tolerant’ phenotypes to be associated to specific expression patterns. In a pioneering work, Cramer et al. (2007) and Deluc et al. (2007) included transcript and metabolite analyses in vegetative and reproductive tissues of grapevine, respectively, depicting changes in response to abiotic stresses and during berry development. The manual integration of transcript and metabolite data allowed the identification of RuBisCo activase as an early response to water deprivation that was delayed under saline conditions. Moreover, water stress affected metabolism-associated transcripts whereas salinity had an impact mostly on protein synthesis and fate (Cramer et al., 2007). The transcript profiling data correlated well with metabolite profiles showing water-deprived grapevine tissues higher concentrations of glucose, malate, and proline than salt-stressed ones. Unfortunately, although this work included metabolite profiling data, no attempt to correlate transcript and metabolite profiling was carried out to provide a more insightful view of the regulatory processes involved in metabolite accumulation. In a recent work, Corso et al. (2016) performed RNA-Seq on leaves and roots of different grapevine genotypes with contrasting ability to tolerate water deprivation. Transcriptome analysis revealed the WRKY transcription factors (TFs)-dependent activation of secondary metabolism potentially leading to the accumulation of stilbenes and flavonoids. However, this extent could not be confirmed with a parallel metabolite analysis and no co-expression analysis to unbiasedly correlate specific TF activity with the induction of the biochemical response was attained. In both cases, the use of integrative approaches could have contributed to extract more significant knowledge from already collected data.

Recently, Wong and Matus (2017) generated a composite network in grapevine by overlaying co-expression maps between structural and TF genes, integrated with the presence of promoter cis-binding elements, miRNAs, and long non-coding RNAs (lncRNA) focusing on the phenylpropanoid pathway. This allowed the characterization of novel TFs and miRNAs potentially involved in the regulation of the phenylpropanoid pathway. Following a similar procedure, but integrating metabolomics, transcriptomics and proteomics data of grapevine berries in different developmental stages, Zamboni et al. (2010) identified biomarkers of berry development and senescence.

Analysis of GCN has been applied in grapevine to identify ripening-associated functional sub-modules under water stress conditions (Savoi et al., 2017), revealing a strong interplay between key metabolites and structural genes and the involvement of VviMYBA1-2 in anthocyanin biosynthesis. In this work, GCN revealed major drought stress-regulated gene modules linked to central and specialized metabolites and multiple signal transduction pathways (e.g., anthocyanin and amino acid biosynthesis via members of VviAP2/ERF and VviNAC TF families). The activation of both abscisic acid (ABA)-dependent and -independent pathways may act balancing the regulation of the stress response and the berry ripening program.

Citrus

Sequencing of sweet orange and the major cultivated citrus varieties and related genera including the three parental lines: pummelo, mandarin and citron (Xu et al., 2013; Wu et al., 2014; Shimizu et al., 2017; Wang X. et al., 2017) (Table 1) has played a pivotal role in the development of biotechnological tools in this woody crop. For instance, the generation of a reference RNA-Seq transcriptome revealed the existence of 3,326 new genes and increased the number of alternative splicing variants (Terol et al., 2016). Annotation of gene function in newly sequenced genomes is not a trivial aspect most efforts are oriented toward the functional annotation of all encoding sequences in the citrus genome. Nowadays, with increasing volumes of transcriptomics data available for Citrus species, GCN has become a viable option for predicting gene function at a genome-wide scale targeting genes encoding proteins and/or other non-protein coding RNAs. Compared with classical GO surveys, GCN poses the advantage of allowing the annotation of new genes for which no plausible ortholog in better annotated plant species exists (Wong et al., 2014).

In the pre-genomic era, matching available and annotated ESTs from the Citrus Genome Sequencing Consortium (CitEST) database (Forment et al., 2005) was the only way to attain this kind of studies (Quecini et al., 2007). Using this approach, crucial stress responses in salt-tolerant (Cleopatra mandarin) and –sensitive (Carrizo citrange) citrus rootstocks have been studied (Brumós et al., 2009), confirmed the involvement of ABA in the constitutive tolerance of tetraploid Rangpur lime (C. limonia) (Allario et al., 2011, 2012), the responses of a cultivated mandarin accession to water deprivation (Gimeno et al., 2009) or the involvement of gibberellins in the regulation of photosynthesis under different abiotic stress conditions (Huerta et al., 2009) studied.

As in grapevine, most integrative studies have so far focused on fruit ripening and quality. Recently, Ibáñez et al. (2014) integrated transcript and metabolite profiles to decipher the metabolic and physiological processes underlying citrus fruit rind puffing, a disorder that produces ‘swollen’ fruits that are usually rejected. A PPI analysis inferred from previous work on Arabidopsis thaliana, revealed glycolysis and TCA as functional modules being severely affected in the puffing disorder. Moreover, this study also suggested that cytokinins and gibberellins could act repressing the symptoms of the puffing disorder (Ibáñez et al., 2014). In another work, postharvest disease resistance of thermally acclimated vs. non-acclimated fruits was investigated through the integration of proteomic and metabolomic profiles in satsuma mandarins. Proteins annotated as glucanases, class III chitinases and a 17.7 kDa heat shock protein were up-regulated in thermally acclimated fruits whereas enzymes involved in redox metabolism were downregulated (e.g., isoflavone reductase, superoxide dismutase, etc.). Protein data correlated with increased levels of fatty acids, amino acids, carbohydrates, organic acids, and different secondary metabolites known to be involved in reducing the effects of external stress (Yun et al., 2013).

Focusing on abiotic stress, a recent work studied a co-expression network including both mRNA and non-coding miRNAs and a method to identify miRNA-transcription regulator-target connections in citrus was described (Khodadadi et al., 2017). miRNAs have been shown to play a pivotal role in the regulation of abiotic stress responses in plants (Urano et al., 2010; Ragupathy et al., 2016). The genus Poncirus with its only representative P. trifoliata L. Raf constitutes an example of cold-temperature acclimation in citrus. Hence, the study of cold acclimation in this genotype revealed the involvement of 107 conserved miRNAs and 5 potential novel miRNAs targeting stress-responsive genes (Zhang et al., 2014). A miRNA-target mRNA regulatory network was elaborated in citrus roots in response to dehydration and salinity (Xie et al., 2017). A total of 76 miRNA (47 conserved and 29 novel) were altered either by salt stress, desiccation or both. The correlation network was partially consistent regarding differential regulation of miRNA and their respective targets, although the existence of another layer of interaction involving some of the miRNA-regulated genes acting as transcriptional inducers/repressors was also proposed.

Protein interaction with other proteins and other biomolecules is crucial in every cell process and understanding how these interactions take place is the ultimate goal of systems biology. To this respect, protein sequence and post-translational modifications (PTMs) are two essential aspects to consider. In recent works, Tanou et al. (2012) and Ziogas et al. (2015) investigated the occurrence of several PTMs in sour orange plants subjected to NaCl and PEG stress with/without pre-treatment with priming agents. Results indicated that carbonylation, S-nitrosylation, and Tyr-nitration under stressful conditions were the most prominent PTMs also highlighting the existence of ‘universal players’ in the stress response, such as carbonic anhydrase and chlorophyll a-b binding protein (Ziogas et al., 2015). In this sense, S and N donors used as priming agents modified the PTMs pattern altering protein biochemical activity and binding affinity.

Olive

Despite the agricultural and cultural heritage importance of olive tree, the state-of-the-art in -omics toolkits for systems biology in olive is considerably delayed respect to grapevine or citrus and very few reports employing systems biology approaches in this crop exist to date.

Olive trees have a considerable ability to adapt to harsh environments due to their outstanding phenotypic plasticity. Nevertheless, global climate change poses a challenging scenario for olive tree cultivation and productivity, potentially leading to significant decreases in olive fruit and oil yield (Fernández, 2014).

Until recently, genomic studies in olive focused mainly on the employment of molecular markers toward identification of genetic variability, olive oil traceability and parental progeny analysis to aid in genetic improvement programs (Sebastiani and Busconi, 2017). Nevertheless, as in citrus, pre-genomic molecular biology was still possible with different EST collections whose components were functionally annotated by means of ortholog BLAST search. In a series of experiments carried out using two O. europaea cultivars with contrasting salt stress tolerance, the genotype-dependent differences in the transcriptional response were evaluated (Bazakos et al., 2012). Moreover, the resulting expression data was integrated using network analysis to infer regulatory processes aiming at inducing adaptive responses. As a result, several homologs of ERF, bZIP, and NF-Y TFs families were characterized. In other plant species, ERF TFs are known to regulate ABA biosynthesis in a stress-related manner. In turn, bZIPs appeared to act as master regulators of other TFs within the gene regulatory network, seemingly acting upstream the olive tree ERF homolog. As a result of this study, it was shown that NF-Y TF is located at the uppermost hierarchical position in the regulatory network potentially regulating rewiring of node connectivity in response to salt stress. In general, the salt-tolerant genotype exhibited a more complex TF interaction network than the salt-sensitive, suggesting the existence of a more orchestrated and progressive response to salt stress. More recently, another in-depth report made by the same authors employing 454 pyrosequencing (Bazakos et al., 2015) reinforced and expanded the findings reported in the original 2012 manuscript. Notably, both transcriptomic analyses highlighted the involvement of the same members of the regulatory networks but the more recent study considerably extended the list of involved TFs including JERF, GRAS, and HMG homologs (Bazakos et al., 2015). Furthermore, a significant cluster of ABA-related unique transcripts were identified, reinforcing the significant role of ABA in salt stress responses and/or adaptation of olive trees to stressful conditions.

Most recently available studies using systems biology tools in olive have so far relied mainly on transcriptomic approaches focusing on regulatory processes during developmental events, namely flower development (Alagna et al., 2016), development of the pollen tube (Iaria et al., 2016), as well as overall plant architecture (González-Plaza et al., 2016). Others aimed to decipher protein regulatory processes during fruit development (Bianco et al., 2013), while targeted metabolite profiles were successfully mapped for important bioactive components such as polyphenols (Medina et al., 2012) and vitamin E (Georgiadou et al., 2015, 2016). Non-targeted approaches could, however, mine important information that could give significant insight into agronomic issues (Ben Ayed et al., 2016) or stress-related processes. A recent study using a non-targeted metabolomic profiling approach in different olive tree tissues revealed 5,776 metabolite-metabolite correlations and highlighted the upregulation of biosynthetic pathways for phenylpropanoids, monolactams, indole alkaloids and flavonoids especially in young leaves. Considering the well-documented involvement of phenylpropanoids, indole alkaloids and flavonoids in stress protection phenomena, a general defense mechanism was proposed suggesting that metabolites involved in the resistance to biotic and abiotic stresses are mainly biosynthesized in new leaves (Rao et al., 2017).

Integration of –Omics for the Selection of Plant Material in Breeding Programs

The ultimate goal of plant systems biology is to fully understand how plants respond to their environment. To this respect, gene/trait expression, is a multi-scale and highly dynamic process consisting of several highly regulated steps (1) transcription, which is regulated through the interaction of TFs and cis-regulatory elements present in DNA as well as epigenetic changes that modify DNA accessibility, (2) RNA processing through several post-transcriptional modifications such as the removal of introns or splicing, chemical modification of nucleotides (e.g., for rRNA) or the removal of particular sequences, allowing the acquisition of specific secondary structures (e.g., miRNA), (3) translation which is also influenced by proteins such as eukaryotic initiation factors involved in ribosome assembly and miRNAs and (4) post-translational modifications (partial proteolysis, phosphorylation, sumoylation, etc.) that affect protein activity. What is more, multidimensional interactions involving proteins, protein-nucleic acids and also different metabolites (regulatory compounds such as plant hormones, allosteric modifiers, etc.) need to be added. In such a complex regulatory scenario, the integration of –omics within network analysis provides a data-driven and dynamic scaffold to select relevant genes involved in the regulation and development of the phenotype.

This extent has been so far poorly investigated in woody crops despite similar approaches proved to be successful in identifying relevant genes in other plant species. In a pioneering study, Morreel et al. (2006) combined metabolite profiling and QTL analyses to identify loci controlling metabolite abundances in a full-sib poplar population. Metabolite correlation networks indicated a tight association of biosynthesis of specific flavones/dihydroflavonols and flavonols. More recently, integration of metabolomics and transcriptomics in co-expression analyses contributed to identify genes involved in side-chain elongation steps of aliphatic glucosinolate biosynthesis (Albinsky et al., 2010). In woody crops, similar approaches have been applied to the identification of genes controlling acidity in oranges (Huang et al., 2016), revealing the importance of proteins involved in metabolite transport and degradation acting as hubs in the citrate accumulation gene network. In grapevine, integration of metabolomics and transcriptomics revealed the involvement of typical abiotic stress-responsive transcription factors such as bZIPs, AP2/ERFs, MYBs and NACs in the accumulation of metabolites relevant to grape berry quality under unfavorable conditions (Savoi et al., 2017). Also in grapevine, integration of transcriptomics and proteomics allowed the identification of transcriptional, post-transcriptional and translational mechanisms involved in the responses of grapevine to high temperatures. This study revealed that alternative splicing constitutes an important mechanism in the response of grapevine to climate change conditions (Jiang et al., 2017). Overall, all evidence points out that systems biology approaches are useful data-driven strategies to identify relevant genes involved in different plant processes.



FUTURE PROSPECTS

The constraints to global food production posed by climate change conditions have become a key issue in agronomy and plant physiology. Perennial plant species, such as the ones in which this review focuses, are subjected to adverse environmental conditions throughout their entire life cycle, and over consecutive cropping seasons. Therefore, breeding of new varieties more resilient to abiotic stresses with improved performance and productivity traits constitutes a prioritary objective. Efficient plant breeding requires accurate phenotyping of plant traits reliably associated to stress tolerance, enhanced productivity and/or quality. The development of high-throughput phenotyping platforms complements fruit tree genomics bridging phenotype and genotype, allowing GWAS and network analyses expanding our knowledge on genetic responses linked to the development of particular phenotype traits. In the field of abiotic stress tolerance, as an example, the integration of -omics for the engineering and selection of abiotic stress-tolerant genotypes has been successfully applied to staple and forage crops (Deshmukh et al., 2014; Singh et al., 2015; Shah et al., 2018). Nevertheless, despite the existing technological gap between fruit trees, staple and forage crops and model plants in terms of genomic resources, databases and tools, the situation is changing rapidly and the amount of sequenced genomes and gene association studies increasing. It is therefore desirable that, in the following years, curated databases appear including data from different sources and technological platforms. Abiotic stress tolerance traits are complex from the genetic point of view involving an intricate interaction of regulator and effector genes. Therefore, the systems-level analysis of complex phenotype traits requires a complete evaluation of the relevant physiological parameters to integrate the genetic and molecular differences, constituting the real ‘driving force’ in the selection process. Therefore, the integration of accurate phenotype data along with gene expression, metabolite and protein accumulation in different tissues and germplasm accessions would allow researchers performing in silico gene association studies, as in A. thaliana, and select candidate genes for genetic improvement. This will undeniably boost any woody crop breeding initiative by narrowing down the number of target gene(s) and providing a clear gene-to-phenotype association.
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3 https://portal.nifa.usda.gov/web/crisprojectpages/1001031-development-and-application-of-a-high-density-snp-genotyping-array-for-citrus.html

4 https://www.citrusgenomedb.org/analysis/185



REFERENCES

Abberton, M., Batley, J., Bentley, A., Bryant, J., Cai, H., Cockram, J., et al. (2015). Global agricultural intensification during climate change: a role for genomics. Plant Biotechnol. J. 14, 1095–1098. doi: 10.1111/pbi.12467

Acanda, Y., Martínez,Ó, González, M. V., Prado, M. J., and Rey, M. (2015). Highly efficient in vitro tetraploid plant production via colchicine treatment using embryogenic suspension cultures in grapevine (Vitis vinifera cv. Mencía). Plant Cell Tissue Organ. Culture 123, 547–555. doi: 10.1007/s11240-015-0859-3

Adam-Blondon, A. F., Roux, C., Claux, D., Butterlin, G., Merdinoglu, D., and This, P. (2004). Mapping 245 SSR markers on the Vitis vinifera genome: a tool for grape genetics. Theor. Appl. Genet. 109, 1017–1027. doi: 10.1007/s00122-004-1704-y

Aguero Alcaras, L. M., Rousseaux, M. C., and Searles, P. S. (2016). Responses of several soil and plant indicators to post-harvest regulated deficit irrigation in olive trees and their potential for irrigation scheduling. Agric. Water Manag. 171, 10–20. doi: 10.1016/j.agwat.2016.03.006

Aguilera, F., Fornaciari, M., Ruiz-Valenzuela, L., Galan, C., Msallem, M., Ben Dhiab, A., et al. (2015). Phenological models to predict the main flowering phases of olive (Olea europaea L.) along a latitudinal and longitudinal gradient across the Mediterranean region. Int. J. Biometeorol. 59, 629–641. doi: 10.1007/s00484-014-0876-7

Aguilera, F., and Valenzuela, L. R. (2012). Microclimatic-induced fluctuations in the flower and pollen production rate of olive trees (Olea europaea L.). Grana 51, 228–239. doi: 10.1080/00173134.2012.659203

Aissaoui, F., Chehab, H., Bader, B., Ben Salem, A., M’Barki, N., Laamari, S., et al. (2016). Early water stress detection on olive trees (Olea europaea L. cvs ‘chemlali’ and ‘Chetoui’) using the leaf patch clamp pressure probe. Comput. Electron. Agric. 131, 20–28. doi: 10.1016/j.compag.2016.11.007

Alagna, F., Kallenbach, M., Pompa, A., De Marchis, F., Rao, R., Baldwin, I. T., et al. (2016). Olive fruits infested with olive fly larvae respond with an ethylene burst and the emission of specific volatiles. J. Integr. Plant Biol. 58, 413–425. doi: 10.1111/jipb.12343

Albinsky, D., Sawada, Y., Kuwahara, A., Nagano, M., Hirai, A., Saito, K., et al. (2010). Widely targeted metabolomics and coexpression analysis as tools to identify genes involved in the side-chain elongation steps of aliphatic glucosinolate biosynthesis. Amino Acids 39, 1067–1075. doi: 10.1007/s00726-010-0681-5

Albrigo, L. G. (2004). “Climatic effects on flowering, fruit set and quality of citrus – a review,” in Proceedings of the International Society of Citriculture X Congress, (Morocco).

Albrigo, L. G., and Saúco, V. G. (2004). Flower bud induction, flowering and fruit-set of some tropical and subtropical fruit tree crops with special reference to citrus. Acta Hortic. 632, 81–90. doi: 10.17660/ActaHortic.2004.632.10

Aleza, P., Froelicher, Y., Schwarz, S., Agusti, M., Hernandez, M., Juarez, J., et al. (2011). Tetraploidization events by chromosome doubling of nucellar cells are frequent in apomictic citrus and are dependent on genotype and environment. Ann. Bot. 108, 37–50. doi: 10.1093/aob/mcr099

Allario, T., Brumos, J., Colmenero-Flores, J., Tadeo, F., Froelicher, Y., Talon, M., et al. (2011). Large changes in anatomy and physiology between diploid Rangpur lime (Citrus limonia) and its autotetraploid are not associated with large changes in leaf gene expression. J. Exp. Bot. 62, 2507–2519. doi: 10.1093/jxb/erq467

Allario, T., Brumos, J., Colmenero-Flores, J. M., Iglesias, D. J., Pina, J. A., Navarro, L., et al. (2012). Tetraploid Rangpur lime rootstock increases drought tolerance via enhanced constitutive root abscisic acid production. Plant Cell Environ. 36, 856–868. doi: 10.1111/pce.12021

Arroyo-Garcia, R., Ruiz-Garcia, L., Bolling, L., Ocete, R., López, M. A., Arnold, C., et al. (2006). Multiple origins of cultivated grapevine (Vitis vinifera L. ssp. sativa) based on chloroplast DNA polymorphisms. Mol. Ecol. 15, 3707–3714. doi: 10.1111/j.1365-294X.2006.03049.x

Asins, M. J., Bernet, G. P., Ruiz, C., Cambra, M., Guerri, J., and Carbonell, E. A. (2004). QTL analysis of citrus tristeza virus-citradia interaction. Theor. Appl. Genet. 108, 603–611. doi: 10.1007/s00122-003-1486-7

Asins, M. J., Raga, V., Bernet, G. P., and Carbonell, E. A. (2015). Genetic analysis of reproductive, vegetative and fruit quality traits to improve Citrus varieties. Tree Genet. Genomes 11, 111–117. doi: 10.1007/s11295-015-0949-8

Atienza, S. G., de la Rosa, R., León, L., Martín, A., and Belaj, A. (2014). Identification of QTL for agronomic traits of importance for olive breeding. Mol. Breed. 34, 725–737. doi: 10.1007/s11032-014-0070-y

Aubert, B. (2001). “Genèse et développement de la culture des agrumes et patrimoine génétique européen de l’histoire naturelle des orangers,” in Dans la Réédition De L’histoire Naturelle Des Orangers- Risseau et Poiteau, tome 2 Connaissance et mémoires éditeur, (Paris).

Avin-wittenberg, T., Tzin, V., Angelovici, R., Less, H., and Galili, G. (2012). Deciphering energy-associated gene networks operating in the response of Arabidopsis plants to stress and nutritional cues. Plant J. 9, 954–966. doi: 10.1111/j.1365-313X.2012.04926.x

Baker, J. T., and Allen, L. H. Jr. (1993). Contrasting crop species responses to CO2 and temperature: rice, soybean and citrus. Vegetatio 10, 239–260. doi: 10.1007/BF00048156

Baldoni, L., and Belaj, A. (2010). “Olive,” in Oil Crops, eds J. Vollmann and I. Rajcan (New York, NY: Springer), 397–421.

Baldoni, L., Tosti, N., Ricciolini, C., Belaj, A., Arcioni, S., Pannelli, G., et al. (2006). Genetic structure of wild and cultivated olives in the central Mediterranean basin. Ann. Bot. 98, 935–942. doi: 10.1093/aob/mcl178

Barkley, N. A., Roose, M. L., Krueger, R. R., and Federici, C. T. (2006). Assessing genetic diversity and population structure in a citrus germplasm collection utilizing simple sequence repeat markers (SSRs). Theor. Appl. Genet. 112, 1519–1531. doi: 10.1007/s00122-006-0255-9

Barnaud, A., Laucou, V., This, P., Lacombe, T., and Doligez, A. (2010). Linkage disequilibrium in wild French grapevine, Vitis vinifera L. subsp. silvestris. Heredity 104, 431–437. doi: 10.1038/hdy.2009.143

Barrios-Masias, F. H., Knipfer, T., and McElrone, A. J. (2015). Differential responses of grapevine rootstocks to water stress are associated with adjustments in fine root hydraulic physiology and suberization. J. Exp. Bot. 66, 6069–6078. doi: 10.1093/jxb/erv324

Baxter, S. W., Davey, J. W., Johnston, J. S., Shelton, A. M., Heckel, D. G., Jiggins, C. D., et al. (2011). Linkage mapping and comparative genomics using next-generation RAD sequencing of a non-model organism. PLoS One 6:e19315. doi: 10.1371/journal.pone.0019315

Bazakos, C., Manioudaki, M. E., Sarropoulou, E., Spano, T., and Kalaitzis, P. (2015). 454 pyrosequencing of olive (Olea europaea L.) transcriptome in response to salinity. PLoS One 10:e0143000. doi: 10.1371/journal.pone.0143000

Bazakos, C., Manioudaki, M. E., Therios, I., Voyiatzis, D., Kafetzopoulos, D., Awada, T., et al. (2012). Comparative transcriptome analysis of two olive cultivars in response to NaCl-stress. PLoS One 7:e0042931. doi: 10.1371/journal.pone.0042931

Ben Ayed, R., Ben Hassen, H., Ennouri, K., Ben Marzoug, R., and Rebai, A. (2016). OGDD (Olive Genetic Diversity Database): a microsatellite markers’ genotypes database of worldwide olive trees for cultivar identification and virgin olive oil traceability. Database 2016:bav090. doi: 10.1093/database/bav090

Ben-Hayyim, G., and Moore, G. A. (2007). “Recent advances in breeding citrus for drought and saline stress tolerance,” in Advances in Molecular Breeding Toward Drought and Salt Tolerant Crops, eds M. A. Jenks, P. M. Hasegawa, and S. M. Jain (Dordrecht: Springer), 627–642. doi: 10.1007/978-1-4020-5578-2_25

Benlloch-González, M., Sánchez-Lucas, R., Benlloch, M., and Ricardo, F. E. (2018). An approach to global warming effects on flowering and fruit set of olive trees growing under field conditions. Sci. Hortic. 240, 405–410. doi: 10.1016/j.scienta.2018.06.054

Bernet, G. P., Margaix, C., Jacas, J., Carbonell, E. A., and Asins, M. J. (2005). Genetic analysis of citrus leafminer susceptibility. Theor. Appl. Genet. 110, 1393–1400. doi: 10.1007/s00122-005-1943-6

Besnard, G., Baradat, P., Chevalier, D., Tagmount, A., and Bervillé, A. (2001). Genetic differentiation in the olive complex (Olea europaea) revealed by RAPDs and RFLPs in the rRNA genes. Genet. Resour. Crop Evol. 48, 165–182. doi: 10.1023/A:1011239308132

Besnard, G., Garcia-Verdugo, C., Casas, R., De Treier, U. A., Galland, N., and Vargas, P. (2007). Polyploidy in the Olive Complex (Olea europaea): evidence from flow cytometry and nuclear microsatellite analyses. Ann. Bot. 101, 25–30. doi: 10.1093/aob/mcm275

Besnard, G., Terral, J. F., and Cornille, A. (2018). On the origins and domestication of the olive: a review and perspectives. Ann. Bot. 121, 385–403. doi: 10.1093/aob/mcx145

Bhat, J., Ali, S., Salgotra, R., Mir, Z. A., Dutta, S., Jadon, V., et al. (2016). Genomic selection in the era of next generation sequencing for complex traits in plant breeding. Front. Genet. 7:221. doi: 10.3389/fgene.2016.00221

Bianco, L., Alagna, F., Baldoni, L., Finnie, C., Svensson, B., and Perrotta, G. (2013). Proteome regulation during Olea europaea fruit development. PLoS One 8:e53563. doi: 10.1371/journal.pone.0053563

Bindi, M., Fibbi, L., and Miglietta, F. (2001). Free air CO2 enrichment (FACE) of grapevine (Vitis vinifera L.): II. Growth and quality of grape and wine in response to elevated CO2 concentrations. Eur. J. Agron. 14, 145–155. doi: 10.1016/S1161-0301(00)00093-9

Blanc, S., Wiedemann-Merdinoglu, S., Dumas, V., Mestre, P., and Merdinoglu, D. (2012). A reference genetic map of Muscadinia rotundifolia and identification of Ren5, a new major locus for resistance to grapevine powdery mildew. Theor. Appl. Genet. 125, 1663–1675. doi: 10.1007/s00122-012-1942-3

Blasi, P., Blanc, S., Wiedemann-Merdinoglu, S., Prado, E., Ruhl, E. H., Mestre, P., et al. (2011). Construction of a reference linkage map of Vitis amurensis and genetic mapping of Rpv8, a locus conferring resistance to grapevine downy mildew. Theo. Appl. Genet. 123, 43–53. doi: 10.1007/s00122-011-1565-0

Bouby, L., Figueiral, I., Bouchette, A., Rovira, N., Ivorra, S., Lacombe, T., et al. (2013). Bioarchaeological insights into the process of domestication of grapevine (Vitis vinifera L.) during Roman times in Southern France. PLoS One 8:e63195. doi: 10.1371/journal.pone.0063195

Bowers, J. E., Dangl, G. S., and Meredith, C. P. (1999). Development and characterization of additional microsatellite DNA markers for grape. Am. J. Enol. Vitic. 50:243.

Breviglieri, N., and Battaglia, E. (1954). Ricerche cariologiche in Olea europaea L. Caryologia 6, 271–283. doi: 10.1080/00087114.1954.10797475

Brochmann, C., Brysting, A., Alsos, I., Borgen, L., Grundt, H., Scheen, A., et al. (2004). Polyploidy in arctic plants. Biol. J. Linn. Soc. 82, 521–536. doi: 10.1111/j.1095-8312.2004.00337.x

Brozynska, M., Furtado, A., and Henry, R. J. (2016). Genomics of crop wild relatives: expanding the gene pool for crop improvement. Plant Biotechnol. J. 14, 1070–1085. doi: 10.1111/pbi.12454

Brumós, J., Colmenero-Flores, J. M., Conesa, A., Izquierdo, P., Sánchez, G., Iglesias, D. J., et al. (2009). Membrane transporters and carbon metabolism implicated in chloride homeostasis differentiate salt stress responses in tolerant and sensitive Citrus rootstocks. Funct. Integr. Genomics 9, 293–309. doi: 10.1007/s10142-008-0107-6

Bunce, J. (2017). Using FACE systems to screen wheat cultivars for yield increases at elevated CO2. Agronomy 7:20. doi: 10.1016/j.plantsci.2014.01.002

Cabezas, J. A., Cervera, M. T., Ruiz-Garcia, L., Carreno, J., and Martinez-Zapater, J. M. (2006). A genetic analysis of seed and berry weight in grapevine. Genome 49, 1572–1585. doi: 10.1139/g06-122

Cabezas, J. A., Ibanez, J., Lijavetzky, D., Vélez, D., Bravo, G., Rodríguez, V., et al. (2011). A 48 SNP set for grapevine cultivar identification. BMC Plant Biol. 11:153. doi: 10.1186/1471-2229-11-153

Caceres, M. E., Ceccarelli, M., Pupilli, F., Sarri, V., and Mencuccini, M. (2015). Obtainment of inter-subspecific hybrids in olive (Olea europaea L.). Euphytica 201, 307–319. doi: 10.1007/s10681-014-1224-z

Canaguier, A., Grimplet, J., Di Gaspero, G., Scalabrin, S., Duchêne, E., Choisne, N., et al. (2017). A new version of the grapevine reference genome assembly (12X.v2) and of its annotation (VCost.v3). Genomics Data 14, 56–62. doi: 10.1016/j.gdata.2017.09.002

Caporali, S., Hammami, S. B. M., Moreno-Alías, I., Rapoport, H. F., Chiancone, B., Germanà, M. A., et al. (2014). Effects of tetraploidy on olive floral and fruit biology. Sci. Hortic. 179, 198–203. doi: 10.1016/j.scienta.2014.09.012

Carr, M. K. V. (2012). The water relations and irrigation requirements of citrus (Citrus spp.): a review. Exp. Agric. 48, 347–377. doi: 10.1017/S0014479712000038

Cercós, M., Soler, G., Iglesias, D. J., Gadea, J., Forment, J., and Talón, M. (2006). Global analysis of gene expression during development and ripening of citrus fruit flesh. A proposed mechanism for citric acid utilization. Plant Mol. Biol. 62, 513–527. doi: 10.1007/s11103-006-9037-7

Chen, C., and Gmitter, F. G. (2013). Mining of haplotype-based expressed sequence tag single nucleotide polymorphisms in citrus. BMC Genomics 14:746. doi: 10.1186/1471-2164-14-746

Chen, J., Wang, N., Fang, L. C., Liang, Z. C., Li, S. H., and Wu, B. H. (2015). Construction of a high-density genetic map and QTLs mapping for sugars and acids in grape berries. BMC Plant Biol. 15:28. doi: 10.1186/s12870-015-0428-2

Chen, Z. J. (2010). Molecular mechanisms of polyploidy and hybrid vigor. Trends Plant Sci. 15, 57–71. doi: 10.1016/j.tplants.2009.12.003

Chitarra, W., Pagliarani, C., Abbà, S., Boccacci, P., Birello, G., Rossi, M., et al. (2018). miRVIT: a novel miRNA database and its application to uncover vitis responses to flavescence dorée infection. Front. Plant Sci. 9:1034. doi: 10.3389/fpls.2018.01034

Ciccarese, F., Ambrico, A., Longo, O., and Schiavone, D. (2002). Search for resistance to Verticillium-wilt and leaf spot in olive. Acta Hortic. 717, 717–720. doi: 10.17660/ActaHortic.2002.586.153

Cimen, B., and Yesiloglu, T. (2016). “Rootstock breeding for abiotic stress tolerance in citrus,” in Abiotic and Biotic Stress in Plants - Recent Advances and Future Perspectives, eds A. K. Shanker and C. Shanker (Rijeka: InTech), 23. doi: 10.5772/62047

Cipriani, G., Marrazzo, M. T., Marconi, R., Cimato, A., and Testolin, R. (2002). Microsatellite markers isolated in olive (Olea europaea L.) are suitable for individual fingerprinting and reveal polymorphism within ancient cultivars. Theor. Appl. Genet. 104, 223–228. doi: 10.1007/s001220100685

Connor, D. J. (2005). Adaptation of olive (Olea europaea L.) to water-limited environments. Aust. J. Agric. Res. 56, 1181–1189. doi: 10.1071/AR05169

Corso, M., Vannozzi, A., Maza, E., Vitulo, N., Meggio, F., Bouzayen, M., et al. (2016). Transcriptome pathways in leaf and root of grapevine genotypes with contrasting drought tolerance. Acta Hortic. 1136, 161–168. doi: 10.17660/ActaHortic.2016.1136.22

Coupel-Ledru, A., Lebon, E., Christophe, A., Doligez, A., Cabrera-Bosquet, L., Pechier, P., et al. (2014). Genetic variation in a grapevine progeny (Vitis vinifera L. cvs GrenachexSyrah) reveals inconsistencies between maintenance of daytime leaf water potential and response of transpiration rate under drought. J. Exp. Bot. 65, 6205–6218. doi: 10.1093/jxb/eru228

Cramer, G. R. (2010). Abiotic stress and plant responses from the whole vine to the genes. Aust. J. Grape Wine Res. 16, 86–93. doi: 10.1111/j.1755-0238.2009.00058.x

Cramer, G. R., Ergül, A., Grimplet, J., Tillett, R. L., Tattersall, E. A., Bohlman, M. C., et al. (2007). Water and salinity stress in grapevines: early and late changes in transcript and metabolite profiles. Funct. Integr. Genomics 7, 111–134. doi: 10.1007/s10142-006-0039-y

Cruz, F., Julca, I., Gómez-Garrido, J., Loska, D., Marcet-Houben, M., Cano, E., et al. (2016). Genome sequence of the olive tree, Olea europaea. GigaScience 5, 1–12. doi: 10.1186/s13742-016-0134-5

Cuenca, J., Aleza, P., Garcia-Lor, A., Ollitrault, P., and Navarro, L. (2016). Fine mapping for identification of Citrus Alternaria brown spot candidate resistance genes and development of new SNP markers for marker-assisted selection. Front. Plant Sci. 7:1948. doi: 10.3389/fpls.2016.01948

Cuenca, J., Aleza, P., Navarro, L., and Ollitrault, P. (2013). Assignment of SNP allelic configuration in polyploids using competitive allele-specific PCR: application to citrus triploid progeny. Ann. Bot. 111, 731–742. doi: 10.1093/aob/mct032

Curk, F., Ancillo, G., Garcia-Lor, A., Luro, F., Perrier, X., Jacquemoud-Collet, J. P., et al. (2014). Next generation haplotyping to decipher nuclear genomic interspecific admixture in Citrus species: analysis of chromosome 2. BMC Genet. 15:152. doi: 10.1186/s12863-014-0152-1

Curk, F., Ancillo, G., Ollitrault, F., Perrier, X., Jacquemoud-Collet, J. P., Garcia-Lor, A., et al. (2015). Nuclear species-diagnostic SNP markers mined from 454 amplicon sequencing reveal admixture genomic structure of modern citrus varieties. PLoS One 10:e0125628. doi: 10.1371/journal.pone.0125628

Curk, F., Ollitrault, F., Garcia-Lor, A., Luro, F., Navarro, L., and Ollitrault, P. (2016). Phylogenetic origin of limes and lemons revealed by cytoplasmic and nuclear markers. Ann. Bot. 117, 565–583. doi: 10.1093/aob/mcw005

Curtolo, M., Cristofani-Yaly, M., Gazaffi, R., Takita, M. A., Figueira, A., and Machado, M. A. (2017). QTL mapping for fruit quality in Citrus using DArTseq markers. BMC Genomics 18:289. doi: 10.1186/s12864-017-3629-2

Dal Santo, S., Palliotti, A., Zenoni, S., Tornielli, G. B., Fasoli, M., Paci, P., et al. (2016). Distinct transcriptome responses to water limitation in isohydric and anisohydric grapevine cultivars. BMC Genomics 17:815. doi: 10.1186/s12864-016-3136-x

Dambier, D., Benyahia, H., Pensabene-Bellavia, G., Aka Kaçar, Y., Froelicher, Y., Belfalah, Z., et al. (2011). Somatic hybridization for citrus rootstock breeding: an effective tool to solve some important issues of the mediterranean citrus industry. Plant Cell Rep. 30, 883–900. doi: 10.1007/s00299-010-1000-z

de Cortázar-Atauri, I. G., Brisson, N., and Gaudillere, J. P. (2009). Performance of several models for predicting budburst date of grapevine (Vitis vinifera L.). Int. J. Biometeorol. 53, 317–326. doi: 10.1007/s00484-009-0217-4

De la Rosa, R., Belaj, A., Muñoz-Mérida, A., Trelles, O., Ortíz-Martín, I., González-Plaza, J. J., et al. (2013). Development of EST-derived SSR markers with long-core repeat in olive and their use for paternity testing. J. Am. Soc. Hortic. Sci. 138, 290–296. doi: 10.21273/JASHS.138.4.290

Deluc, L. G., Grimplet, J., Wheatley, M. D., Tillett, R. L., Quilici, D. R., Osborne, C., et al. (2007). Transcriptomic and metabolite analyses of cabernet sauvignon grape berry development. BMC Genomics 8:429. doi: 10.1186/1471-2164-8-429

Deshmukh, R., Sonah, H., Patil, G., Chen, W., Prince, S., Mutava, R., et al. (2014). Integrating omic approaches for abiotic stress tolerance in soybean. Front. Plant Sci. 5:244. doi: 10.3389/fpls.2014.00244

Desta, Z. A., and Ortiz, R. (2014). Genomic selection: genome-wide prediction in plant improvement. Trends Plant Sci. 19, 592–601. doi: 10.1016/j.tplants.2014.05.006

Díaz-Espejo, A., Fernández, J. E., Torres-Ruiz, J. M., Rodríguez-Domínguez, C. M., Pérez-Martín, A., and Hernández-Santana, V. (2018). “The olive tree under water stress: fitting the pieces of response mechanisms in the crop performance puzzle,” in Water Scarcity and Sustainable Agriculture in Semiarid Environment: Tools, Strategies, and Challenges for Woody Crops, eds I. F. García-Tejero and V. H. Durán-Zuazo (Oxford: Elsevier), 439–480.

Diez, C. M., Trujillo, I., Martinez-Urdiroz, N., Barranco, D., Rallo, L., Marfil, P., et al. (2015). Olive domestication and diversification in the mediterranean basin. New Phytol. 206, 436–447. doi: 10.1111/nph.13181

Doucleff, M., Jin, Y., Gao, F., Riaz, S., Krivanek, A. F., and Walker, M. A. (2004). A genetic linkage map of grape, utilizing Vitis rupestris and Vitis arizonica. Theor. Appl. Genet. 109, 1178–1187. doi: 10.1007/s00122-004-1728-3

Duchene, E., Butterlin, G., Dumas, V., and Merdinoglu, D. (2012). Towards the adaptation of grapevine varieties to climate change: QTLs and candidate genes for developmental stages. Theor. Appl. Genet. 124, 623–635. doi: 10.1007/s00122-011-1734-1

Elshire, R. J., Glaubitz, J. C., Sun, Q., Poland, J. A., Kawamoto, K., Buckler, E. S., et al. (2011). A robust, simple genotyping-by-sequencing (GBS) approach for high diversity species. PLoS One 6:e19379. doi: 10.1371/journal.pone.0019379

Essalouh, L., Aabidine, Z., El Contreras, S., Sadok, I., Ben, Santoni, S., et al. (2014). Genomic and EST microsatellite loci development and use in olive: molecular tools for genetic mapping and association studies. Acta Hortic. 1057, 543–549. doi: 10.17660/ActaHortic.2014.1057.69

Fang, D. Q., Federici, C. T., and Roose, M. L. (1997). Development of molecular markers linked to a gene controlling fruit acidity in citrus. Genome 40, 841–849. doi: 10.1139/g97-809

Fares, A., Bayabil, H. K., Zekri, M., Mattos, D. J., and Awal, R. (2017). Potential climate change impacts on citrus water requirement across major producing areas in the world. J. Water Clim. Chang. 8, 576–592. doi: 10.2166/wcc.2017.182

Farneti, B., Guardo, M., Di Khomenko, I., Cappellin, L., Biasioli, F., Velasco, R., et al. (2017). Genome-wide association study unravels the genetic control of the apple volatilome and its interplay with fruit texture. J. Exp. Bot. 68, 1467–1478. doi: 10.1093/jxb/erx018

Fereres, E., and Soriano, M. A. (2007). Deficit irrigation for reducing agricultural water use. J. Exp. Bot. 58, 147–159. doi: 10.1093/jxb/erl165

Fernández, J. E. (2014). Understanding olive adaptation to abiotic stresses as a tool to increase crop performance. Environ. Exp. Bot. 103, 158–179. doi: 10.1016/j.envexpbot.2013.12.003

Fernández, J. E., Díaz-Espejo, A., Romero, R., Hernández-Santana, V., García, J. M., Padilla-Díaz, C. M., et al. (2018). “Precision irrigation in olive (Olea europaea L.) tree orchards,” in Water Scarcity and Sustainable Agriculture in Semiarid Environment: Tools, Strategies, and Challenges for Woody Crops, eds I. F. García-Tejero and V. H. Durán-Zuazo (Oxford: Elsevier), 179–217.

Ferrise, R., Moriondo, M., Trombi, G., Miglietta, F., and Bindi, M. (2013). “Climate change impacts on typical mediterranean crops and evaluation of adaptation strategies to cope with,” in Regional Assessment of Climate Change in the Mediterranean, eds A. Navarra and L. Tubiana (Dordrecht, NL: Springer), 49–70.

Fitchett, J. M., Grab, S. W., Thompson, D. I., and Roshan, G. (2014). Spatio-temporal variation in phenological response of citrus to climate change in Iran: 1960-2010. Agric. For Meteorol. 198, 285–293. doi: 10.1016/j.agrformet.2014.08.010

Forment, J., Gadea, J., Huerta, L., Abizanda, L., Agusti, J., Alamar, S., et al. (2005). Development of a citrus genome-wide EST collection and cDNA microarray as resources for genomic studies. Plant Mol. Biol. 57, 375–391. doi: 10.1007/s11103-004-7926-1

Fortes, A. M., and Gallusci, P. (2017). Plant stress responses and phenotypic plasticity in the epigenomics era: perspectives on the grapevine scenario, a model for perennial crop plants. Front. Plant Sci. 8:82. doi: 10.3389/fpls.2017.00082

Fujii, H., Shimada, T., Nonaka, K., Kita, M., Kuniga, T., Endo, T., et al. (2013). High-throughput genotyping in citrus accessions using an SNP genotyping array. Tree Genet. Genomes 9, 145–153. doi: 10.1007/s11295-012-0542-3

Fukushima, A., and Kusano, M. (2014). A network perspective on nitrogen metabolism from model to crop plants using integrated ‘omics’ approaches. J. Exp. Bot. 65, 5619–5630. doi: 10.1093/jxb/eru322

Gabaldon-Leal, C., Ruiz-Ramos, M., de la Rosa, R., Leon, L., Belaj, A., Rodriguez, A., et al. (2017). Impact of changes in mean and extreme temperatures caused by climate change on olive flowering in southern Spain. Int. J. Climatol. 37, 940–957. doi: 10.1002/joc.5048

Garcia-Lor, A., Curk, F., Snoussi-Trifa, H., Morillon, R., Ancillo, G., Luro, F., et al. (2013). A nuclear phylogenetic analysis: SNPs, indels and SSRs deliver new insights into the relationships in the ‘true citrus fruit trees’ group (Citrinae, Rutaceae) and the origin of cultivated species. Ann. Bot. 111, 1–19. doi: 10.1093/aob/mcs227

Garcia-Lor, A., Luro, F., Navarro, L., and Ollitrault, P. (2012). Comparative use of InDel and SSR markers in deciphering the interspecific structure of cultivated citrus genetic diversity: a perspective for genetic association studies. Mol. Genet. Genomics 287, 77–94. doi: 10.1007/s00438-011-0658-4

Garcia-Luis, A., Kanduser, M., and Guardiola, J. L. (1995). The influence of fruiting on the bud sprouting and flower induction responses to chilling in Citrus. J. Hortic. Sci. 70, 817–825.

Georgiadou, E. C., Goulas, V., Ntourou, T., Manganaris, G. A., Kalaitzis, P., and Fotopoulos, V. (2016). Regulation of on-tree vitamin E biosynthesis in olive fruit during successive growing years: the impact of fruit development and environmental cues. Front. Plant Sci. 7:1656. doi: 10.3389/fpls.2016.01656

Georgiadou, E. C., Ntourou, T., Goulas, V., Manganaris, G. A., Kalaitzis, P., and Fotopoulos, V. (2015). Temporal analysis reveals a key role for VTE5 in vitamin E biosynthesis in olive fruit during on-tree development. Front. Plant Sci. 6:871. doi: 10.3389/fpls.2015.00871

Gimeno, J., Gadea, J., Forment, J., Pérez-Valle, J., Santiago, J., Martínez-Godoy, M. A., et al. (2009). Shared and novel molecular responses of mandarin to drought. Plant Mol. Biol. 70, 403–420. doi: 10.1007/s11103-009-9481-2

Gois, I. B., Borém, A., Cristofani-Yaly, M., de Resende, M. D. V., Azevedo, C. F., Bastianel, M., et al. (2016). Genome wide selection in citrus breeding. Genet. Mol. Res. 15:gmr15048863. doi: 10.4238/gmr15048863

Gomez-del-Campo, M. (2013). Summer deficit-irrigation strategies in a hedgerow olive orchard cv. ‘Arbequina’: effect on fruit characteristics and yield. Irrigation Sci. 31, 259–269. doi: 10.1007/s00271-011-0299-8

González-Plaza, J. J., Ortiz-Martín, I., Muñoz-Mérida, A., García-López, C., Sánchez-Sevilla, J. F., Luque, F., et al. (2016). Transcriptomic analysis using olive varieties and breeding progenies identifies candidate genes involved in plant architecture. Front. Plant Sci. 7:240. doi: 10.3389/fpls.2016.00240

Gordo, O., and Sanz, J. J. (2010). Impact of climate change on plant phenology in mediterranean ecosystems. Glob. Chang. Biol. 16, 1082–1106. doi: 10.1111/j.1365-2486.2009.02084.x

Green, P. S. (2002). A revision of Olea L. (Oleaceae). Kew Bull. 57, 91–140. doi: 10.2307/4110824

Greer, B. T., Still, C., Cullinan, G. L., Brooks, J. R., and Meinzer, F. C. (2018). Polyploidy influences plant-environment interactions in quaking aspen (Populus tremuloides Michx.). Tree Physiol. 38, 630–640. doi: 10.1093/treephys/tpx120

Grimplet, J., Adam-Blondon, A., Bert, P.-F., Bitz, O., Cantu, D., Davies, C., et al. (2014). The grapevine gene nomenclature system. BMC Genomics 15:1077. doi: 10.1186/1471-2164-15-1077

Grimplet, J., Cramer, G. R., Dickerson, J. A., Mathiason, K., van Hemert, J., and Fennell, A. Y. (2009). Vitisnet: ‘Omics’ integration through grapevine molecular networks. PLoS One 4:e8365. doi: 10.1371/journal.pone.0008365

Grimplet, J., Martínez-Zapater, J. M., and Carmona, M. J. (2016). Structural and functional annotation of the MADS-box transcription factor family in grapevine. BMC Genomics 17:80. doi: 10.1186/s12864-016-2398-7

Grimplet, J., Van Hemert, J., Carbonell-Bejerano, P., Diaz-Riquelme, J., Fennell, A., Pezzotti, M., et al. (2012). Comparative analysis of grapevine whole-genome predictions, functional annotation and categorization of the predicted gene sequences. BMC Res. Notes 5:213. doi: 10.1186/1756-0500-5-213

Grosser, J. W., Barthe, G. A., Castle, B., Gmitter, F. G., and Lee, O. (2015). The development of improved tetraploid citrus rootstocks to facilitate advanced production systems and sustainable citriculture in Florida. Acta Hortic. 1065, 319–327. doi: 10.17660/ActaHortic.2015.1065.38

Guerfel, M., Baccouri, O., Boujnah, D., Chaibi, W., and Zarrouk, M. (2009). Impacts of water stress on gas exchange, water relations, chlorophyll content and leaf structure in the two main tunisian olive (Olea europaea L.) cultivars. Sci. Hortic. 119, 257–263. doi: 10.1016/j.scienta.2008.08.006

Guo, F., Yu, H., Tang, Z., Jiang, X., Wang, L., Wang, X., et al. (2015). Construction of a SNP-based high-density genetic map for pummelo using RAD sequencing. Tree Genet. Genomes 11:2. doi: 10.1007/s11295-014-0831-0

Hernandez-Santana, V., Fernandez, J. E., Cuevas, M. V., Perez-Martin, A., and Diaz-Espejo, A. (2017). Photosynthetic limitations by water deficit: effect on fruit and olive oil yield, leaf area and trunk diameter and its potential use to control vegetative growth of super-high density olive orchards. Agric. Water Manag. 184, 9–18. doi: 10.1016/j.agwat.2016.12.016

Hernandez-Santana, V., Fernandez, J. E., Rodriguez-Dominguez, C. M., Romero, R., and Diaz-Espejo, A. (2016). The dynamics of radial sap flux density reflects changes in stomatal conductance in response to soil and air water deficit. Agric. For. Meteorol. 218, 92–101. doi: 10.1016/j.agrformet.2015.11.013

Houel, C., Chatbanyong, R., Doligez, A., Rienth, M., Foria, S., Luchaire, N., et al. (2015). Identification of stable QTLs for vegetative and reproductive traits in the microvine (Vitis vinifera L.) using the 18 K Infinium chip. BMC Plant Biol. 15:205. doi: 10.1186/s12870-015-0588-0

Huang, D., Zhao, Y., Cao, M., Qiao, L., and Zheng, Z.-L. (2016). Integrated systems biology analysis of transcriptomes reveals candidate genes for acidity control in developing fruits of sweet orange (Citrus sinensis L. Osbeck). Front. Plant Sci. 7:486. doi: 10.3389/fpls.2016.00486

Huang, H., Lu, J., Ren, Z., Hunter, W., Dowd, S. E., and Dang, P. (2010). Mining and validating grape (Vitis L.) ESTs to develop EST-SSR markers for genotyping and mapping. Mol. Breed. 28, 241–254. doi: 10.1007/s11032-010-9477-2

Huang, X., and Han, B. (2014). Natural variations and genome-wide association studies in crop plants. Annu. Rev. Plant Biol. 65, 531–551. doi: 10.1146/annurev-arplant-050213-035715

Huerta, L., Garcia-Lor, A., and Garcia-Martinez, J. L. (2009). Characterization of gibberellin 20-oxidases in the citrus hybrid carrizo citrange. Tree Physiol. 29, 569–577. doi: 10.1093/treephys/tpn049

Hyma, K. E., Barba, P., Wang, M., Londo, J. P., Acharya, C. B., Mitchell, S. E., et al. (2015). Heterozygous mapping strategy (HetMappS) for high resolution genotyping-by-sequencing markers: a case study in grapevine. PLoS One 10:e0134880. doi: 10.1371/journal.pone.0134880

Iaria, D., Chiappetta, A., and Muzzalupo, I. (2016). De novo transcriptome sequencing of Olea europaea L. to identify genes involved in the development of the pollen tube. Sci. World J. 2016, 1–7. doi: 10.1155/2016/4305252

Ibáñez, A. M., Martinelli, F., Reagan, R. L., Uratsu, S. L., Vo, A., Tinoco, M. A., et al. (2014). Transcriptome and metabolome analysis of citrus fruit to elucidate puffing disorder. Plant Sci. 217–218, 87–98. doi: 10.1016/j.plantsci.2013.12.003

Ideker, T., and Krogan, N. J. (2012). Differential network biology. Mol. Syst. Biol. 8:565. doi: 10.1038/msb.2011.99

Iglesias, D. J., Cercós, M., Colmenero-flores, J. M., Naranjo, M. A., Ríos, G., Carrera, E., et al. (2007). Physiology of citrus fruiting. Braz. J. Plant Physiol. 19, 333–362. doi: 10.1590/S1677-04202007000400006

Imai, A., Nonaka, K., Kuniga, T., Yoshioka, T., and Hayashi, T. (2018). Genome-wide association mapping of fruit-quality traits using genotyping-by-sequencing approach in citrus landraces, modern cultivars, and breeding lines in Japan. Tree Genet. Genomes 14:24.

IPCC (2014). Climate Change 2014: Synthesis Report. Contribution of Working Groups I, II and III to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change, eds Core Writing Team, R. K. Pachauri, and L. A. Meyer (Geneva: IPCC), 151.

İpek, A., Yılmaz, K., Sıkıcı, P., Tangu, N. A., Öz, A. T., Bayraktar, M., et al. (2016). SNP discovery by GBS in olive and the construction of a high-density genetic linkage map. Biochem. Genet. 54, 313–325. doi: 10.1007/s10528-016-9721-5

Ipek, M., Ipek, A., Seker, M., and Gul, M. K. (2015). Association of SSR markers with contents of fatty acids in olive oil and genetic diversity analysis of an olive core collection. Genet. Mol. Res. 14, 2241–2252. doi: 10.4238/2015.March.27.10

Iwata, H., Minamikawa, M. F., Kajiya-Kanegae, H., Ishimori, M., and Hayashi, T. (2016). Genomics-assisted breeding in fruit trees. Breed. Sci. 66, 100–115. doi: 10.1270/jsbbs.66.100

Jackson, S., and Chen, Z. J. (2010). Genomic and expression plasticity of polyploidy. Curr. Opin. Plant Biol 13, 153–159. doi: 10.1016/j.pbi.2009.11.004

Jaillon, O., Aury, J. M., Noel, B., Policriti, A., Clepet, C., Casagrande, A., et al. (2007). The grapevine genome sequence suggests ancestral hexaploidization in major angiosperm phyla. Nature 449, 463–467. doi: 10.1038/nature06148

Jiang, J., Liu, X., Liu, C., Liu, G., Li, S., and Wang, L. (2017). Integrating omics and alternative splicing reveals insights into grape response to high temperature. Plant Physiol. 173, 1502–1518. doi: 10.1104/pp.16.01305

Jiu, S., Zhu, X., Wang, J., Zhang, C., Mu, Q., Wang, C., et al. (2015). Genome-wide mapping and analysis of grapevine microRNAs and their potential target genes. Plant Genome 8, 1–16. doi: 10.3835/plantgenome2014.12.0091

Kadarmideen, H. N. (2014). Genomics to systems biology in animal and veterinary sciences: progress, lessons and opportunities. Livest. Sci. 166, 232–248. doi: 10.1016/j.livsci.2014.04.028

Kaniewski, D., Van Campo, E., Boiy, T., Terral, J. F., Khadari, B., and Besnard, G. (2012). Primary domestication and early uses of the emblematic olive tree: palaeobotanical, historical and molecular evidence from the middle east. Biol. Rev. 87, 885–899. doi: 10.1111/j.1469-185X.2012.00229.x

Kaya, H. B., Cetin, O., Kaya, H., Sahin, M., Sefer, F., Kahraman, A., et al. (2013). SNP discovery by illumina-based transcriptome sequencing of the olive and the genetic characterization of Turkish olive genotypes revealed by AFLP, SSR and SNP markers. PLoS One 8:e73674. doi: 10.1371/journal.pone.0073674

Kaya, H. B., Cetin, O., Kaya, H. S., Sahin, M., Sefer, F., and Tanyolac, B. (2016). Association mapping in Turkish olive cultivars revealed significant markers related to some important agronomic traits. Biochem. Genet. 54, 506–533. doi: 10.1007/s10528-016-9738-9

Khadari, B., Aabidine, A. Z., El Grout, C., Sadok, I., Ben, Doligez, A., et al. (2010). A genetic linkage map of olive based on amplified fragment length polymorphism, intersimple sequence repeat and simple sequence repeat markers. J. Am. Soc. Hortic. Sci. 135, 548–555. doi: 10.21273/JASHS.135.6.548

Khodadadi, E., Mehrabi, A. A., Najafi, A., Rastad, S., and Masoudi-Nejad, A. (2017). Systems biology study of transcriptional and post-transcriptional co-regulatory network sheds light on key regulators involved in important biological processes in citrus sinensis. Physiol. Mol. Biol. Plants 23, 331–342. doi: 10.1007/s12298-017-0416-0

Kimball, B. A. (2016). Crop responses to elevated CO2 and interactions with H2O, N, and temperature. Curr. Opin. Plant Biol 31, 36–43. doi: 10.1016/j.pbi.2016.03.006

Kizildeniz, T., Pascual, I., Irigoyen, J. J., and Morales, F. (2018). Using fruit-bearing cuttings of grapevine and temperature gradient greenhouses to evaluate effects of climate change (elevated CO2 and temperature, and water deficit) on the cv. red and white tempranillo. yield and must quality in three consecu. Agric. Water Manag. 202, 299–310. doi: 10.1016/j.agwat.2017.12.001

Klepo, T., De la Rosa, R., Satovic, Z., León, L., and Belaj, A. (2013). Utility of wild germplasm in olive breeding. Sci. Hortic. 152, 92–101. doi: 10.3389/fpls.2018.01320

Korres, N. E., Norsworthy, J. K., Tehranchian, P., Gitsopoulos, T. K., Loka, D. A., Oosterhuis, D. M., et al. (2016). Cultivars to face climate change effects on crops and weeds: a review. Agron. Sustain. Dev. 36, 1–22. doi: 10.1007/s13593-016-0350-5

Krueger, R. R., and Navarro, L. (2007). “Citrus germplasm resources,” in Citrus Genetics, Breeding and Biotechnology, ed. I. Khan (Wallingford: CAB International), 45–140. doi: 10.1079/9780851990194.0045

Kudo, G., and Ida, T. (2013). Early onset of spring increases the phenological mismatch between plants and pollinators. Ecology 94, 2311–2320. doi: 10.1890/12-2003.1

Kuhn, N., Guan, L., Dai, Z. W., Wu, B.-H., Lauvergeat, V., Gomès, E., et al. (2014). Berry ripening: recently heard through the grapevine. J. Exp. Bot. 65, 4543–4559. doi: 10.1093/jxb/ert395

Kumar, R., Bohra, A., Pandey, A. K., Pandey, M. K., and Kumar, A. (2017). Metabolomics for plant improvement: status and prospects. Front. Plant Sci. 8:1302. doi: 10.3389/fpls.2017.01302

Laucou, V., Launay, A., Bacilieri, R., Lacombe, T., Adam-Blondon, A. F., Bérard, A., et al. (2018). Extended diversity analysis of cultivated grapevine Vitis vinifera with 10K genome-wide SNPs. PLoS One 13:e0192540. doi: 10.1371/journal.pone.0192540

Lavee, S. (2013). Evaluation of the need and present potential of olive breeding indicating the nature of the available genetic resources involved. Sci. Hortic. 161, 333–339. doi: 10.1016/j.scienta.2013.07.002

Lavee, S., and Zohary, D. (2011). The potential of genetic diversity and the effect of geographically isolated resources in olive breeding. Israel J. Plant Sci. 59, 3–13. doi: 10.1560/IJPS.59.1.3

Lawlor, D. W. (2013). Genetic engineering to improve plant performance under drought: physiological evaluation of achievements, limitations, and possibilities. J. Exp. Bot. 64, 83–108. doi: 10.1093/jxb/ers326

Liang, M., Yang, X., Li, H., Su, S., Yi, H., Chai, L., et al. (2015). De novo transcriptome assembly of pummelo and molecular marker development. PLoS One 10:e0120615. doi: 10.1371/journal.pone.0120615

Ling, P., Duncan, L. W., Deng, Z., Dunn, D., Hu, X., Huang, S. Jr., et al. (2000). Inheritance of citrus nematode resistance and its linkage with molecular markers. Theor. Appl. Genet. 100, 1010–1017. doi: 10.1007/s001220051382

Liu, S. R., Li, W. Y., Long, D., Hu, C. G., and Zhang, J. Z. (2013). Development and characterization of genomic and expressed SSRs in citrus by genome-wide analysis. PLoS One 8:e75149. doi: 10.1371/journal.pone.0075149

Lobell, D. B., and Gourdji, S. M. (2012). The influence of climate change on global crop productivity. Plant Physiol. 160, 1686–1697. doi: 10.1104/pp.112.208298

Loureiro, J., Rodriguez, E., Costa, A., and Santos, C. (2007). Nuclear DNA content estimations in wild olive (Olea europaea L. ssp. europaea var. sylvestris Brot.) and Portuguese cultivars of O. europaea using flow cytometry. Genet. Resour. Crop Evol. 54, 21–25. doi: 10.1007/s10722-006-9115-3

Lund, M. S., De Roos, A. P., De Vries, A. G., Druet, T., Ducrocq, V., Fritz, S., et al. (2011). A common reference population from four European Holstein populations increases reliability of genomic predictions. Genet. Sel. Evol. 43:43. doi: 10.1186/1297-9686-43-43

Luro, F., Costantino, G., Terol, J., Argout, X., Allario, T., Wincker, P., et al. (2008). Transferability of the EST-SSRs developed on Nules clementine (Citrus clementina Hort ex Tan) to other Citrus species and their effectiveness for genetic mapping. BMC Genomics 9:287. doi: 10.1186/1471-2164-9-287

Marguerit, E., Brendel, O., Lebon, E., Leeuwen, C., and Van Ollat, N. (2012). Rootstock control of scion transpiration and its acclimation to water deficit are controlled by different genes. New Phytol. 194, 416–429. doi: 10.1111/j.1469-8137.2012.04059.x

Mariotti, R., Cultrera, N. G. M., Mousavi, S., Baglivo, F., Martina, R., Albertini, E., et al. (2016). Development, evaluation, and validation of new EST-SSR markers in olive (Olea europaea L.). Tree Genet. Genomes 12:120. doi: 10.1007/s11295-016-1077-9

Martínez-Lüscher, J., Kizildeniz, T., Vucetic, V., Dai, Z., Luedeling, E., van Leeuwen, C. L., et al. (2016). Sensitivity of grapevine phenology to water availability, temperature and CO2 concentration. Front. Environ. Sci. 4:48. doi: 10.3389/fenvs.2016.00048

Medina, E., Morales-Sillero, A., Ramírez, E. M., Rallo, P., Brenes, M., and Romero, C. (2012). New genotypes of table olives: profile of bioactive compounds. Int. J. Food Sci. Technol. 47, 2334–2341. doi: 10.1111/j.1365-2621.2012.03107.x

Medlyn, B. E. (2011). Comment on “Drought-induced reduction in global terrestrial net primary production from 2000 through 2009”. Science 333:1093. doi: 10.1126/science.1199544

Meng, F., Luo, Q., Wang, Q., Zhang, X., Qi, Z., Xu, F., et al. (2016). Physiological and proteomic responses to salt stress in chloroplasts of diploid and tetraploid black locust (Robinia pseudoacacia L.). Sci. Rep. 6:23098. doi: 10.1038/srep23098

Mercenaro, L., Nieddu, G., Porceddu, A., Pezzotti, M., and Camiolo, S. (2017). Sequence polymorphisms and structural variations among four grapevine (Vitis vinifera L.) cultivars representing Sardinian agriculture. Front. Plant Sci. 8:1279. doi: 10.3389/fpls.2017.01279

Meuwissen, T., Hayes, B., and Goddard, M. (2016). Genomic selection: a paradigm shift in animal breeding. Anim. Front. 6, 6–14. doi: 10.2527/af.2016-0002

Migicovsky, Z., Sawler, J., Money, D., Eibach, R., Miller, A. J., Luby, J. J., et al. (2016). Genomic ancestry estimation quantifies use of wild species in grape breeding. BMC Genomics 17:478. doi: 10.1186/s12864-016-2834-8

Mihaljević, M. Ž,Šimon, S., Pejiæć, I., Carka, F., Sevo, R., Kojić, A., et al. (2013). Molecular characterization of old local grapevine varieties from South East European countries. Vitis 52, 69–76.

Miller, M. R., Dunham, J. P., Amores, A., Cresko, W. A., and Johnson, E. A. (2007). Rapid and cost-effective polymorphism identification and genotyping using restriction site associated DNA (RAD) markers. Genome Res. 17, 240–248. doi: 10.1101/gr.5681207

Minamikawa, M. F., Nonaka, K., Kaminuma, E., Kajiya-Kanegae, H., Onogi, A., Goto, S., et al. (2017). Genome-wide association study and genomic prediction in citrus: potential of genomics-assisted breeding for fruit quality traits. Sci. Rep. 7:4721. doi: 10.1038/s41598-017-05100-x

Mkize, N., Hoelmer, K. A., and Villet, M. H. (2008). A survey of fruit-feeding insects and their parasitoids occurring on wild olives, Olea europaea ssp. cuspidata, in the Eastern Cape of South Africa. Biocontrol Sci. Technol. 18, 991–1004. doi: 10.1080/09583150802450154

Montero-Pau, J., Blanca, J., Esteras, C., Martinez-Perez, E. M., Gomez, P., Monforte, A. J., et al. (2017). An SNP-based saturated genetic map and QTL analysis of fruit-related traits in Zucchini using genotyping-by-sequencing. BMC Genomics 18:94. doi: 10.1186/s12864-016-3439-y

Moore, J. P., Le, N. T., Brandt, W. F., Driouich, A., and Farrant, J. M. (2009). Towards a systems-based understanding of plant desiccation tolerance. Trends Plant Sci. 14, 110–117. doi: 10.1016/j.tplants.2008.11.007

Moreno-Alias, I., Rapoport, H. F., and Martins, P. C. (2012). Morphological limitations in floral development among olive tree cultivars. Acta Hortic. 932, 23–27. doi: 10.17660/ActaHortic.2012.932.2

Moretto, M., Sonego, P., Pilati, S., Malacarne, G., Costantini, L., Grzeskowiak, L., et al. (2016). VESPUCCI: exploring patterns of gene expression in grapevine. Front. Plant Sci. 7:633. doi: 10.3389/fpls.2016.00633

Morreel, K., Goeminne, G., Storme, V., Sterck, L., Ralph, J., Coppieters, W., et al. (2006). Genetical metabolomics of flavonoid biosynthesis in populus: a case study. Plant J. 47, 224–237. doi: 10.1111/j.1365-313X.2006.02786.x

Morrell, P. L., Buckler, E. S., and Ross-Ibarra, J. (2011). Crop genomics: advances and applications. Nat. Rev. Genet. 13:85. doi: 10.1038/nrg3097

Morton, E. M., and Rafferty, N. E. (2017). Plant–pollinator interactions under climate change: the use of spatial and temporal transplants. Appl. Plant Sci. 5:1600133. doi: 10.3732/apps.1600133

Motosugi, H., Okudo, K., Kataoka, D., and Naruo, T. (2002). Comparison of growth characteristics between diploid and colchicine-induced tetraploid grape rootstocks. J. Japanese Soc. Hortic. Sci. 71, 335–341. doi: 10.2503/jjshs.71.335

Moutinho-Pereira, J., Goncalves, B., Bacelar, E., Cunha, J. B., Coutinho, J., and Correia, C. M. (2009). Effects of elevated CO2 on grapevine (Vitis vinifera L.): physiological and yield attributes. Vitis 48, 159–165.

Mulas, M. (1999). Characterisation of olive wild ecotypes. Acta Hortic. 474, 121–124. doi: 10.17660/ActaHortic.1999.474.21

Muleo, R., Morgante, M., Velasco, R., Cavallini, A., Perrotta, G., and Baldoni, L. (2012). “Olive tree genomic,” in Olive Germplasm. The Olive Cultivation, Table and Olive Oil Industry in Italy, ed. I. Mazzalupo (Rijeka: InTech Publisher), 133–148.

Mullins, M. G., Plummer, J. A., and Snowball, A. M. (1989). “Flowering initiation: new approaches to the study of flowering in perennial fruit plants,” in Mannipulation of Fruiting, ed. C. J. Wright (London: Butterworths), 65–77.

Myles, S., Boyko, A. R., Owens, C. L., Brown, P. J., Grassi, F., Aradhya, M. K., et al. (2011). Genetic structure and domestication history of the grape. Proc. Natl. Acad. Sci. U.S.A. 108, 3530–3535. doi: 10.1073/pnas.1009363108

Myles, S., Chia, J.-M., Hurwitz, B., Simon, C., Zhong, G. Y., Buckler, E., et al. (2010). Rapid genomic characterization of the genus vitis. PLoS One 5:e8219. doi: 10.1371/journal.pone.0008219

Nicolas, S. D., Peros, J. P., Lacombe, T., Launay, A., Le Paslier, M. C., Bérard, A., et al. (2016). Genetic diversity, linkage disequilibrium and power of a large grapevine (Vitis vinifera L) diversity panel newly designed for association studies. BMC Plant Biol. 16:74. doi: 10.1186/s12870-016-0754-z

Nicolosi, E., Deng, Z. N., Gentile, A., la Malfa, S., Continella, G., and Tribulato, E. (2000). Citrus phylogeny and genetic origin of important species as investigated by molecular markers. Theor. Appl. Genet. 100, 1155–1166. doi: 10.1007/s001220051419

Olesen, J. E., Trnka, M., Kersebaum, K. C., Skjelvåg, A. O., Seguin, B., Peltonen-Sainio, P., et al. (2011). Impacts and adaptation of European crop production systems to climate change. Eur. J. Agron. 34, 96–112. doi: 10.1016/j.eja.2010.11.003

Oliveira, T. M., Yahmed, J., Ben Dutra, J., Maserti, B. E., Talon, M., Navarro, L., et al. (2017). Better tolerance to water deficit in doubled diploid ‘Carrizo citrange’ compared to diploid seedlings is associated with more limited water consumption and better H2O2 scavenging. Acta Physiol. Plant. 39, e204. doi: 10.1007/s11738-017-2497-3

Ollitrault, F., Terol, J., Pina, J. A., Navarro, L., Talon, M., and Ollitrault, P. (2010). Development of SSR markers from Citrus clementina (Rutaceae) BAC end sequences and interspecific transferability in Citrus. Am. J. Bot. 97, e124–e129. doi: 10.3732/ajb.1000280

Ollitrault, P., Dambier, D., Luro, F., and Duperray, C. (1994). Nuclear genome size variations in Citrus. Fruits 49, 390–393.

Ollitrault, P., and Navarro, L. (2012). “Citrus,” in Fruit Breeding, ed. M. Badenes (London: Springer), 623–662. doi: 10.1007/978-1-4419-0763-9_16

Ollitrault, P., Terol, J., Chen, C., Federici, C. T., Lotfy, S., Hippolyte, I., et al. (2012). A reference genetic map of C. clementina hort. ex Tan.; citrus evolution inferences from comparative mapping. BMC Genomics 13:593. doi: 10.1186/1471-2164-13-593

Omura, M., and Shimada, T. (2016). Citrus breeding, genetics and genomics in Japan. Breed. Sci. 66, 3–17. doi: 10.1270/jsbbs.66.3

Oueslati, A., Salhi-Hannachi, A., Luro, F., Vignes, H., Mournet, P., and Ollitrault, P. (2017). Genotyping by sequencing reveals the interspecific C. maxima/C. reticulata admixture along the genomes of modern citrus varieties of mandarins, tangors, tangelos, orangelos and grapefruits. PLoS One 12:e0185618. doi: 10.1371/journal.pone.0185618

Padoan, D., Mossad, A., Chiancone, B., GermanÃ, M. A., and Khan, P. S. S. V. (2013). Ploidy levels in Citrus clementine affects leaf morphology, stomatal density and water content. Theor. Exp. Plant Physiol. 25, 283–290. doi: 10.1590/S2197-00252013000400006

Pap, D., Riaz, S., Dry, I. B., Jermakow, A., Tenscher, A. C., Cantu, D., et al. (2016). Identification of two novel powdery mildew resistance loci, Ren6 and Ren7, from the wild Chinese grape species Vitis piasezkii. BMC Plant Biol. 16:178. doi: 10.1186/s12870-016-0855-8

Pavlousek, P. (2011). Evaluation of drought tolerance of new grapevine rootstock hybrids. J. Environ. Biol. 32, 543–549.

Peleg, Z., and Blumwald, E. (2011). Hormone balance and abiotic stress tolerance in crop plants. Curr. Opin. Plant Biol. 14, 290–295. doi: 10.1016/j.pbi.2011.02.001

Penjor, T., Mimura, T., Matsumoto, R., Yamamoto, M., and Nagano, Y., (2014). Characterization of limes (Citrus aurantifolia) grown in Bhutan and Indonesia using high-throughput sequencing. Sci. Rep. 4:4853. doi: 10.1038/srep04853

Pulvirenti, A., Giugno, R., Distefano, R., Pigola, G., Mongiovi, M., Giudice, G., et al. (2015). A knowledge base for Vitis vinifera functional analysis. BMC Syst. Biol. 9(Suppl. 3):S5. doi: 10.1186/1752-0509-9-S3-S5

Quecini, V., Torres, G. A. M., Rosa, V. E. Jr., De Gimenes, M. A., Machado, J. B. D. M., Figueira, A. V. D. O., et al. (2007). In silico analysis of phytohormone metabolism and communication pathways in citrus transcriptome. Genet. Mol. Biol. 30, 713–733. doi: 10.1590/S1415-47572007000500002

Raga, V., Intrigliolo, D., Bernet, G., Carbonell, E. A., and Asins, J. M. (2016). Genetic analysis of salt tolerance in a progeny derived from the citrus rootstocks cleopatra mandarin and trifoliate orange. Tree Genet. Genomes 12:34. doi: 10.1007/s11295-016-0991-1

Ragupathy, R., Ravichandran, S., Mahdi, S. R., and Huang, D. (2016). Deep sequencing of wheat sRNA transcriptome reveals distinct temporal expression pattern of miRNAs in response to heat, light and UV. Sci. Rep. 6:39373. doi: 10.1038/srep39373

Rao, G., Liu, X., Zha, W., Wu, W., and Zhang, J. (2017). Metabolomics reveals variation and correlation among different tissues of olive (Olea europaea L.). Biol. Open 6, 1317–1323. doi: 10.1242/bio.025585

Reale, S., Doveri, S., Diaz, A., Angiolillo, A., Lucentini, L., Pilla, F., et al. (2006). SNP-based markers for discriminating olive (Olea europaea L.) cultivars. Genome 49, 1193–1205. doi: 10.1139/g06-068

Reisch, B., Owens, C. L., and Cousins, P. S. (2012). “Grape,” in Fruit Breeding. Handbook of Plant Breeding, eds M. L. Badenes and D. H. Byrne (Boston, MA: Springer), 891.

Reuther, W. (1973). “Climate and citrus behavior,” in The Citrus Industry, ed. W. Reuther (Riverside, CA: University of California), 280–336.

Reuther, W., and Rios-Castaño, D. (1969). “Comparison of growth, maturation and composition of citrus fruits in subtropical California and tropical Colombia,” in Proceedings of the 1st International Citrus Symposium, ed. H. Chapman (Riverside, CA: University of California), 277–300.

Rex, F., Fechter, I., Hausmann, L., and Topfer, R. (2014). QTL mapping of black rot (Guignardia bidwellii) resistance in the grapevine rootstock ‘Borner’ (V. riparia Gm183 x V. cinerea Arnold). Theoretical And Applied Genetics 127, 1667–1677. doi: 10.1007/s00122-014-2329-4

Rhee, S. Y., and Mutwil, M. (2014). Towards revealing the functions of all genes in plants. Trends Plant Sci. 19, 212–221. doi: 10.1016/j.tplants.2013.10.006

Rodriguez Cohard, J. C., Martinez, J. D. S., and Simon, V. J. G. (2017). The upgrading strategy of olive oil producers in Southern Spain: origin, development and constraints. Rural Soc. 26, 30–47. doi: 10.1080/10371656.2017.1285470

Romero-Aranda, R., Bondada, B. R., Syvertsen, J. P., and Grosser, J. W. (1997). Leaf characteristics and net gas exchange of diploid and autotetraploid citrus. Ann. Bot. 79, 153–160. doi: 10.1006/anbo.1996.0326

Ronchail, J., Cohen, M., Alonso-Roldan, M., Garcin, H., Sultan, B., and Angles, S. (2014). Adaptability of Mediterranean agricultural systems to climate change: the example of the Sierra Magina olive-growing region (Andalusia, Spain). Part II: the future. Weather Clim. Soc. 6, 451–467. doi: 10.1175/WCAS-D-12-00045.1

Rugini, E., Cristofori, V., and Silvestri, C. (2016). Genetic improvement of olive (Olea europaea L.) by conventional and in vitro biotechnology methods. Biotechnol. Adv. 34, 687–696. doi: 10.1016/j.biotechadv.2016.03.004

Rugini, E., Pannelli, G., Ceccarelli, M., and Muganu, M. (1996). Isolation of triploid and tetraploid olive (Olea europaea L.) plants from mixoploid cv. FrantoTM and ∼LeccinoTM mutants by in vivo and in vitro selection. Plant Breed. 115, 23–27. doi: 10.1111/j.1439-0523.1996.tb00865.x

Ruiz, M., Quinones, A., Marti-nez-Alcantara, B., Aleza, P., Morillon, R., Navarro, L., et al. (2016a). Effects of salinity on diploid (2x) and doubled diploid (4x) Citrus macrophylla genotypes. Sci. Hortic. 207, 33–40. doi: 10.1016/j.scienta.2016.05.007

Ruiz, M., Quinones, A., Marti-nez-Alcantara, B., Aleza, P., Morillon, R., Navarro, L., et al. (2016b). Tetraploidy Enhances Boron-Excess Tolerance in Carrizo Citrange (Citrus sinensis L. Osb. (Poncirus trifoliata L. Raf.). Front. Plant Sci. 7:701. doi: 10.3389/fpls.2016.00701

Sadok, I., Ben Celton, J. M., Essalouh, L., Aabidine, A. Z., El, Garcia, G., et al. (2013). QTL mapping of flowering and fruiting traits in olive. PLoS One 8:e62831. doi: 10.1371/journal.pone.0062831

Samaniego, L., Thober, S., Kumar, R., Wanders, N., Rakovec, O., Pan, M., et al. (2018). Anthropogenic warming exacerbates European soil moisture droughts. Nat. Clim. Chang. 8, 421–426. doi: 10.1038/s41558-018-0138-5

Santos-Antunes, F., León, L., de la Rosa, R., Alvarado, J., Mohedo, A., Trujillo, I., et al. (2005). The length of the juvenile period in olive as influenced by vigor of the seedlings and the precocity of the parents. HortScience 40, 1213–1215. doi: 10.21273/HORTSCI.40.5.1213

Savoi, S., Wong, D. C. J., Degu, A., Herrera, J. C., Bucchetti, B., Peterlunger, E., et al. (2017). Multi-omics and integrated network analyses reveal new insights into the systems relationships between metabolites, structural genes, and transcriptional regulators in developing grape berries (Vitis vinifera L.) exposed to water deficit. Front. Plant Sci. 8:1124. doi: 10.3389/fpls.2017.01124

Scalabrin, S., Troggio, M., Moroldo, M., Pindo, M., Felice, N., Coppola, G., et al. (2010). Physical mapping in highly heterozygous genomes: a physical contig map of the pinot noir grapevine cultivar. BMC Genomics 11:204. doi: 10.1186/1471-2164-11-204

Scheben, A., Yuan, Y., and Edwards, D. (2016). Advances in genomics for adapting crops to climate change. Curr. Plant Biol. 6, 2–10. doi: 10.1016/j.cpb.2016.09.001

Sebastiani, L., and Busconi, M. (2017). Recent developments in olive (Olea europaea L.) genetics and genomics: applications in taxonomy, varietal identification, traceability and breeding. Plant Cell Rep. 36, 1345–1360. doi: 10.1007/s00299-017-2145-9

Serra, I., Strever, A., Myburgh, P. A., and Deloire, A. (2014). Review: the interaction between rootstocks and cultivars (Vitis vinifera L.) to enhance drought tolerance in grapevine. Aust. J. Grape Wine Res. 20, 1–14. doi: 10.1111/ajgw.12054

Shah, T., Xu, J., Zou, X., Cheng, Y., Nasir, M., and Zhang, X. (2018). Omics approaches for engineering wheat production under abiotic stresses. Int. J. Mol. Sci. 19:2390. doi: 10.3390/ijms19082390

Shimada, T., Fujii, H., Endo, T., Ueda, T., Sugiyama, A., Nakano, M., et al. (2014). Construction of a citrus framework genetic map anchored by 708 gene-based markers. Tree Genet. Genomes 10, 1001–1013. doi: 10.1007/s11295-014-0738-9

Shimizu, T., Tanizawa, Y., Mochizuki, T., Nagasaki, H., Yoshioka, T., Toyoda, A., et al. (2017). Draft sequencing of the heterozygous diploid genome of satsuma (Citrus unshiu Marc.) using a hybrid assembly approach. Front. Genet. 8:810. doi: 10.3389/fgene.2017.00180

Shrestha, M., Garcia, J. E., Bukovac, Z., Dorin, A., and Dyer, A. G. (2018). Pollination in a new climate: assessing the potential influence of flower temperature variation on insect pollinator behaviour. PLoS One 13:e0200549. doi: 10.1371/journal.pone.0200549

Singh, B., Bohra, A., Mishra, S., Joshi, R., and Pandey, S. (2015). Embracing new-generation ‘omics’ tools to improve drought tolerance in cereal and food-legume crops. Biol. Plant. 59, 413–428. doi: 10.1007/s10535-015-0515-0

Soltis, P. S., and Soltis, D. E. (2009). The role of hybridization in plant speciation. Annu. Rev. Plant Biol. 60, 561–588. doi: 10.1146/annurev.arplant.043008.092039

Swingle, W. T., and Reece, P. C. (1967). “The botany of citrus and its wild relatives,” in The Citrus Industry, eds W. Reuther, H. J. Webber, and D. L. Batchelor (Berkeley, CA: University of California), 190–430.

Talon, M., Zacarias, L., and Primo-Millo, E. (1992). Gibberellins and parthenocarpic ability in developing ovaries of seedless mandarins. Plant Physiol. 99, 1575–1581. doi: 10.1104/pp.99.4.1575

Tan, F.-Q., Tu, H., Liang, W.-J., Long, J.-M., Wu, X.-M., Zhang, H.-Y., et al. (2015). Comparative metabolic and transcriptional analysis of a doubled diploid and its diploid citrus rootstock (C. junos cv. Ziyang xiangcheng) suggests its potential value for stress resistance improvement. BMC Plant Biol. 15:89. doi: 10.1186/s12870-015-0450-4

Tanaka, T. (1961). Citologia: Semi-Centennial Commemoration Papers on Citrus Studies. Osaka: Citologia Supporting Foundation.

Tanou, G., Filippou, P., Belghazi, M., Job, D., Diamantidis, G., Fotopoulos, V., et al. (2012). Oxidative and nitrosative-based signaling and associated post-translational modifications orchestrate the acclimation of citrus plants to salinity stress. Plant J. 72, 585–599. doi: 10.1111/j.1365-313X.2012.05100.x

Tardieu, F., Granier, C., and Muller, B. (2011). Water deficit and growth. Co-ordinating processes without an orchestrator? Curr. Opin. Plant Biol. 14, 283–289. doi: 10.1016/j.pbi.2011.02.002

Terol, J., Tadeo, F., Ventimilla, D., and Talon, M. (2016). An RNA-Seq-based reference transcriptome for Citrus. Plant Biotechnol. J. 14, 938–950. doi: 10.1111/pbi.12447

Terral, J. F., Tabard, E., Bouby, L., Ivorra, S., Pastor, T., Figueiral, I., et al. (2010). Evolution and history of grapevine (Vitis vinifera) under domestication: new morphometric perspectives to understand seed domestication syndrome and reveal origins of ancient European cultivars. Ann. Bot. 105, 443–455. doi: 10.1093/aob/mcp298

This, P., Lacombe, T., and Thomas, M. R. (2006). Historical origins and genetic diversity of wine grapes. Trends Genet. 22, 511–519. doi: 10.1016/j.tig.2006.07.008

Tognetti, R., Sebastiani, L., Minnocci, A., Vitagliano, C., and Raschi, A. (2002). Foliar responses of olive trees (Olea europaea L.) under field exposure to elevated CO2 concentration. Acta Hortic. 586, 449–452. doi: 10.17660/ActaHortic.2002.586.92

Tous, J., Romero, A., Plana, J., and Hermoso, J. F. (2008). Olive oil cultivars suitable for very-high density planting conditions. Acta Hortic. 791, 403–408. doi: 10.17660/ActaHortic.2008.791.59

Trentacoste, E. R., Contreras-Zanessi, O., Beya-Marshall, V., and Puertas, C. M. (2018). Genotypic variation of physiological and morphological traits of seven olive cultivars under sustained and cyclic drought in Mendoza, Argentina. Agric. Water Manag. 196, 48–56. doi: 10.1016/j.agwat.2017.10.018

Troggio, M., Malacarne, G., Coppola, G., Segala, C., Cartwright, D. A., Pindo, M., et al. (2007). A dense single-nucleotide polymorphism-based genetic linkage map of grapevine (Vitis vinifera L.) anchoring Pinot Noir bacterial artificial chromosome contigs. Genetics 176:2637.

Unver, T., Wu, Z., Sterck, L., Turktas, M., Lohaus, R., Li, Z., et al. (2017). Genome of wild olive and the evolution of oil biosynthesis. Proc. Natl. Acad. Sci. U.S. North Am. 114, E9413–E9422. doi: 10.1073/pnas.1708621114

Urano, K., Kurihara, Y., Seki, M., and Shinozaki, K. (2010). ‘Omics’ analyses of regulatory networks in plant abiotic stress responses. Curr. Opin. Plant Biol. 13, 132–138. doi: 10.1016/j.pbi.2009.12.006

Van Leeuwen, C., Friant, P., Choné, X., Tregoat, O., Koundouras, S., and Dubourdieu, D. (2004). Influence of climate, soil, and cultivar on terroir. Am. J. Enol. Vitic. 55, 207–217.

Vara Prasad, P. V., Allen, L. H. Jr., and Boote, K. J. (2005). Crop responses to elevated carbon dioxide and interaction with temperature: grain legumes. J. Crop Improv. 13, 113–155. doi: 10.1300/J411v13n01_07

Viana, A. P., Riaz, S., and Walker, M. A. (2013). Genetic dissection of agronomic traits within a segregating population of breeding table grapes. Genet. Mol. Res. 12, 951–964. doi: 10.4238/2013.April.2.11

Vu, J. C. V., Newman, Y. C., Allen, L. H. Jr., Gallo-Meagher, M., and Zhang, M.-Q. (2002). Photosynthetic acclimation of young sweet orange trees to elevated growth CO2 and temperature. J. Plant Physiol. 159, 147–157. doi: 10.1078/0176-1617-00689

Wahbi, S., Wakrim, R., Aganchich, B., Tahi, H., and Serraj, R. (2005). Effects of partial rootzone drying (PRD) on adult olive tree (Olea europaea) in field conditions under and climate - I. Physiological and agronomic responses. Agric. Ecosyst. Environ. 106, 289–301. doi: 10.1016/j.agee.2004.10.015

Wang, J., Su, K., Guo, Y., Xing, H., Zhao, Y., Liu, Z., et al. (2017). Construction of a high-density genetic map for grape using specific length amplified fragment (SLAF) sequencing. PLoS One 12:e0181728. doi: 10.1371/journal.pone.0181728

Wang, X., Xu, Y., Zhang, S., Cao, L., Huang, Y., Cheng, J., et al. (2017). Genomic analyses of primitive, wild and cultivated citrus provide insights into asexual reproduction. Nat. Genet. 49, 765–772. doi: 10.1038/ng.3839

Wang, L., He, F., Huang, Y., He, J., Yang, S., Zeng, J., et al. (2018). Genome of wild mandarin and domestication history of mandarin. Mol. Plant 11, 1024–1037. doi: 10.1016/j.molp.2018.06.001

Wang, X., Xu, Y., Hu, Z., and Xu, C. (2018). Genomic selection methods for crop improvement: current status and prospects. Crop J. 6, 330–340. doi: 10.1016/j.cj.2018.03.001

Warschefsky, E. J., Klein, L. L., Frank, M. H., Chitwood, D. H., Londo, J. P., von Wettberg, E. J. B., et al. (2016). Rootstocks: diversity, domestication, and impacts on shoot phenotypes. Trends Plant Sci. 21, 418–437. doi: 10.1016/j.tplants.2015.11.008

Weber, C. A., Moore, G. A., Deng, Z. N. Jr., and Gmitter, F. G. (2003). Mapping freeze tolerance quantitative trait loci in a Citrus grandis x Poncirus trifoliata F1 pseudo-testcross using molecular markers. J. Am. Soc. Hortic. Sci. 128, 508–514. doi: 10.21273/JASHS.128.4.0508

Wiggans, G. R., VanRaden, P. M., and Cooper, T. A. (2011). The genomic evaluation system in the United States: past, present, future. J. Dairy Sci. 94, 3202–3211. doi: 10.3168/jds.2010-3866

Wolkovich, E. M., Burge, D. O., Walker, M. A., and Nicholas, K. A. (2017). Phenological diversity provides opportunities for climate change adaptation in winegrapes. J. Ecol. 105, 905–912. doi: 10.1111/1365-2745.12786

Wong, D. C. J., Lopez Gutierrez, R., Gambetta, G. A., and Castellarin, S. D. (2017). Genome-wide analysis of cis-regulatory element structure and discovery of motif-driven gene co-expression networks in grapevine. DNA Res. 24, 311–326. doi: 10.1093/dnares/dsw061

Wong, D. C. J., and Matus, J. T. (2017). Constructing integrated networks for identifying new secondary metabolic pathway regulators in grapevine: recent applications and future opportunities. Front. Plant Sci. 8:505. doi: 10.3389/fpls.2017.00505

Wong, D. C. J., Sweetman, C., Drew, D. P., and Ford, C. M. (2013). VTCdb: a gene co-expression database for the crop species Vitis vinifera (grapevine). BMC Genomics 14:882. doi: 10.1186/1471-2164-14-882

Wong, D. C. J., Sweetman, C., and Ford, C. M. (2014). Annotation of gene function in citrus using gene expression information and co-expression networks. BMC Plant Biol. 14:186. doi: 10.1186/1471-2229-14-186

Wu, G. A., Prochnik, S., Jenkins, J., Salse, J., Hellsten, U., Murat, F., et al. (2014). Sequencing of diverse mandarin, pummelo and orange genomes reveals complex history of admixture during citrus domestication. Nat. Biotechnol. 32, 656–662. doi: 10.1038/nbt.2906

Wu, G. A., Terol, J., Ibanez, V., López-García, A., Pérez-Román, E., Borredá, C., et al. (2018). Genomics of the origin and evolution of Citrus. Nature 554, 311–316. doi: 10.1038/nature25447

Xi, Y., Liu, J., Dong, C., and Cheng, Z.-M. (2017). The CBL, and CIPK gene family in grapevine (Vitis. (vinifera)): genome-wide analysis and expression profiles in response to various abiotic stresses. Front. Plant Sci. 8:978. doi: 10.3389/fpls.2017.00978

Xie, R., Zhang, J., Ma, Y., Pan, X., Dong, C., Pang, S., et al. (2017). Combined analysis of mRNA and miRNA identifies dehydration and salinity responsive key molecular players in citrus roots. Sci. Rep. 7:42094. doi: 10.1038/srep42094

Xu, Q., Chen, L.-L., Ruan, X., Chen, D., Zhu, A., Chen, C., et al. (2013). The draft genome of sweet orange (Citrus sinensis). Nat. Genet. 45, 59–66. doi: 10.1038/ng.2472

Xu, Y., Gao, Z., Tao, J., Jiang, W., Zhang, S., Wang, Q., et al. (2016). Genome-wide detection of SNP and SV variations to reveal early ripening-related genes in grape. PLoS One 11:e0147749. doi: 10.1371/journal.pone.0147749

Yang, S., Fresnedo-Ramirez, J., Sun, Q., Manns, D. C., Sacks, G. L., Mansfield, A. K., et al. (2016). Next generation mapping of enological traits in an F2 interspecific grapevine hybrid family. PLoS One 11:e0149560. doi: 10.1371/journal.pone.0149560

Yang, Y., He, M., Zhu, Z., Li, S., Xu, Y., Zhang, C., et al. (2012). Identification of the dehydrin gene family from grapevine species and analysis of their responsiveness to various forms of abiotic and biotic stress. BMC Plant Biol. 12:140. doi: 10.1186/1471-2229-12-140

Yun, Z., Gao, H., Liu, P., Liu, S., Luo, T., Jin, S., et al. (2013). Comparative proteomic and metabolomic profiling of citrus fruit with enhancement of disease resistance by postharvest heat treatment. BMC Plant Biol. 13:44. doi: 10.1186/1471-2229-13-44

Zamboni, A., Di Carli, M., Guzzo, F., Stocchero, M., Zenoni, S., Ferrarini, A., et al. (2010). Identification of putative stage-specific grapevine berry biomarkers and omics data integration into networks. Plant Physiol. 154, 1439–1459. doi: 10.1104/pp.110.160275

Zandalinas, S. I., Mittler, R., Balfagon, D., Arbona, V., Gomez-Cadenas, A., Balfagón, D., et al. (2017). Plant adaptations to the combination of drought and high temperatures. Physiol. Plant. 162, 2–12. doi: 10.1111/ppl.12540

Zhang, K., Han, Y.-T., Zhao, F.-L., Hu, Y., Gao, Y.-R., Ma, Y.-F., et al. (2015). Genome-wide identification and expression analysis of the CDPK gene family in grape, vitis spp. BMC Plant Biol. 15:164. doi: 10.1186/s12870-015-0552-z

Zhang, X. N., Li, X., and Liu, J. H. (2014). Identification of Conserved and Novel Cold-Responsive microRNAs in trifoliate orange (Poncirus trifoliata (L.) Raf.) using high-throughput sequencing. Plant Mol. Biol. Rep. 32, 328–341. doi: 10.1007/s11105-013-0649-1

Zhao, Y. H., Su, K., Guo, Y. H., Ma, H. F., and Guo, X. W. (2016). Molecular genetic map construction and QTL analysis of fruit maturation period in grapevine. Genet. Mol. Res. 15:gmr15028040. doi: 10.4238/gmr.15028040

Ziogas, V., Tanou, G., Belghazi, M., Filippou, P., Fotopoulos, V., Grigorios, D., et al. (2015). Roles of sodium hydrosulfide and sodium nitroprusside as priming molecules during drought acclimation in citrus plants. Plant Mol. Biol. 89, 433–450. doi: 10.1007/s11103-015-0379-x

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 De Ollas, Morillón, Fotopoulos, Puértolas, Ollitrault, Gómez-Cadenas and Arbona. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	 
	ORIGINAL RESEARCH
published: 24 April 2019
doi: 10.3389/fpls.2019.00501






[image: image]

Co-occurrence of Mild Salinity and Drought Synergistically Enhances Biomass and Grain Retardation in Wheat

Kenny Paul1†, János Pauk2, Ankica Kondic-Spika3, Heinrich Grausgruber4, Tofig Allahverdiyev5,6, László Sass1 and Imre Vass1*

1Institute of Plant Biology, Biological Research Centre, Hungarian Academy of Sciences, Szeged, Hungary

2Department of Biotechnology, Cereal Research Non-Profit Ltd., Szeged, Hungary

3Institute of Field and Vegetable Crops, Novi Sad, Serbia

4Department of Crop Sciences, University of Natural Resources and Life Sciences, Vienna, Austria

5Research Institute of Crop Husbandry, Ministry of Agriculture of Azerbaijan Republic, Baku, Azerbaijan

6Institute of Molecular Biology and Biotechnology, Azerbaijan National Academy of Sciences, Baku, Azerbaijan

Edited by:
Sebastien Christian Carpentier, Bioversity International, Belgium

Reviewed by:
Christoph Martin Geilfus, Humboldt University of Berlin, Germany
Anne Frary, İzmir Institute of Technology, Turkey

*Correspondence: Imre Vass, imre.vass@brc.mta.hu

†Present address: Kenny Paul, Reliance Research and Development Centre, Navi Mumbai, India

Specialty section: This article was submitted to Plant Breeding, a section of the journal Frontiers in Plant Science

Received: 29 October 2018
Accepted: 01 April 2019
Published: 24 April 2019

Citation: Paul K, Pauk J, Kondic-Spika A, Grausgruber H, Allahverdiyev T, Sass L and Vass I (2019) Co-occurrence of Mild Salinity and Drought Synergistically Enhances Biomass and Grain Retardation in Wheat. Front. Plant Sci. 10:501. doi: 10.3389/fpls.2019.00501

In the present study we analyzed the responses of wheat to mild salinity and drought with special emphasis on the so far unclarified interaction of these important stress factors by using high-throughput phenotyping approaches. Measurements were performed on 14 genotypes of different geographic origin (Austria, Azerbaijan, and Serbia). The data obtained by non-invasive digital RGB imaging of leaf/shoot area reflect well the differences in total biomass measured at the end of the cultivation period demonstrating that leaf/shoot imaging can be reliably used to predict biomass differences among different cultivars and stress conditions. On the other hand, the leaf/shoot area has only a limited potential to predict grain yield. Comparison of gas exchange parameters with biomass accumulation showed that suppression of CO2 fixation due to stomatal closure is the principal cause behind decreased biomass accumulation under drought, salt and drought plus salt stresses. Correlation between grain yield and dry biomass is tighter when salt- and drought stress occur simultaneously than in the well-watered control, or in the presence of only salinity or drought, showing that natural variation of biomass partitioning to grains is suppressed by severe stress conditions. Comparison of yield data show that higher biomass and grain yield can be expected under salt (and salt plus drought) stress from those cultivars which have high yield parameters when exposed to drought stress alone. However, relative yield tolerance under drought stress is not a good indicator of yield tolerance under salt (and salt plus drought) drought stress. Harvest index of the studied cultivars ranged between 0.38 and 0.57 under well watered conditions and decreased only to a small extent (0.37–0.55) even when total biomass was decreased by 90% under the combined salt plus drought stress. It is concluded that the co-occurrence of mild salinity and drought can induce large biomass and grain yield losses in wheat due to synergistic interaction of these important stress factors. We could also identify wheat cultivars, which show high yield parameters under the combined effects of salinity and drought demonstrating the potential of complex plant phenotyping in breeding for drought and salinity stress tolerance in crop plants.
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INTRODUCTION

Drought and salinity are two widespread environmental abiotic stress factors in many regions. Soil salinization is one of the serious forms of soil degradation, which can arise from natural causes and human-mediated activity, such as irrigation in arid and semi-arid regions (Rengasamy et al., 2010). More than 800 million hectares of land throughout the world are salt-affected, which has important consequences for the productivity of wheat and other crops. Increased soil salt concentrations decrease the ability of plants to take up water leading to apparent water limitation, or can lead to the accumulation of salt in the shoots, which negatively affects growth by impairing metabolic processes and decreasing photosynthetic efficiency, partly through stomatal closure (Flowers and Yeo, 1995; Maser et al., 2002; Munns, 2002; Roy et al., 2014). As a consequence of the ongoing global climate changes low water availability and salinization are expected to affect up to 50% of all arable lands by the year 2050 (Wang et al., 2003), which will hamper efforts to meet the dramatically increasing demand for food predicted by the same year (Cobb et al., 2013). Salinity can affect plant functions via two main mechanisms (Munns and James, 2003; Munns and Tester, 2008; Arzani and Ashraf, 2016): (i) via inducing external osmotic pressure around the roots in the soil, which decreases the uptake of water leading symptoms similar to caused by drought, and (ii) via toxic effect of salt ions, mostly Na+ and Cl-, which accumulate in the plant tissues, mostly in the leaves. The osmotic effect is characteristic at low level of salinity and in the initial phases of salt exposure, while the ionic effect occurs during long term exposure and at high levels of salinity (Munns and James, 2003; Munns and Tester, 2008; Arzani and Ashraf, 2016).

Drought is one of the most common environmental stresses that affect growth and development of plants, and continues to be an important challenge to agricultural researchers and plant breeders. It induces a shortage of water in the root zone resulting in osmotic imbalance leading to decreased yield (Salekdeh et al., 2009). Plants can survive drought by adaptive morphological and physiological changes, which are reflected in their biochemical processes. Drought stress often induces stomatal closure that restricts the diffusion of CO2 into the leaf or due to non-stomatal limitations, which leads to decrease of carbon assimilation and other processes of photosynthesis (Ashraf and Harris, 2013; Guan et al., 2015; Paul et al., 2016). Since salinity decreases water uptake through the roots the co-occurrence of water shortage and saline conditions can yield serious stress conditions.

Climate changes during last three decades have already caused a significant yield loss and the global production of wheat was decreased by 5.5% (Lobell et al., 2011). Global environmental changes are expected to continue causing increasing occurrence and severity of both drought and salt stresses (Tester and Langridge, 2010), which will impact further food availability. Therefore, breeding of crops for stress tolerance, including drought and salinity, plays a significant role in agriculture and requires proper understanding of physiological characteristics and natural variations.

These data highlight the importance of studies addressing stress physiology and spurred research on understanding the mechanisms plants activate to respond to water, salt and other abiotic stresses (Kumar et al., 2017). Physiological responses of plants to drought and salinity stress have common features. Both stresses induce cellular dehydration, which causes osmotic stress and removal of water from the cytoplasm into the intercellular space leading to stomatal closure, which affects CO2 fixation, etc. (Flexas et al., 2004, 2007). Individually, salt and drought stress conditions have been the subject of intense research (Nevo and Chen, 2010; Zhang et al., 2014; Landi et al., 2017). However, in the field plants are often exposed to the combination of two or more stresses. Studies dealing with the combination of drought and heat demonstrated that responses to combined stresses cannot be simply extrapolated from the responses of plants to these different stresses when applied individually, and this is expected to be case for salinity and drought (see Mittler, 2006). The specific effect of combined salt- and drought stress on wheat plants has been the topic of only few previous studies, which indicated that salinity and drought can interact and may enhance or even ameliorate each other’s effects (Chen et al., 2009; Dugasa et al., 2018). However, these studies compared only limited number (2) of cultivars and did not address the complex response of biomass, grain yield, water usage and photosynthetic parameters in detail.

High throughput phenotyping approaches are rapidly gaining popularity in tracking morphological and physiological changes of plants under stress conditions, where digital color imaging can be used to quantify plant biomass, leaf area and plant height (Majer et al., 2008; Rajendram et al., 2009; Harris et al., 2010; Fehér-Juhász et al., 2014; Ghanem et al., 2015; Al-Tamini et al., 2016). These parameters in combination with photosynthetic activity measurements can provide valuable information on the extent and mechanisms of stress induced crop yield loss, which can be utilized in the selection of tolerant cultivars.

In the present work we have studied the interacting effects of mild salinity and drought stress in bread wheat (Triticum aestivum L.), which is a highly important crop with moderate tolerance against salinity and drought (Munns and Tester, 2008). The basic question of our work was to test if growth and grain production in wheat can be affected, either positively or negatively, by the co-occurrence of mild salinity and drought, which conditions are expected to be more common in the future due to the ongoing climate changes. Seedlings of wheat cultivars originating from Austria, Azerbaijan, and Serbia were monitored during their whole life cycle using the combination of phenotyping and photosynthetic tools. An assessment was made of the interacting effects of drought and salinity on biomass accumulation and grain yield, as well as on photosynthetic electron transport, net gas exchange, and antioxidant compounds. The data show that the co-occurring saline and drought conditions synergistically interact and induce higher loss of photosynthetic and yield parameters than would be expected if these two stress factors are acted independently from each other.



MATERIALS AND METHODS

Plant Material and Experimental Details

The experiments were conducted with 14 wheat (Triticum aestivum L.) cultivars from Serbia (5), Austria (4), and Azerbaijan (5), which were chosen on the basis of preliminary data available for their drought tolerance (Table 1). Vernalization of 1-week-old seedlings was carried out for 6 weeks, at 4°C in a cold chamber, under continuous dim light (50 μmol photons m-2 s-1 light intensity). Vernalized plantlets were planted into plastic pots containing the mixture of Terra peat soil and sandy soil (3:1, v/v). Equal amount of fertilizer (SUBSTRAL® Osmocote Plus® containing 15% N, 10% P, 12% K, 2% Mg, supplemented with microelements 0.02% B, 0.05% Cu, 0.4% Fe, 0.06% Mn, 0.02% Mo, 0.015% Zn) was added to each pot (2.8 g/l fertilizer in 1870 g soil mixture). Pot volume was 2 L with 13 cm diameter. Each pot contained only one plants. Plants were regularly irrigated and grown in controlled green-house conditions for 2 weeks before starting the stress treatments. Photosynthetically active radiation (PAR) within the controlled environment was maintained with a 14 h photoperiod at a PPFD of 400 – 500 μmol photons m-2 s-1, 22–25°C and ca. 45–55% relative humidity.

TABLE 1. Literature information of wheat cultivars used in the study.
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Plants were grown under four different water/salt treatment (T) conditions:

(i) T1, well watered (60% soil water capacity) and no salt (NaCl) added,

(ii) T2, water limited (20% soil water capacity) and no salt (NaCl) added,

(iii) T3, well watered (60% soil water capacity) and saline conditions (0.2% NaCl, i.e., 2 g /kg soil), and

(iv) T4, water limited (20% soil water capacity) and saline conditions (0.2% NaCl, i.e., 2 g /kg soil).

The water retention curve (Supplementary Figure 1 and Supplementary Table 1) shows that the well watered (T1, T3) and water limited (T2, T4) conditions correspond to -3 and -3500 kPa soil water potential, respectively.

Salt was mixed in the soil before planting the seedlings in order to ensure that plants are exposed to the same level of salinity during their whole growth. Pots were closed on the bottom, so the salt was not washed out from the soil during the experiments. Controlled watering conditions were ensured by using the computer-controlled water supply system of our plant phenotyping platform (Cseri et al., 2013; Fehér-Juhász et al., 2014). All plants were individually identified with radio frequency ID tags, and were watered according to the preset watering protocols, in order to maintain 20 or 60% soil water capacity, under water limited and well watered conditions, respectively. When the peat-sand mix is filled in the pots the soil water capacity is ca. 40%. At planting the seedlings 150 mL water is added to each pot containing 1870 g soil. The first adjustment water content was after 1 (well watered)-2 (water limited) days to keep plants growing. In case of the well watered (T1, T3) plants computer assisted water adjustment was done every 2–3 days to keep the target 60% soil water capacity. In case of the water limited plants (T2, T4) the soil reached the 20% water capacity in ca. 1 week after which this level was maintained by watering at ca. once a week. Water use profiles were recorded at the level of individual plants during the whole cultivation period from which the efficiency of water usage, as well as the effect of NaCl on water utilization was determined. Five replicates of each treatment were used for the experimental studies conducted for 4 months (February–May) at the greenhouse of the Cereal Research Ltd., Szeged, Hungary.

Biomass and Grain Yield Estimation

The shoot growth parameters were analyzed by digital RGB imaging, which makes possible to separate plants from their environment, using the HAS-SSDS phenotyping platform as described earlier (Cseri et al., 2013; Fehér-Juhász et al., 2014). These measurements provided information on plant height, and total green biomass change during the whole cultivation period. At the end of the experiment (13 weeks after the stress treatments were started) grain production parameters (above ground biomass, plant height, number of spikelet and seed per spike, total grain weight) were determined by traditional methods. From the ratio of the grain yield and above ground dry biomass the harvest index (HI) can be calculated.

Gas Exchange Measurements

Gas exchange parameters: CO2 uptake rate, transpiration, stomatal conductance and intercellular CO2 concentration were measured by using a Licor 6400 gas analyzer (Licor, United States). Two to three selected pieces of attached leaves from plant replicates under respective treatments were inserted into the leaf chamber (6 cm2) for individual measurements (Paul et al., 2016).The gas cuvette conditions were set to 400 ppm CO2, ambient temperature and growth light intensity of photosynthetic active radiation (400 μmol photons m-2 s-1).

Electron Transport Rate of Photosystem II (ETR II)

ETR(II) was monitored by using a Mini PAM photosynthesis yield analyzer (WALZ, Effeltrich, Germany) in the reproductive grain filling phase. The measurements were performed on the flag leaf (Paul et al., 2016) in the 6th and 7th week after the start of the stress treatments. The apparent rate of electron transport was calculated as ETR(II) = Y(II) × PPFD × 0.5 × 0.84 (Genty et al., 1989), where Y(II) is the effective quantum yield of PSII, PPFD is the photon flux density of incident PAR. The two coefficients (0.5 and 0.84) represent the fraction of absorbed light partitioned to PSII, and the probability that the incident irradiance will be absorbed by PSII in higher plants, respectively (Björkman and Demmig, 1987; Schreiber, 2004).

Proline Content Determination

Fresh leaf samples (0.1 g from the fully developed leaf below the flag leaf) were collected from all studied wheat cultivars and stored in liquid nitrogen. The content of free proline was determined as described earlier (Bates et al., 1973) at the 10th week after the start of the stress treatments. Samples were homogenized in 3% (w/v) sulfosalicylic acid to precipitate protein, and centrifuged at 14,000 × g for 10 min. The reaction mixture contained 2 mL glacial acetic acid, 2 mL ninhydrin reagent (2.50% w/v ninhydrin in 60 % v/v 6 M phosphoric acid) and 2 mL of the supernatant. The incubation lasted for 1 h at 90°C then, after stopping the reaction with ice, 4 cm3 of toluene was added and vortexed. The upper toluene phase was decanted into a glass cuvette and absorbance was measured at k = 520 nm. Each assay was performed in five replicates representing five leaves from different plants for each treatment. The content of proline was expressed as mg g-1 fresh weight according to a calibration curve with proline.

Statistical Analysis

Calculation of mean and SD, tests for normal distribution of data, one-way ANOVA analysis of the significance level between mean differences (Supplementary Tables 3–12), as well as heteroscedasticity tests for the distribution of residuals for the linear regression of data were performed by the XLSTAT-Premium software package (Supplementary Table 2) [Addinsoft (2019), Boston, MA, United States]1.

Relative tolerance of biomass and grain yield of any of the cultivars was calculated by expressing the yield parameter (biomass or grain yield) observed under one of the stress conditions (T2, T3, or T4) as a percentage of the same yield parameter of the same cultivar obtained under the well watered (T1) control conditions (Equation 1):
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where yield stands for either total dry biomass or grain yield, YieldTi represents the observed yield under one of the stress conditions (T2, T3, or T4 as defined under 2.1), YieldT1 is the yield obtained under the well watered (T1) control.



RESULTS AND DISCUSSION

Effect of Drought and Salt Stress on Green Biomass and Grain Yield

Digital imaging is a modern non-invasive method for estimating green biomass of plants on the basis of projected leaf and shoot area (Kacira and Ling, 2001; Furbank and Tester, 2011). Application of this approach has revealed significant variation in the rate of leaf/shoot development under drought and salt stress conditions among the various wheat cultivars used in the present study (Figure 1). Under well watered, T1, conditions variety ‘Capo’ showed the highest projected leaf area reaching its maximum on the 44th day (190 cm2), while ‘Renesansa,’ ‘Balkan’ and ‘Suboticanka’ were the lowest (ca. 95 cm2). During further cultivation the projected leaf area showed saturation and then gradual decline due to the onset of senescence (Figure 1). Drought stress, T2, drastically reduced the green leaf area in all cultivars (Figure 1). However, ‘Capo’ still showed the highest values at ca. 50% of that observed at well watered conditions, while ‘Renesansa’ and ‘Azamatli 95’ were the most affected by the drought conditions producing only ca. 40% leaf area as compared to the well watered conditions. Green leaf area in general was not significantly affected by mild salt stress under well-watered conditions, T3 (Figure 1). However, there were large cultivar dependent differences in the response to salinity: ‘Capo’ and ‘Donnato’ showed the highest projected leaf/shoot area close to the levels observed in the T1 control. ‘Renesansa’ and ‘Balkan’ produced the lowest green leaf/shoot area, at ca. 75% of the T1 control. When salt was applied together with drought stress, T4, the projected leaf/shoot area decreased drastically in all cultivars. The best performing variety ‘Capo’ decreased the green leaf/shoot area to ca. 30% of its T1 control (Figure 1). In the extreme case of ‘Azamatli 95’ ca. 84% leaf/shoot area loss was observed under the combination of salinity and drought relative to T1 (Figure 1).
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FIGURE 1. Effect of drought and salt stress on projected leaf area of wheat plants. Digital RGB imaging was used to determine projected green leaf/shoot area of individual plants of the selected 14 cultivars under well watered (T1: 60% soil water capacity), water limited (T2: 20% soil water capacity), well watered plus salt (T3: 2 g NaCl/kg soil, at 60% soil water capacity), and water limited plus salt (T4: 2 g NaCl/kg soil, at 20% soil water capacity) conditions. Data shown are means ± SE (n = 5 plants/treatment). Statistical analysis of data is presented in Supplementary Table 3.



Total aboveground dry biomass, which was determined at the end of the cultivation period showed an almost 100% variation between the highest (‘Capo’) and lowest (‘Suboticanka’) biomass producing cultivars (Figure 2A). Mild salinity alone had only a relatively small effect, ca. 18% loss in average, while drought induced in average a ca. 50% biomass loss. When drought and salinity was applied simultaneously the biomass loss was ca. 82% in average (Figure 2B). As regards relative tolerance of biomass, i.e., the percentage of retained biomass in the stressed plants as compared to the well watered control, ‘Gallio’ showed the best performance both in case of T2 and T3 treatments (Figure 2B). The highest biomass decrease by salt stress was induced for ‘Gíymatli-2/17’ (ca. 40%), while drought affected ‘NS Avangarda’ and ‘Renesansa’ to the largest extent (ca. 60% loss). ‘Capo’ and ‘Tale 38’ showed the best resistance to the combined T4 treatment (ca. 70% loss), while ‘Gíymatli-2/17’ and ‘Azamatli 95’ lost 90% of their biomass (Figure 2B). The T4-P columns show the predicted biomass tolerance, which was calculated on the assumption that salinity and drought induced biomass losses occurred independently from each other. It is very important to note that the actual tolerance of biomass under T4 condition is ca. twofold smaller, than that predicted by assuming non-interacting effects of salinity and drought.
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FIGURE 2. Effect of salt and drought stress on total biomass and biomass tolerance in wheat plants. Dry biomass of the same population of wheat plants, which were used for the digital phenotyping, was measured at the end of the cultivation period. (A) The total dry biomass of the above-ground parts of plants is shown for the well watered (T1), water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions. (B) Stress tolerance of dry biomass production for each cultivar was calculated as percentage of biomass obtained under water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions relative to the biomass of the same variety obtained under well watered conditions, as described in the Section “Materials and Methods” (Equation 1). The T4-P column shows the extent of biomass tolerance, which is expected if salinity and drought would exert their biomass retardation effects independently of each other. Data shown are means ± SE (n = 5 plants/treatment). Statistical analysis of data is presented in Supplementary Table 4.



In a recent work the combined effect of strong salinity (100 mM applied form the 25th day of the experiment) and strong water stress (water withdrawal leading to 4% relative soil humidity by the 45th day of the experiment) was studied in two wheat cultivars (Dugasa et al., 2018). Under these conditions only small enhancement, or even a small protection, was observed in the decrease in the plant height and shoot biomass in comparison to the individually applied salinity and drought stresses (Dugasa et al., 2018). These data indicate that the interacting effects of salinity and drought can be more pronounced in the presence of mild salinity and medium level drought as was shown in our study.

Grain production in case of wheat is more important than the overall above ground biomass, and the total grain yield could be considered as the most important yield parameter for agriculture. Therefore, at the end of the cultivation period the grain yield from the main spike, as well as the yield from the side tillers was also determined. In absolute values the ‘NS Avangarda,’ ‘NS 40S’ and ‘Gobustan’ cultivars showed the highest grain yield values under T1 control conditions, while the lowest yield was observed for ‘Suboticanka’ and ‘Renesansa’ (Figure 3A). Similarly to green leaf area and dry biomass the smallest yield loss was induced by salinity, T3 (in average ca. 18%). In absolute terms the highest grain yield under T3 was realized by ‘NS Avangarda’ and ‘Tale 38,’ while the lowest yields by ‘Suboticanka’ and ‘Renesansa.’ Under drought the best performing lines were ‘NS 40S,’ ‘Gobustan’ and ‘Gymyzy gul-1,’ while ‘Renesansa’ performed worst. The most drastic effect was observed under the combined T4 treatment (Figure 3A). Highest total grain yield in this case was observed in the ‘Capo’ and ‘Tale 38,’ the lowest for ‘Azamatli 95’ and ‘Renasansa’ cultivars (Figure 3A).
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FIGURE 3. Effect of salt and drought stress on total grain yield and grain yield tolerance in wheat plants. Total grain yield of the same population of wheat plants, which were used for the digital phenotyping and biomass determination, was measured at the end of the cultivation period. (A) The total grain yield is shown for the well watered (T1), water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions. (B) Stress tolerance of grain yield for each cultivar, was calculated as percentage of grain yield obtained under water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions relative to the grain yield of the same variety obtained under well watered conditions, as described in the Section “Materials and Methods” (Equation 1). The T4-P column shows the extent of grain yield tolerance, which is expected if salinity and drought would exert their yield retardation effects independently of each other. Data shown are means ± SE (n = 5 plants/treatment). Statistical analysis of data is presented in Supplementary Table 5.



The relative loss of grain yield under stress conditions as compared to the well watered conditions is a measure of yield tolerance. As shown in Figure 3B the tolerance of grain yield varied between 106% (‘Gallio’) and 60% (‘Giymatli-2/17’) under saline (T3) conditions. Under drought, T2, ‘Gallio’ showed the highest (62%), while ‘Capo’ and ‘Renesansa’ the lowest (38%) relative tolerance of the grain yield. Considering those cultivars, which retain at least 50% of their control grain yield under the applied drought conditions being drought tolerant the ‘Gallio,’ ‘Balkan,’ ‘Gyrmyzy gul-1,’ ‘Midas,’ ‘Gobustan,’‘NS 40S,’ belongs to this category, this classification shows a good general agreement with the literature data (Table 1). However, in some cases, which have close to 50% grain yield tolerance (‘Tale 38,’ ‘Gyrmyzy gul-1’) the literature classification is not tolerant, while in case ‘Azamatli 95,’ which in our case retains somewhat less than 50% of the control grain yield, the literature classification is tolerant (Talai, 2010).

The most serious yield loss was induced by the combined T4 treatment. Under these conditions ‘Capo’ showed the best (39%) and ‘Azamatli 95’ the worst (11%) yield tolerance, while the average tolerance of all cultivars was 18%.

Similarly to that observed for biomass, the tolerance of grain yield under the T4 condition was only ca. half of that was predicted by assuming non-interacting effects of salinity and drought (T4-P). These data demonstrate that mild salinity and drought interact with each other and synergistically suppress biomass and grain yield, well below the level that could be expected from non-interacting effects. Interestingly, this interacting effect is largely cultivar dependent and quite small (factor of 1.1) in case of Capo, and very big (factor of 5.2) in case of Gallio (Figures 2B, 3B).

Predictive Power of Leaf Area Monitoring for Estimation of Dry Biomass and Grain Yield

The basic idea behind the application of various imaging approaches to follow shoot/leaf development is that they can be used for predictions of important agricultural traits, such as biomass, and grain yield at the end of the cultivation period. In order to check the predictive potential of the projected green leaf/shoot area we used the values obtained by taking the average of leaf area values obtained on three different days between the 30–45 days of the experiment, where all cultivars were close to or reached the maximal value of this parameters, and compared it with the total dry biomass and grain yield determined at the end of the experiment (75–80 days). According to Figure 4A, the dry biomass shows a reasonably good linear correlation with the projected leaf area for the complete data set, which includes all studied cultivars under the four experimental conditions. There are only few outliers from the general trend, e.g., ‘Capo’ and ‘Donnato,’ whose dry biomass falls below the general trend line. This difference most likely reflects the specific morphological characteristics of ‘Donnato’ and ‘Capo,’ i.e., relative large leaf area with thin tissue.
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FIGURE 4. Correlation of projected leaf area with dry biomass and total grain yield. Total dry biomass (A) and total grain yield (B) are plotted as a function of projected leaf area for all wheat cultivars obtained under well watered (T1), water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions. The shape of the symbols corresponds to the treatments, while the color code represents the different cultivars. Data shown are mean of n = 5 plants/treatment. The solid lines represent the ideal linear correlation trendline. Statistical analysis (heteroscedasticity tests for the distribution of residuals) is presented in Supplementary Table 2.



Correlation of total grain yield with projected leaf area (Figure 4B) is much less strict than seen for dry biomass (Figure 4A). The data obtained for ‘Capo,’ ‘Midas’ and ‘Donnato’ are well below the line corresponding to the general trend, which shows that in these cultivars a larger canopy is required to produce the same amount of grains compared to the other cultivars. Interestingly, the correlation of leaf area with either total biomass or grain yield is very strict under the severe conditions of simultaneous salt and drought stresses, and breaks down gradually when the plants are grown under less stressful conditions.

The above data show that non-destructive shoot/leaf imaging is a very useful approach to obtain data on above ground biomass of wheat. This method reflects well the biomass differences of different cultivars under the same growth conditions, and also under different stress conditions. On the other hand, the predictive potential of shoot/leaf imaging is much weaker when the target is the estimation of grain yield. Although an overall correlation exists between projected leaf area and grain yield this correlation is not sufficient to predict the large differences in grain yield belonging to cultivars with approximately the same leaf area (Figure 4B). Therefore, in phenotyping studies where the target is grain yield optimization conclusions based on projected leaf area should be made with caution in agreement with earlier findings (Paul et al., 2016).

Effects of Salt and Drought Stress on Allocation of Photosynthates to Biomass and Grains

The data obtained for dry biomass and grain yield can also be used for the analysis of the drought- and salt stress induced effects on the efficiency of allocating photosynthates to overall biomass and to grain production. As shown in Figure 5, there is an overall trend for correlation between grain yield and dry biomass. However, the quality of the correlation depends on the applied stress conditions. Interestingly, almost perfect linear correlation (R = 0.971) was observed for the combined T4 treatment, which produced the lowest biomass and grain yield. In the T1 control conditions the tendency for linear correlation was maintained (R = 0.774), but variability in the grain yield belonging to roughly the same biomass was much larger (reaching 30%, in case ‘Donnato’ vs. ‘NS 40S’ and ‘Gobustan’). In case of T2 and T3 the correlation was also less strict (R = 0.837 and 0.694, respectively) than of T4. The variation of grain yield at the same total biomass reflects natural variation in the efficiency of partitioning biomass into the grains. The interesting observation is that under stress conditions, especially under the combined drought- and salt stress, this variation is largely suppressed, indicating that under stressful conditions plants can mobilize less of their extra resources for grain production than under optimal growth conditions.
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FIGURE 5. Correlation of dry biomass and total grain yield. Total grain yield is plotted as a function of total dry biomass projected for all wheat cultivars obtained under well watered (T1), water limited (T2), well watered plus salt (T3), and water limited plus salt (T4) conditions. The shape of the symbols corresponds to the treatments, while the color code represents the different cultivars. Data shown are means ± SE (n = 5 plants/treatment). The red solid lines represent the best fitting linear correlation curves for each of the four treatments with the indicated Pearson’s R values. Statistical analysis (heteroscedasticity tests for the distribution of residuals) is presented in Supplementary Table 2.



The harvest index (HI) values are ranging from 0.55–0.57 (‘Gymyzy gul,’ ‘Suboticanka’) to 0.38–0.40 (‘Capo,’ ‘Donnato’) in the T1 control (Figure 6). These values are decreased somewhat by (0.05–0.10) by drought in some cultivars (‘Suboticanka,’ ‘Donnato,’ ‘Capo’). Salinity decreased the HI value only in ‘Suboticanka’ when applied alone, but affected almost all cultivars when applied together with drought by (0.05–0.15). However, in some cultivars (‘Donnato,’ ‘Midas,’ ‘Capo’), the HI value was practically the same under T4 as in T1. Taken together, these data show that even under very severe stress, when the total dry biomass decreases to less than 10% of that produced under control conditions the plants keep up the relative efficiency of seed production in order to survive the harsh conditions. These data are in agreement with earlier results obtained under salinity (Harris et al., 2010).
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FIGURE 6. Effect of drought and salt stress on the Harvest index. Harvest index was calculated from the ratio of total grain yield and total dry biomass, and shown for the different treatments: T1 (well watered), T2 (water limited), T3 (salt, well watered), T4 (salt, water limited). Data shown are means ± SE (n = 5 plants/treatment). Statistical analysis of data is presented in Supplementary Table 6.



Correlation of Drought and Salt Tolerance

Both salt and drought stress have osmotic and oxidative components, therefore, it is an interesting question if drought and salt tolerance shows similar tendency in the different cultivars, or not? Plotting the total dry biomass obtained under T3 and T4 treatments as a function of dry biomass obtained under drought, T2, shows a reasonably good positive correlation tendency (Supplementary Figure 2A). Similar result is obtained for the total grain yield (Supplementary Figure 2B). The situation is different when the stress tolerance of the yield parameters is concerned. In case of both total biomass and grain yield there is weaker correlation between the extent of stress tolerance of the yield parameters observed under drought and saline conditions, which practically disappears under simultaneous salt and drought stress (Supplementary Figures 3A,B).

These data show that those cultivars, which have high total biomass and grain yield under drought are expected to have high total biomass and grain yield also under saline, and saline + drought conditions. However, the relative tolerance of total biomass and grain yield observed under drought has only very weak prediction potential for biomass and grain yield expected under salt, and salt plus drought conditions. In the literature there are several examples showing that specific genes and compounds can protect against the consequences of both salinity and drought stress. These include MYB transcription factors (Rahaie et al., 2010; Qin et al., 2012; Wei et al., 2017; Du et al., 2018), sucrose non-fermenting1-related protein kinase 2 (SnRK2) (Zhang et al., 2010), Triticum aestivum salt-induced protein (TaSIP) (Du et al., 2013), a NAC transcription factor (TaNAC29) (Huang et al., 2015), dehidrins (Qin and Qin, 2016), the osmoprotectant D-pinitol (Ahn et al., 2018), an Auxin Response Factor Gene (IbARF5) (Kang et al., 2018), etc. The involved action mechanisms typically include antioxidative defense (MYB TFs, IbARF5), osmoprotection (MYB TFs, SnRK2, D-pinitol), ABA-dependent signaling (dehydrins) and also so far unknown mechanisms (TaSIP) and can explain the similar tendency for biomass and grain production under salt and drought stress. Salinity besides inducing osmotic effect also acts via ion toxicity (Munns and James, 2003; Munns and Tester, 2008; Arzani and Ashraf, 2016). Although the ionic effect is expected to be small under mildly saline conditions it might contribute to the retardation of biomass and grain explaining the weaker correlation between the relative tolerance against salinity and drought. In case of co-occurring salinity and drought the situation might be complicated even further by the exhaustion of antioxidant capacity in the simultaneous presence of the two stress factors as discussed below, which breaks further down the correlation of yield tolerance with that observed under drought alone.

Effects of Salt and Drought Stress on Water Usage

An important feature of the complex phenotyping approach used in our system is the precise water management at the level of individual plants. This was achieved by computer controlled watering of each plant to maintain the preset soil water capacity (20 and 60% for water limited and well watered conditions, respectively). This approach made possible to record the accumulated water usage for each plant, most of which was lost through transpiration. The amount of transpired water was quite different among the cultivars (Figure 7) showing up the 75% difference between the low (‘Suboticanka’) and high water consuming cultivars (‘Capo,’ ‘Tale 38’). Similarly to the other phenotypic markers water usage was only slightly affected by the T3 salt treatment, and was 80% that of the T1 control. Drought stress decreased the water usage by ca. 50%, while under the combined T4 treatment plants used less than 20% of water as compared to the T1 control.
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FIGURE 7. Effect of salt and drought stress on the water use of wheat plants. Computer controlled watering was used to determine the water use of individual plants of the selected 14 cultivars under well watered (T1), water limited (T2), salt plus well watered (T3), and salt plus water limited (T4) conditions. Data shown are means ± SE (n = 5 plants/treatment). Statistical analysis of data for the final point of the experiment is presented in Supplementary Table 7.



The efficiency of plants to utilize water for grain production can be estimated by the ratio of grain yield and of the used water. The data in Figure 8 show that in average 1.8 g grains were produced by transpiring 1 kg (1L) water under the T1 control conditions. This value was increased to ca. 2.1 g/kg under T2, and was decreased slightly (1.7 g/kg), or more seriously (1.5 g/kg) under T3 or T4 treatment, respectively. The ‘NS 40S’ and ‘NS Avangarda’ cultivars showed the highest efficiency in using water for grain production, while ‘Renesansa’ and ‘Capo’ showed the lowest values. These data show that the transpiration activity of wheat plants was affected to a smaller extent by the co-occurring salinity and drought than their grain producing efficiency.
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FIGURE 8. Effect of salt and drought stress on the efficiency water utilization for grain production. The ratio of total grain yield and the amount of water used during the whole cultivation period is shown for the selected 14 cultivars under well watered (T1), water limited (T2), salt plus well watered (T3), and salt plus water limited (T4) conditions. Data shown are means ± SE (n = 5 plants/treatment).



Effect of Drought and Salt Stress on Photosynthetic Activity

The basic process of biomass and grain production is photosynthetic light energy conversion. The efficiency of this process was quantified by measuring the rate of net photosynthesis via CO2 fixation under the applied stress conditions. Similarly to that observed in case of projected leaf/shoot and grain yield the combined T4 treatment caused the largest loss of net photosynthesis as compared to mild salinity (T3) and drought (T2) alone (Figure 9). However, the effect of T4 treatment relative to the T1 control and to the single T2 and T3 treatments was not so pronounced as seen for the leaf area and grain yield. In case of ‘Capo,’ ‘Suboticanka’ and ‘NS Avangarda’ the net CO2 uptake rate was maintained at 75–80% level of the well watered control and it decreased to 45–50% in case of ‘Glymatli 2/17’ and ‘Gobustan.’ The effects of salinity and drought on photosynthesis are attributed among other factors to the stomatal limitations for diffusion of gasses, which ultimately alters photosynthesis and the mesophyll metabolism (Parida et al., 2005; Chaves et al., 2009). Under mild stress, a small decline in stomatal conductance may have protective effects against stress, by allowing plant water saving and improving plant water-use efficiency by the plant (Chaves et al., 2009). However, under conditions of prolonged exposure to salt and/or drought stress stomatal limitation decreases the net rate of photosynthesis, as well as biomass and grain yield, which was indeed very clearly seen in our data. In almost all cultivars in our study drought induced larger loss of stomatal conductance than mild salinity (Figure 9). The simultaneous T4 treatment induced a large increase of stomatal closure in most of the studied cultivars, but in some cases (‘Gyrmyzy gul 1,’ ‘Balkan’) the effect of the double stress was practically the same as of drought alone. Plotting the net rate of photosynthesis as a function of stomatal conductance shows an approximate linear correlation between the two parameters (Supplementary Figure 4), which confirms that the primary cause for the decrease of net photosynthesis rate is the closure of stomata.


[image: image]

FIGURE 9. Effect of salt and drought stress on the gas exchange parameters. A Licor 6400 gas analyzer was used to determine the rate of CO2 uptake, stomatal conductance, intercellular CO2 concentration and the rate of evaporative water loss. The data obtained for the 14 selected wheat cultivars is shown under well watered (T1), water limited (T2), salt plus well watered (T3), and salt plus water limited (T4) conditions. Data shown are means ± SE (n = 10–12 repetitions on 5 different plants). Statistical analysis of data is presented in Supplementary Tables 8–11.



The intercellular CO2 concentration calculated from the CO2 gas exchange data is also an important parameter since it provides information on the site where limitation of net photosynthetic activity occurs under the applied stress conditions. Decrease of the intercellular CO2 concentration under stress exposure indicates that photosynthesis is limited more by the decrease of stomatal conductance than by the decrease of biochemical activity of the Calvin-Benson cycle. The opposite case, i.e., an increase of the intercellular CO2 level indicates a primary effect at the level of the biochemical activity, since CO2 can still enter the leaf tissue via the stomata, but cannot be utilized by the CO2 fixing biochemical processes (Lauer and Boyer, 1992). The data show that drought alone and especially in combination with salinity decreases the intercellular CO2 level in all wheat cultivars (Figure 9), confirming that the main cause of decreased net photosynthetic activity under T2 and T4 treatments is the closure of stomata, which is in agreement with the general correlation of the rate of net photosynthesis and stomatal conductance (Supplementary Figure 4). Under saline, T3, conditions the decrease of the intercellular CO2 concentration is much less than observed for the combined T4 treatment, which is in agreement with the smaller effect on stomatal conductance.

Photosystem II (PSII) is the final source of electrons for photosynthesis and its function is also prone to damage by various stress factors. The rate of electron transport through PSII is indicative of PSII activity itself and also of its limitation by electron sinks, especially the Calvin-Benson cycle. The light intensity dependence of ETR(II) is shown for two cultivars in Supplementary Figure 5. As seen for other parameters, ETR(II) is decreased most by the combined T4 treatment. Under these conditions saturation occurred at lower light intensities and at a lower saturation levels than in the T1 control or in the T2 and T3 treatments. These data are consistent with the limited terminal electron sinks, most likely at the level of the Calvin-Benson cycle, under the salt plus drought stress conditions.

Proline Accumulation

Proline accumulation is one of the common characteristics in many monocotyledons under water deficit, salinity and oxidative stress conditions (Szabados and Savouré, 2010). An increase of proline content was detected under drought stress in our study, especially in genotypes of ‘Tale 38,’ ‘Azamatli 95,’ ‘Giymatli 2/17,’ and ‘Gallio,’ but the effect was statistically significant only for ‘Giymatli 2/17.’ Increase of proline under T4 in comparison to T1 was significant in all cultivars with the exception of ‘Midas,’ and showed the largest effect in ‘Gallio’ (Figure 10 and Supplementary Table 11). It is assumed that the accumulation of proline is an adaptation response partly to provide osmoprotection as well as to decrease the damaging effects caused by reactive oxygen species, which are produced due to limitation of photosynthesis induced by stomatal closure (Szabados and Savouré, 2010). Since the mild level of salinity used in our experiments did not induce significant proline accumulation when applied alone we can conclude that accumulation of salt ions was negligible under our mild saline conditions. Also, drought alone induced only a statistically insignificant increase of proline (Figure 10). Therefore, the proline data indicate an enhanced osmotic and/or oxidative effect only under the combined application of salt and drought stress, which is not compensated by other defense mechanisms.
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FIGURE 10. Effect of drought and salt stress on proline accumulation. Proline content was determined from leaf samples collected the fully developed leaves below the flag leaves at the 10th week after the start of the stress treatments. Free proline content was determined according to Bates et al. (1973) for the 14 selected wheat cultivars under well watered (T1), water limited (T2), salt plus well watered (T3), and salt plus water limited (T4) conditions. Data shown are means ± SE (n = 5 plants/treatment). Statistical significance of T4 with respect to other treatment conditions T1, T2, and T3 were indicated. Statistical analysis of data is presented in Supplementary Table 12.



It is also interesting to observe that proline induction was relatively small in cultivars, such as ‘Capo’ and ‘Tale 38,’ which showed the highest tolerance of biomass and grain yield under the combined T4 treatment. This indicates that these cultivars were effectively preventing the formation of harmful oxidative conditions by other antioxidant systems without the need for a large extent of proline production. In contrast, cultivars, such as ‘Gallio,’ which suffered large biomass and grain yield loss under the double stress conditions showed very high level of proline production, indicating the inefficiency of other antioxidant protective mechanisms. Limitation of antioxidant response might also explain at least partly the large synergistic retardation of biomass and grain production, i.e., difference between the measured and predicted yield loss values under the T4 treatment, observed in ‘Gallio’ (Figures 2B, 3B). Exhaustion of the antioxidative defense capacity by the co-occurring salinity and drought can lead to a situation of largely enhanced damage in ‘Gallio.’ In the opposite case of ‘Capo’ and ‘Tale 38’ the antioxidative defense capacity seems to be sufficient to combat not only the effects of salinity and drought when occur separately, but also when they occur together. Therefore, the yield loss under the combined stress conditions is only slightly exceeds the level, which is expected by assuming non-interacting damage mechanism by salinity and drought.



CONCLUSION

In our study we used a greenhouse based phenotyping platform to obtain detailed data about the salt and drought stress induced responses of 14 wheat cultivars originating from different geographical locations, regarding their green and dry biomass, grain yield, water consumption, photosynthetic activity, and proline accumulation.

Our data show that RGB imaging, which is the most commonly used phenotyping approach, provides very useful data for the estimation of biomass accumulation even if applied only in part of the plant development period. On the other hand RGB imaging of leaf/shoot area has only a limited predictive potential for grain yield. Therefore, the actual determination of grain yield cannot be replaced with shoot/leaf imaging when grain yield optimization is the target of the project.

The presence of a mild level salinity, 2 g NaCl/kg soil, induced only a small effect (ca. 18% loss in average) in the phenotypic parameters under well watered conditions. A larger adverse effect was induced by drought stress (50% loss in average). Importantly, a large enhancement of biomass and grain yield loss (83% in average) was observed when salinity was combined with drought stress. The actual yield loss was twofold larger in average than that would be expected if salinity and drought were exerting their effects independently. These data show for the first time that salinity and drought can have synergistically interacting adverse effects on biomass and grain yield. The mechanism of this interaction is not clear at present, but cultivar-dependent differences, which are correlated with proline accumulation, indicate that it might be related to limitations of antioxidative defense capacity. Future studies at the molecular level, including Na+ and Cl- determination in the leaves, are required to clarify the actual mechanism behind the interacting effects of salinity and drought.

The finding of interacting effects of mild salinity and drought have important consequences for agriculture since it shows that when mildly saline areas are affected by drought the crop yield loss can be aggravated. However, the large differences among the cultivars shown by our data in the level of their tolerance against the combination of salt and drought stress indicates an important potential for identifying the involved defense mechanisms and also for selection or creation of wheat cultivars, which show higher tolerance against these conditions.
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Bruchus pisorum is an insect pest causing major damage to pea seeds worldwide. Control is difficult and limited resistance is available. In this work we studied the effects of pollen and pod source on insect fecundity and oviposition by comparing resistant and susceptible Pisum spp. accessions and non-host (Lathyrus sativus and Vicia faba) species. A first no-choice assay revealed that the source of flower offered to adults for feeding might retard oviposition (the case of V. faba), reduce fertility (Pisum sativum ssp. syriacum, P. fulvum, and V. faba) or increase adult mortality (V. faba and P. sativum ssp. syriacum). A second no-choice assay with all adults fed with pollen of the same pea cultivar showed significant effect of the source of pods offered. Oviposition was reduced on pods of some resistant Pisum accessions, but particularly low on pods of the non-hosts, being retarded if ever happening and coupled with high mortality of adults. This was confirmed in a third experiment consisting on dual-choice assays showing reduced egg laying in V. faba, L. sativus, P. fulvum, and P. sativum ssp. syriacum compared to the commercial variety pea used as a control (Messire).
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INTRODUCTION

Field pea (Pisum sativum L.) is the first temperate grain legume produced in Europe and the second in the world (FAOSTAT, 2016). Their use extends to dry peas for animal fodder and green peas for human consumption. In addition, as a legume, it brings environmental benefits (Rubiales and Mikic, 2014).

Pea is constrained by a number of pests and diseases with the pea weevil (Bruchus pisorum L., Coleoptera: Bruchidae, Bp) being a serious concern worldwide. Bp causes yield losses of up to 50% (Clement et al., 2002; Keneni et al., 2011). After a period of hibernation, Bp females feed on pollen and oviposit on pods. Once the egg has hatched, the emerging larvae penetrate through the pods into the seeds, where they feed on the endosperm (Teshome et al., 2015). This reduces seed yield and devaluates seed quality and marketability (Brindley and Hinman, 1937; Nikolova and Georgieva, 2015). Effective chemical control requires repeated treatments at flowering and fruiting stages (Michael et al., 1990; Horne and Bailey, 1991) coupled with post-harvest fumigations in order to prevent adult apparition inside storehouse (Clement et al., 2009). Biological control (Huis et al., 1990) and management by intercropping (Teshome et al., 2016) have been attempted with no definitive results. Use of resistant cultivars offer a suitable alternative but they are not available so far, although some genetic resistance had been reported in pea germplasms (Teshome et al., 2015; Aznar-Fernández et al., 2017). Availability of unattractive or repellent genotypes for oviposition would help in designing crop mixtures to manage the pest (Shelton and Badenes-Perez, 2006; Ratnadass et al., 2012) and in breeding resistant cultivars.

The objective of this work was to identify host and non-host plant genotypic effects on sexual maturity of Bp adults by studying the pre-oviposition period and oviposition capacity (Wäckers et al., 2007), as well as the oviposition preference and Bp longevity in order to disclose the resistant mechanism present in some resistant accessions to Bp.



MATERIALS AND METHODS

Field Screenings

Thirteen Pisum spp. accessions showing different levels of Bp infestation were selected from a previous study (Aznar-Fernández et al., 2017). In order to corroborate data, pea accessions were field screened during 2014/15 season at Córdoba (Latitude 37°51′25″N; Longitude 04°48′10″W; Altitude 117 m) and at Escacena (Latitude 37°22′01″N; Longitude 06°32′29″W; Altitude 192 m), Spain (Table 1). The experimental design consisted of a complete block design with three randomized repetitions. Each accession was represented by 25 seeds planted in a 50 cm long row, with a separation of 50 cm between accessions. Córdoba’s trial was drip irrigated whereas Escacena’s trial was rain fed. No pesticides or herbicides were applied and only mechanical weeding was done when needed. When natural Bp infestation was first observed in the area, Bp adults were released on the plots at the rate of 3–4 adults/m2. These had been collected from cv. Messire seeds infested during the previous season and stored at 4°C.

TABLE 1. Pea weevil seed infestation (%SI) on 13 Pisum accessions under field conditions (2014–2015).
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At maturity, seeds were manually harvested, threshed and assessed for seed infestation (SI) by opening 100 seeds of each repetition through the cotyledons (Aznar-Fernández et al., 2017).

Bioassays Under Controlled Conditions

General Conditions

Following field data (Table 1), pea cv. Messire was our susceptible control; the genotypes to be evaluated were: P669 (P. sativum ssp. elatius), P665 (P. sativum ssp. syriacum), and P656 (P. fulvum), showing moderate resistance in field. The non-hosts, faba bean (V. faba cv. Brocal) and grasspea (L. sativus cv. Titana) were selected from other studies (data not shown).

Bp adults used in all experiments came from infested seeds of pea cv. Messire, that were collected from the trials described above and stored in paper envelopes at 4°C. Adults of Bp emerging from these seeds were sexed by the presence (male) or absence (female) of a small spine on the tibia of the middle leg (Yus Ramos, 1976). Thereafter, Bp were separated into falcon tubes and were stored again at 4°C (Mendesil et al., 2016). Forty-eight hours before the experiment, the Bp adults were recovered from the fridge and place under chamber conditions (27°C) with water provided; those showing greater movement were selected for the experiments.

In addition, host and non-host plant species selected to develop the assays, were grown in the field under a mesh protected shelter. To ensure a sufficient supply of clean flowers and pods at the required stage, seeds were sown at various planting dates. Plants were drip irrigated and no chemicals were applied on the plots or surroundings.

Assays were performed in a growth chamber under optimal conditions for Bp (27 ± 2°C, 16L: 8D, 70% RH). Experiments were conducted inside cylindrical plastic cages (12 cm diameter, 10 cm depth) with a hole on the wall (12 cm2) covered with an anti-trips patch in order to facilitate transpiration as well as for avoid possible leaks or external intrusions. Wrinkled napkin paper was placed at the bottom of the cages to provide nooks where the weevils could hide. Tap water was provided inside an Eppendorf sealed with cotton and hooked on the wall of the cages. Flowers and pods used in each assay were placed in Eppendorf’s with tap water and sealed by parafilm (Supplementary Figure 1).

Flower Source Effect on Bp Oviposition in No-Choice Assay

The experimental design consisted on 10 random replications per accession, each one consisting in a cage with five flowers of the test accession plus two pods in late flat and early swollen stage of pea cv. Messire. Four Bp females and two males were released per cage and allowed to feed, mate, and oviposit (Clement et al., 2002) (Supplementary Figure 1A). Flowers and pods were provided and replaced on alternate days. Cages were monitored daily to assess the days till the first oviposition and the number of eggs laid that day. To have a general estimate of Bp mortality, according to the number of dead weevils inside cages, a symbol value was given as follows: −/+) all cages with less than 4 dead adults; ++) about half of the cages with 5–6 dead adults; and +++) most of the cages with 5–6 dead adults (Table 2).

TABLE 2. Effect of flower genotype intake and pod offered on Bruchus pisorum oviposition in no-choice assays (see Figure 1).
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Pod Source Effect on Bp Oviposition on Pods in No-Choice Assay

The experimental design consisted of 15 random replicates per accession formed by a cage as described above, where 4 females and 2 males of Bp were freed. Each repetition consisted on two pods of the accession to test (Table 2) in the late flat and early swollen pod stages to allow Bp oviposition. To feed and stimulate the oviposition, five flowers of the control Messire were also included per cage. Flowers and pods were provided and replaced on alternate days. P669 accession was used when there was still no presence of neoplasm formation (Np). In order to assess pod genotype effect on Bp oviposition, cages were monitored daily to assess the days till the first oviposition and the number of eggs laid this day. Bp mortality was also estimated as indicated above (−/+, ++, +++).

Evaluation of Bp Oviposition Preference in Dual Choice Assay

The bioassay consisted on cages as described above, containing tap water and two pods, one of cv. Messire and the other from the accession to test. The pods offered for oviposition were at late flat and early swollen stages and distributed on opposite sides of the cage (Supplementary Figure 1B). Two sexually mature females, previously fed on cv. Messire flowers, and two males were released to allow the Bp oviposition as described above. Ten repetitions per combination were performed. To avoid possible stresses, four fresh flowers of the control pea cv. Messire were provided. The number of eggs laid over each pod was assessed 24 h after the infestation (hai).

Statistics

Data of field screenings (% of SI) was submitted to an analysis of variance (ANOVA) with accession and locality as fixed factors. For no choice bioassays, data of count variables was analyzed with a generalized linear model (GLM) run with Poisson error distribution. Preference for oviposition was analyzed using the Student’s t-test. Analyses were made by using Statistix 10®(Analytical Software, Tallahassee, FL, United States).



RESULTS

Field Screenings

Results showed higher infestation levels at Córdoba than at Escacena (Table 1). ANOVA for %SI showed significant genotype and environment effect (P = 0.0001), meanwhile G × E interaction was not (Table 3); interestingly both locations showed similar weather conditions except for accumulated rain (Table 4). However, accessions P665, P669, and P656 showed the lowest %SI in both environments evaluated. Thus, these three accessions were selected to perform bioassays under controlled conditions with cv. Messire as control, which showed the highest %SI values in both environments.

TABLE 3. Analysis of variance for Bruchus pisorum seed infestation percentage (%SI) of the 13 pea genotypes in the two environments evaluated (Córdoba and Escacena).
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TABLE 4. Environmental description of the trials of the study.
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Bruchus pisorum Bioassays Under Controlled Conditions

Effect of Flower Source on Bp Oviposition in No-Choice Assay

Significant differences were found among tested accessions for the number of eggs laid (df = 58; P = 0.0001) although not for the number of days till first oviposition (P > 0.05). Females fed on P665 and P656 flowers, laid significantly fewer eggs (Table 2). Bp fed on faba bean cv. Brocal showed retarded oviposition, although large proportion of the adults fed on Brocal died. Mortality was moderate on adults fed on P665, but low on those fed on the remaining accessions.

Effect of Pod Source on Bp Oviposition in No-Choice Assay

The number of eggs laid and the number of days till first oviposition showed significant differences among tested accessions (df = 62; P = 0.0001). The number of eggs laid on pods was high on cv. Messire (25 eggs/pod), being similar in P669 (circa 23) but significantly reduced on pods of P656 and P665 (14 and 10 eggs/pod, respectively) and nil or almost negligible for the non-hosts V. faba cv. Brocal and L. sativus cv. Titana. Number of days required for first oviposition was similar among Pisum accessions (range 4.5–5.8 days) and highly retarded on pods of L. sativus cv. Titana (13.4 days). No eggs were laid on pods of V. faba but on any place in those cages, either on the parafilm or the cage walls (Supplementary Figure 2). Only in one repetition 1 egg was observed on a V. faba pod, which was not included in the analyses. In addition, large proportion of the adults offered pods of V. faba died. Mortality was higher on L. sativus pods cages, in comparison with those fed on the remaining accessions.

In order to corroborate the high mortality observed in cages with V. faba pods, six additional repetitions were performed under the same conditions described on the Section “Pod Source Effect on Bp Oviposition on Pods in No-Choice Assay.” In all cages Bp died before the oviposition (data not shown).

Evaluation of Bp Oviposition Preference in Dual Choice Assay

In dual choice assays Messire was generally preferred for oviposition. Accessions confronted with Messire showed significantly reduced oviposition in cages containing P665, L. sativus or P656 (Table 5). No eggs were laid on V. faba pods. Conversely, P669 was preferred for oviposition than Messire (Table 5 and Figure 1). In addition, the total amount of eggs laid on P656 – Messire combination was significantly higher than for the remaining combinations (Figure 1).
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FIGURE 1. Oviposition of B. pisorum in dual choice assays under controlled conditions. Columns show the distribution of eggs laid over pods 24 h after infestation. Bars showed the mean ± standard error (SE). In brackets is the mean of total amount of eggs laid per combination (Messire + tested genotype) ± standard error (SE).



TABLE 5. Bruchus pisorum oviposition preference in Dual Choice assay between five different genotypes and Messire (positive control).
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DISCUSSION

Resistance to pea weevil is a major priority for pea breeding. Field screenings corroborated the environmental effect on seed infestation and highlighted the higher resistance of P656, P665, P669 accessions in both environments evaluated in agreement with Aznar-Fernández et al. (2017). Bioassays reported here corroborate the influence of both flower and the pod on Bp oviposition. The importance of pollen and nectar consumption in Bp oviposition is largely known (Clement, 1992; Wäckers et al., 2007). In our study, the source of pollen influenced the number of eggs laid. In addition, V. faba caused a high Bp mortality and retarded oviposition, thereby suggesting that pollen and nectar probably affect the sexual maturity of Bp females (Pesho and Van Hounten, 1982). However, females fed on non-host species flowers, such as L. sativus, are sexually mature which is in agreement with observations of Barry and O’Keeffe (1984) who reported that sexual maturation of Bp females depends on the amounts of pollen ingested rather than differences in nutritional quality of different pollens. Moreover, this behavior could prolong Bp life-span (Pajni, 1981) and benefit their dispersal by providing a source of energy to sustain flight after hibernation (Clement, 1992). Our study shows that the sources of flowers offered might reduce (the case of various Pisum accessions) or even retard oviposition and cause adult mortality (the case of V. faba). This could be due to the primary metabolites, which are important feeding stimulants for Coleoptera, and might be different between species and genotypes (Wäckers et al., 2005). Further studies are needed to discern if the retarded and reduced oviposition of females fed on V. faba flowers are due just to amount of pollen and/or nectar eaten or to anti-nutritional effects. The mortality of adults fed with V. faba and P665 flowers might suggest some anti nutritional effect (Table 2). Interestingly, accessions P665, P656, P669, and Brocal showed flower pigmentation known to be associated with condensed tannins (Wang et al., 1998). Tannins are widely recognized as plant defense compounds against herbivore insects (Barbehenn and Constabel, 2011) and could act as deterrents for feeding under natural conditions.

On the other hand, there was a strong effect of pod offered on oviposition preference on the number of eggs laid, and days till first oviposition on non-host species. This suggests the crucial role of plant genotype on weevil oviposition. Oviposition was particularly affected on V. faba and L. sativus with a marked reduction in the number of eggs laid and a delayed start of oviposition on L. sativus. There was also a significant reduction of number of eggs laid on P. sativum ssp. syriacum (P665) and P. fulvum (P656). As described above, P665 accession showed purple pigmentation also in pods. Antixenosis and antibiosis on P. fulvum pods has been previously described (Hardie and Clement, 2001; Clement et al., 2002). Bp oviposition repellence or deterrence on pods might be due to structural defense mechanisms such as the touch, thickness, color, presence of trichomes (Edwards and Singh, 2006; Mendesil et al., 2016) wax layer (Chang et al., 2006) and also due to secondary metabolites such as volatiles (Bruce et al., 2011; Ceballos et al., 2015) or plant defense responses to Bp presence (Bennett and Wallsgrove, 1994). The length of pea pods could also interfere in Bp preference for oviposition (Hardie and Clement, 2001); however, this would not interfere in our trials since in the late flat and early swollen stage of pods from our bioassays displayed similar lengths.

Our results show strong deterrence against non-host V. faba cv. Brocal, forcing females to oviposit elsewhere but not over V. faba pods (Supplementary Figure 2). In addition, mortality displayed inside cages with non-host species suggests that both (V. faba and L. sativus) influence on Bp lifespan.

Pisum sativum ssp. elatius accession P669 showed consistent reduced seed infestation in field screenings under multiple environments [see section “Field Screenings,” in agreement with Aznar-Fernández et al. (2017)]. This might be due to neoplasm (Np) formation often observed in this accession, although the effect has been not quantified. Neoplasm formation has been reported to reduce the efficiency of Bp larval penetration (Doss et al., 1995), being the reduction in oviposition associated with the level of neoplasm formation (Mendesil et al., 2016). Our experiments showed that young pods of P669 are not deterrent, suggesting that reduction of infestation under field conditions might indeed be due to effects of neoplasm. However, we used young pods, before neoplasms were formed, and therefore cannot discern whether the reduced infestation of P669 is due to neoplasm reducing oviposition and/or hampering successful larval occlusion and penetration on pods.

In dual-choice and no-choice assays, accessions P665, P656 and L. sativus showed lower preference for oviposition than Messire. However, in dual-choice assays, when P656 and Messire were studied together in the same experimental cage, the number of eggs was the highest, suggesting no interference of P656 on Bp egg lying. In addition, no eggs were laid on pods of V. faba on dual and no-choice assays; this egg-lying deterrence deserves further investigations. As described before, several traits such could play a major role on Bp oviposition preference. It has also been described in non-host plants that several metabolites and pheromones might act as oviposition-deterrence on non-target insects (Cook et al., 2007). Results of this study suggest the use of P665 and V. faba as promising combinations in intercropping (Finch and Collier, 2012); being both push-pull strategies which modify the pest behavior in order to reduce Bp pressure on the crop (Cook et al., 2007). Another interesting finding of this work is the suitability of L. sativus pollen for Bp oviposition, but not over Lathyrus pods. This discourages the pea-Lathyrus mixed-cropping, since it would increase the oviposition pressure over pea pods. Field studies on the effect of mixed-cropping as suggests above, need to be conducted in order to arrive at definitive conclusion.
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The use of lignocellulosic biomass for animal feed or biorefinery requires the optimization of its degradability. Moreover, biomass crops need to be better adapted to the changing climate and in particular to periods of drought. Although the negative impact of water deficit on biomass yield has often been mentioned, its impact on biomass quality has only been recently reported in a few species. In the present study, we combined the mapping power of a maize recombinant inbred line population with robust near infrared spectroscopy predictive equations to track the response to water deficit of traits associated with biomass quality. The population was cultivated under two contrasted water regimes over 3 consecutive years in the south of France and harvested at silage stage. We showed that cell wall degradability and β-O-4-linked H lignin subunits were increased in response to water deficit, while lignin and p-coumaric acid contents were reduced. A mixed linear model was fitted to map quantitative trait loci (QTLs) for agronomical and cell wall-related traits. These QTLs were categorized as “constitutive” (QTL with an effect whatever the irrigation condition) or “responsive” (QTL involved in the response to water deficit) QTLs. Fifteen clusters of QTLs encompassed more than two third of the 213 constitutive QTLs and 13 clusters encompassed more than 60% of the 149 responsive QTLs. Interestingly, we showed that only half of the responsive QTLs co-localized with constitutive and yield QTLs, suggesting that specific genetic factors support biomass quality response to water deficit. Overall, our results demonstrate that water deficit favors cell wall degradability and that breeding of varieties that reconcile improved drought-tolerance and biomass degradability is possible.

Keywords: cell wall composition, cell wall degradability, drought response, quantitative trait locus, constitutive QTL, responsive QTL, maize


INTRODUCTION

Besides its use as animal feed, lignocellulosic biomass is increasingly used for the production of second generation biofuel or chemical building blocks (Torres et al., 2015; Vermerris and Abril, 2015; Bichot et al., 2018). Many of these uses require an efficient enzymatic degradation of the biomass. Degradability is measured as the percentage of lignocellulosic biomass that is assimilated by an animal or converted into sugars in a biorefinery process. A major limiting factor in these processes is the accessibility of structural polysaccharides to the hydrolytic enzymes, which is frequently prevented by the phenolic polymer fraction. In this context, a major challenge for plant breeding is to limit biomass recalcitrance without affecting crop yield, pest resistance, or drought tolerance (van der Weijde et al., 2013).

Lignocellulosic biomass consists primarily of cell wall polymers. Studies (reported in Vogel, 2008) have shown that grass cell walls are composed of cellulose, hemicelluloses, and phenolics approximately in a 45-45-10 ratio. These values vary between developmental stages, plant tissues and genotypes. Cell wall degradability was shown to be strongly influenced by the content of phenolic compounds such as lignin and p-hydroxycinnamic acids (Hartley, 1972; Grabber et al., 1998; Casler and Jung, 1999; Méchin et al., 2001; Jung and Casler, 2006; Zhang et al., 2011; El Hage et al., 2018). In addition, the nature of the linkages between lignin subunits also plays an important role as shown for instance by the negative correlation between the amount of ß-O-4-linkages in the lignin polymers and cell wall degradability among samples with comparable lignin contents (Zhang et al., 2011). The influence of the proportion of guiacyl (G), syringil (S), and p-hydroxyphenyl (H) lignin subunits on cell wall degradability is still controversial, and conclusions differ depending one studies lignified cell walls (Grabber et al., 2003; Jung and Casler, 2006; de Oliveira et al., 2015) in dicotyledons (Baucher et al., 1999; Casler and Jung, 1999; Goujon et al., 2003), or in grasses (Méchin et al., 2000; Zhang et al., 2011;El Hage et al., 2018).

Grasses are particularly rich in p-hydroxycinnamic acids, among which p-coumaric acids are found mainly esterified (PCAest) to S lignin units (Ralph et al., 1994; Grabber et al., 1996; Lu and Ralph, 1999) and ferulic acids (FA) associated with hemicelluloses and/or lignins through ester (FAest) or ether (FAeth) linkages, respectively (Hatfield et al., 2017). In maize, PCAest content was shown to be negatively correlated with cell wall degradability (Gabrielsen et al., 1990; Méchin et al., 2000; Taboada et al., 2010; Zhang et al., 2011; El Hage et al., 2018) and FA content might also affect cell wall degradability (Barrière et al., 2005).

Biosynthesis and regulatory pathways for cell wall components have been intensively studied (Boerjan et al., 2003; Vanholme et al., 2008; Riboulet et al., 2009; Gray et al., 2012) and numerous genes encoding critical enzymes and transcription factors have been identified. In addition, over the last two decades, over 400 quantitative trait loci (QTLs) underlying natural variation in cell wall composition and degradability have been identified in maize using mainly bi-parental populations (Lübberstedt et al., 1997b,c; Bohn et al., 2000; Barrière et al., 2001, 2008, 2012; Méchin et al., 2001; Roussel et al., 2002; Cardinal et al., 2003; Fontaine et al., 2003; Papst et al., 2004; Cardinal and Lee, 2005; Krakowsky et al., 2005, 2006; Riboulet et al., 2008a; Wei et al., 2009; Lorenzana et al., 2010; Torres et al., 2015; Leng et al., 2018). A QTL meta-analysis identified 26 meta-QTLs for cell wall degradability and 42 meta-QTLs for cell wall (Truntzler et al., 2010), suggesting a complex genetic determinism, which however, might be reduced to a smaller number of genomic regions. Interestingly, only few major QTLs (which explained more than 20% of the observed variation) for cell wall-related traits have been found (Roussel et al., 2002; Courtial et al., 2013) and only less than half of all the meta-QTLs for cell wall degradability co-localized with meta-QTLs for cell wall composition, underscoring the fact that cell wall composition and degradability have complex genetic determinisms. Despite the fact that yield and degradability are often negatively correlated (Barrière et al., 2004), breeding forage maize hybrids for increased cell wall degradability, without impacting yield turned out to be possible (Baldy et al., 2017).

In the context of global climate change, many scenarios predict more frequent drought periods, which, together with dwindling fresh water supplies, are expected to have strong impacts on crop yields (Samaniego et al., 2018; Webber et al., 2018). Water deficit affects, within minutes, physiological processes underlying leaf and root growth, such as cell division, hydraulics, cell wall mechanics, and primary and secondary metabolism., This is likely to have long lasting consequences (days to months) on whole-plant transpiration and water uptake and as a result, on biomass yield and quality (for reviews see Reynolds and Langridge, 2016; Tardieu et al., 2018). In addition, crop plants under water deficit often contain excess carbon and roots and reproductive organs frequently appear to experience sink limitation. Furthermore, under agronomical conditions, deregulation of the synchronization of male and female flowering time are often reported under water deficit, leading to grain abortion and massive yield loss (Denmead and Shaw, 1960; Reynolds and Langridge, 2016; Turc and Tardieu, 2018). The genetic determinism of drought tolerance in maize grain yield has been extensively studied (Ribaut and Ragot, 2007; Collins et al., 2008; Ribaut et al., 2010) and interestingly, recent reports showed that water deficit positively impacts cell wall degradability in maize (Emerson et al., 2014; El Hage et al., 2018), sorghum (Perrier et al., 2017), miscanthus (Emerson et al., 2014; van der Weijde et al., 2017), and sugarcane (dos Santos et al., 2015). However, so far, no QTL for cell wall degradability or composition in response to water deficit have been reported.

In the present study, we performed QTL mapping using a maize recombinant inbred line (RIL) population derived from a cross between two parental inbred lines, F271 and Cm484, to explore the genetic factors underlying variation of cell wall-related traits in response to water deficit in maize plant. This population was cultivated in field trials over three consecutive years under both irrigated and non-irrigated scenarios. Firstly, we determined the impact of a non-irrigated scenario on cell wall-related traits using maize stover and dedicated near infrared spectroscopy (NIRS) predictive equations. Secondly, analyzing jointly the data from both irrigation scenarios, we were able to demonstrate that allelic variation (F271 vs. Cm484) at several loci were responsible for observed phenotypic variation whatever the irrigation scenario (constitutive QTLs, Collins et al., 2008). In addition, we also pointed out loci where allelic variation impacted the variation of quantified traits in response to irrigation scenario (responsive QTLs).



MATERIALS AND METHODS


Plant Materials and Field Experiments

A RIL population consisting of 267 lines was developed at INRA by single seed descent (SSD) for 6 generations from a cross between maize inbred early lines F271 (INRA line bred from Canadian dent; Barrière et al., 2001; Roussel et al., 2002) and Cm484 (Canada-Morden−1989; Méchin et al., 2000; Barrière et al., 2007). All the RILs were planted in a randomized augmented bloc design with one replicate of both parents in each bloc over 3 years (2013, 2014 and 2015). Field trials were carried out in the South of Montpellier (France). This localization is under a Mediterranean climate characterized by warm and dry summers and humid winters. Over the last 30 years, the annual mean temperature and precipitation were 15.2°C and 629 mm, respectively. The mean summer temperature was 29.3°C (July) and over the last years, a tendency toward dryer summers was observed. The water deficit was estimated at 180 mm in June and July and around 100 mm in May and August (Delalande et al., 2017). The soil was of a stony loamy-clay nature, with a depth reaching up to 200 m. Plants were grown in open field under Irrigated (I) and Non-Irrigated (NI) conditions. Blocs of I and NI were adjacent in the same experimental fields each year and localized 15–20 m apart in order to prevent irrigation of the non-irrigated blocs. Fifteen repetitions in 2013 and eight repetitions in 2014 and 2015 were cultivated in each scenario. Under the I scenario, the water was supplied with a mobile ramp of sprinklers twice a week (30 mm of water supplied every time), and under the NI scenario water was no more supplied when the 5th leave of INRA check early line F2 showed the 5th leave ligulated until 14 days after all the RILs flowered. Each line was grown in a single 4.20 m row with 0.80 m between rows and a planting density of 80,000 plants/ha. At the silage stage, ears with husks and peduncle were removed manually from the plants just before the stover plots were machine-harvested with a forage chopper. In the field, plant height and biomass yield were determined. A representative sample of nearly 350 g fresh chopped stover per plot was collected for dry-matter (DM) content estimation and biochemical and NIRS analyses. All samples were dried in a forced-air oven at 55°C and ground with a hammer mill (1 mm grid).



Establishment of Accurate NIRS Predictive Equations and Biochemical Analyses

Cell wall biochemistry-related traits of all the harvested dried samples were estimated using NIRS predictive equations. To do so, these equations were developed at INRA Versailles for maize plants without ears harvested at silage stage. Depending on the trait, 60–200 samples of maize stover from inbred lines harvested at silage stage were biochemically analyzed to calibrate and to validate the established equations. Out of these 200 samples, 49 were selected from the F271 × Cm484 RIL progeny evaluated in the I (23 samples) and NI (26 samples) scenarios over 3 years (6 and 9 samples from the I and NI scenarios, respectively, in 2013; 14 and 11 samples from the I and NI scenarios, respectively, in 2014; 3 and 6 samples from the I and NI scenarios, respectively, in 2015). This selection was carried out to make the predictive equations accurate for the samples harvested in the present study. Calibration equations were validated using a set of 20–40 calibration samples for all traits, except for neutral detergent fiber (NDF), acid detergent lignin (ADL.NDF), and polysaccharides (CL.NDF and HC.NDF), which were obtained by the Goering and Van Soest (1970) using a cross validation approach (Table 1).



Table 1. Characteristics of NIRS calibrations developed for cell wall traits in stover maize plants without ears.

[image: image]




Concerning the biochemical analyses performed on the calibration and validation sets, cell wall residue (CWR) was obtained with a water/ethanol extraction (Soxhlet). NDF, acid detergent fiber (ADF), ADL, cellulose [CL.NDF = 100*(ADF-ADL)/NDF] and hemicellulose [HC.NDF = 100*(NDF-ADF)/NDF] contents were estimated according to Goering and Van Soest (1970). Lignin content in the cell wall (KL.CWR) was estimated using the Klason method according to Dence (1992). Esterified and etherified p-hydroxycinnamic acids (PCAest, FAest, FAeth) contents were estimated after alkaline hydrolysis of the CWRs (Méchin et al., 2000; Culhaoglu et al., 2011). The monomeric structure and composition of lignin (units β-O-4.H, β-O-4.S, and β-O-4.G) was determined through the oxidation of CWRs by thioacidolysis (Lapierre et al., 1986). Glucose (GLU), Xylose (XYL), and Arabinose (ARA) contents were determined by acid hydrolysis (Updegraff, 1969; Harholt et al., 2006). The in vitro dry matter degradability (IVDMD) and cell wall residue degradability (IVCWRD) were estimated according to a modified protocol derived from Aufrère and Michalet-Doreau (1983). Briefly, 30 mg of dry matter was pretreated in an acid solution (HCL 0.1N) at 40°C for 24 h after which 2 M NaOH was added to terminate the reaction. The sample was then incubated in a cellulase solution (Cellulase Onozuka R10 8 mg.ml−1, NaAc 0.1M pH 4.95, Na2CO3 0.4%) at 50°C during 72 h. After centrifugation, the pellet was washed with water and frozen before lyophilization and the weight loss was expressed as a percentage of the initial weight (30 mg).



Statistical Analyses of the Cell Wall Dataset

All statistical analyses were performed using R software (R Core Team, 2014). To eliminate the environmental effects, single-plot values were corrected by a subtraction of the best linear unbiased prediction (BLUP) value of the bloc effect for each line, obtained using the following mixed linear model (1):

[image: image]

where Yijkl is the phenotypic value of the ith line in the jth year, in the kth irrigation scenario and localized in the lth bloc in field. In this model, μ is the intercept. The genetic effect of line i is considered as fixed and noted Ci if i was one of the two parental lines used as checks and as random and noted gi if i was one of the RILs. The parameter ti was set to one for checks and zero otherwise. The genetic effects of the RILs were assumed to be independent and identically distributed. The Bjkl bloc effects were considered as random, as well as the interactions between the gi genetic and the yj year or the ek irrigation scenario effects. The year yj and irrigation scenario ek effects as well as the interaction between them yejk were considered as fixed effects.

A principal component analysis (PCA) was carried out in order to reduce the number of traits to describe the variation of cell wall related traits over the corrected data set. The R package FactoMineR was used for the PCA (Lè et al., 2008).

Corrected data for each trait for the RILs were then used to estimate variance components and trait heritabilities, using the following model (2):

[image: image]

where Y′ijk is the corrected phenotypic value of the “i”th line in the “j”th year, in the “k”th irrigation scenario. In this equation, the gi represents the genetic effect, the yj and the ek the year and irrigation scenario effects, and the Eijk the residual error effect.

Broad sense heritability was calculated using the variance components estimated with the linear model (2) where the gi genetic effects and the interactions between the gi genetic and the yj year or the ek irrigation scenario effects were considered as random effects, as follows:
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where [image: image] represents the genetic variance, [image: image] the variance of interaction between genotype and irrigation scenario, [image: image] the variance of the interaction between genotype and year, [image: image] the residual error variance item, and k, j, obs, i the number of irrigation scenarios, year, observations and lines, respectively. The ratio “obs/i” therefore corresponds to the average number of observations per RIL over the whole experimental design.

The corrected data obtained with the model (1) were also used to compute least-square means (ls-means) of each recombinant inbred line using specific models. To obtain ls-means for lines using both irrigation conditions jointly (“all”), we used a linear model including genotype, year, irrigation scenario and the interaction between year and irrigation scenarios effects, all considered as fixed. For the ls-means of the irrigation conditions separately (“I” and “NI” for irrigated and non-irrigated, respectively), we used the linear model including only the genotype and year effects of the corrected data for irrigated or non-irrigated conditions, respectively.



Genotyping and Genetic Map Construction

Leaf tissues were collected from all 261 RILs and parental inbred lines F271 and Cm484 and freeze-dried at −70°C. Genomic DNA was extracted using a procedure derived from Dellaporta et al. (1983), Michaels et al. (1994), and Tai and Tanksley (1990). Genomic DNA was used for genotyping using the genotyping by sequencing (GBS) approach (Elshire et al., 2011). Briefly, the genomic DNA was digested with the restriction enzyme ApeK1 and used to construct GBS libraries in 96-plex. The GBS libraries were sequenced by Illumina HiSeq2000 and SNP calling was performed using the TASSEL GBS pipeline with B73 as the reference genome (Glaubitz et al., 2014).

Initially, 955,720 markers were identified well-distributed on maize chromosomes 1 to 10. Among those, we selected 2,806 polymorphic markers between parental lines than 15% missing data among the RILs. These markers were then used to construct the linkage map using R scripts interacting with the CarthaGene software (de Givry et al., 2005), as described in Ganal et al. (2011). Specifically, a scaffold map of 1,775 cM containing 20 to 39 markers per chromosome was first built with very stringent criteria for order robustness (minimum spacing of 5cM between adjacent markers), and then densified with additional markers to produce a framework map containing 62 to 161 markers per chromosome while keeping a LOD threshold for order robustness greater or equal to 3.0. In total, 1,000 markers were retained following this procedure. The total length of the framework map was 2,355 cM with an average spacing of around 2.4 cM. By looking a posteriori at singletons in the dataset, we verified that the increase of the genetic map length when saturating the scaffold with additional markers was not attributable to genotyping errors, but more likely to the rather high level of missing data, which introduces a bias in the imputation procedure (EM algorithm) of CarthaGene as a result of genetic interference.



QTL Detection

To integrate the response to water treatment, single-marker analysis was performed on the corrected data for each trait and the coordinates of the PCA components. The genome was scanned with the following mixed linear model (3):

[image: image]

where Y′ijkl is the corrected phenotypic value of the line i in the year j, in the irrigation scenario k and for the reference allele p at the tested marker. In this model, μ is the intercept and gi. the residual genetic effect, which not accounted for by the marker effect, was considered random. The 1,000 markers identified on the genetic map were analyzed one by one using their “p” allele genotype for all the lines. The markers with a p-value inferior to 0.005% were selected for the marker effect (named constitutive QTL) and for the interaction between the marker and the irrigation scenario (named responsive QTL). All the adjacent markers along the genetic map with a p-value inferior to 0.005% were considered to form a QTL and the confident interval of each QTL was then estimated by the distance of the most distant markers with a p-value inferior to 0.005%. To estimate the percentage of variance (r2) explained by each detected QTL, we used the linear model (4) including the irrigation scenario, the marker and the interaction between the marker and the irrigation scenario effects on the ls-mean data per irrigation scenario.
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where Y′ik is the corrected phenotypic value of the line i in the irrigation scenario k.

To calculate the r2 explained by the QTL, we calculated the difference between r2 from the full model (4) and the r2 from the model (4) without the marker for the constitutive QTL or without the interaction between the marker and the irrigation scenario for the responsive QTL.

To calculate the effect of the QTL, we used the ls-mean data of both irrigation conditions jointly and separately (“I” and “NI” for irrigated and non-irrigated, respectively). For the constitutive QTL, the QTL effect was estimated at the marker position as the difference between the two parental allele effects divided by the range of variation of the trait on the recombinant inbred line population. For the responsive QTL, obtained with the “mp x ek” factor, the QTL effect was calculated at the marker position by dividing the difference of the irrigation scenario response between the two parental allele with the range of variation of the response of the trait on the recombinant inbred progeny. Ls-mean data for every traits obtained for both irrigation conditions separately have been also used to detect QTL following standard MQM procedure in R proposed by Broman and Sen (2009).




RESULTS


Two Parental Inbred Lines Have Contrasting Cell Wall Composition, Degradability, and Responses to Irrigation

To quantify 19 traits related to cell wall composition and degradability, we established predictive NIRS equations using maize stover samples harvested at silage stage over 3 years under both irrigation scenarios. The range of variation among the calibration samples was high for most of the traits and allowed for robust calibrations (Table 1) as shown by the high r values (ranging from 0.70 to 0.95) for all the traits except for S/G ratio (r = 0.62) and FAeth (r = 0.45). These equations therefore allowed a reliable prediction of the cell wall composition and structure of the samples from the RIL progeny.

Agronomic and cell wall-related traits were then evaluated for the two parental inbred lines F271 and Cm484 under the I scenario (Table 2). F271 produced more biomass than Cm484 and all 19 traits related to cell wall composition and degradability, except for FAest, were found distinct between the two parental inbred lines. F271 biomass was less degradable (IVDMD) and had a higher NDF and lignin content (LK.CWR and ADL.NDF) relative to Cm484. Lignin structure was also different between the two parental lines, F271 having more ß-O-4-linked lignin, higher PCAest and FAeth contents than Cm484. IVCWRD was also lower in F271 than in Cm484. Finally, the structural sugars GLU and XYL showed higher levels in F271 than Cm484, while HC.NDF, ARA and GAL levels were lower in F271 than in Cm484.



Table 2. Agronomical, cell wall composition, and degradability traits for the two parental inbred lines F271 and Cm484.
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Cultivation under the NI scenario significantly altered most traits, except for the structural sugar levels, relative to the I scenario, (Table 2). Plant height and biomass yield were much lower under the NI scenario. NDF increased while lignin contents in cell wall decreased, paralleled by an increase of both IVDMD and IVCWRD. The overall ß-O-4 yield decreased under the NI scenario, the S unit content decreased while the G unit content remained unchanged, leading to a decrease of the S/G ratio. In contrast, the H unit content increased, while the PCAest content decreased under the NI scenario. It is noteworthy that the scenario explained 49.45% of the observed variation for PCAest content (Table 2). Finally, under the NI scenario FAest and FAeth showed only a small reduction and the effect of the irrigation scenario explained only 8.0 and 6.6% of the observed variation in FAest and FAeth, respectively (Table 2).

It is worth noting that F271 and Cm484 responded differently to the irrigation scenarios (Table 2). The agronomical traits were more impacted by the irrigation scenarios in F271 (reduction of 16.6 and 36.6% of plant height and biomass yield, respectively, in the NI vs. I scenario) than in Cm484 (reduction of 8.3 and 15.7% of plant height and biomass yield, respectively, in NI vs. I scenario). The increase in IVDMD and IVCWRD was also more pronounced in F271 (increase of 8.9 and 26.7% of IVDMD and IVCWRD, respectively, in the NI vs. I scenario) than in Cm484 (increase of 1.1 and 18.4% of IVDMD and IVCWRD, respectively, in the NI vs. I scenario). In contrast, the increase in NDF under the NI scenario was more pronounced in Cm484 (9.7%) than in F271 (3.3%). Surprisingly, F271 and Cm484 showed similar responses to the irrigation scenarios for the lignin contents. These findings were in accordance to a low r2 (0.89 and 0.44% for KL.CWR and ADL.NDF, respectively), whereas a significant interaction between genotype and irrigation scenarios effect was observed.



In the F271 × Cm484 RIL Progeny, Cell Wall Composition and Degradability Responded to the Irrigation Scenario

The agronomic and cell wall-related traits were then evaluated in the F271 × Cm484 RIL progeny (Table 3). The trait variation was higher in the RIL progeny than in the parental lines, illustrating the so-called transgression effect, except for IVDMD and ARA under the I condition. Moreover, a strong genotypic effect and medium to high heritabilities were observed for all traits. Importantly, large genotypic variability among the F271 × Cm484 RIL progeny was found in the general trend under both irrigation scenarios as shown by the minimal and maximal values (Table 3). The strongest heritabilities (h2 above 0.7) were observed for plant height, biomass yield, IVCWRD, KL.CWR, ADL.NDF, PCAest, FAest, CL.NDF, HC.NDF, and ARA. On the other hand, lowest heritabilities (h2 < 0.6) were observed for traits related to lignin structure, GLU, GAL, and XYL.



Table 3. Agronomical, cell wall composition, and degradability traits in the RIL progeny.
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Principal component analysis (PCA) was performed with all the NIRS-estimated values for investigated traits under both irrigation scenarios (Figure 1) on the RIL progeny. The first three principal components (PCs) explained 80% of the variation of all the traits. The traits that contributed the most to the first principal component (PC1) were IVCWRD, KL.CWR, ADL.NDF, and PCAest (Figure 1A and Supplemental Table 1). These traits were strongly correlated (r ranging from 0.71 to 0.95 in both irrigation scenarios; Figure 1C) and the IVCWRD was negatively correlated to the KL.CWR, ADL.NDF, and PCAest. It is worth noting that these traits were strongly impacted by the irrigation scenarios (Table 3). Indeed, for these traits, the percentage of variance explained by the irrigation scenarios effect was always higher than that explained by the genotypic effect (Table 3). Hence, PC1 contributed to 59% of the irrigation scenario effect (Figure 1B).
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FIGURE 1. Principal Component Analysis (PCA) plots and correlation matrix of the investigated traits. (A) Distribution of the cell wall-related traits on the first, second, and third components, explaining 42.14, 21.84, and 16.01% of the variability observed, respectively. (B) Distribution of the F271 × Cm484 RIL progeny lines in Irrigated (blue) and Non-Irrigated (red) scenarios on the principal components PC1, PC2, and PC3. (C) Matrix of Pearson correlation in Irrigated (upper triangle) and Non-Irrigated (lower triangle) scenarios. The positive correlations were in orange and the negative in green, the color scale were from 0 to 1 or −1.



The traits that contributed the most to the second principal component (PC2) were FAest, β-O-4 yield, β-O-4.G, and β-O-4.S (Figure 1A and Supplemental Table 1). The correlation between FAest and the other traits was lower (r ranging from 0.32 to 0.36) than that observed between the β-O-4 yield and the β-O-4.G and β-O-4.S contents (r ranging from 0.8 to 0.96 in the I scenario; Figure 1C). Furthermore, the percentage of variance explained by the irrigation scenarios was strikingly lower than that for the genotypic effect (Table 3). It should be noted that the irrigation scenario had no significant impact on β-O-4.G levels in both F271 × Cm484 RIL progeny and parental inbred lines (Table 2). Consistently, PC2 did not allow RILs cultivated under the I or the NI scenario to be distinguished (Figure 1B).

The traits that contributed most to the third principal component (PC3) were ß-O-4.H contents and NDF (Figure 1A and Supplemental Table 1). PC3 contributed to 16% of the irrigation scenarios effect and allowed a better separation of RILs cultivated under each irrigation scenario (Figure 1B). Overall, only a few traits (NDF, KL.CWR, FAest, FAeth, and GLU) showed strong (r2 > 10%) and significant effects for the interaction between genotype and irrigation scenarios (Table 3), suggesting that variation of the response to the irrigation scenario in the F271 × Cm484 RIL progeny occurred only for these traits.



Fifteen Clusters Encompassed More Than Two Thirds of the 213 Constitutive QTLs Detected

Using a mixed linear model, we detected constitutive QTLs, when the “mp” term was significant [see equation (3) in Materials and Methods section]. Allelic variation present at a constitutive QTL for a given trait impacted the variation of this trait whatever the year and the irrigation scenario. For plant height, biomass yield and the 19 cell wall traits, a total of 213 constitutive QTLs were detected, spread over the 10 maize chromosomes (Supplemental Table 2 and Supplemental Figure 1). Among the 213 constitutive QTLs detected, 142 (i.e., two-thirds) mapped to 15 clusters (Figure 2 and Supplemental Table 2). These 15 clusters contained six to 14 QTLs for the 21 investigated traits. The 11-const cluster on chromosome 6 included 14 QTLs and showed the highest r2 among the clusters detected. At the agronomic level, 19 QTLs were detected for plant height, but only 5 co-localized with the 15 identified cluster. For biomass yield, 12 QTLs were detected, but none of them were localized within the 15 identified clusters. The 11 QTLs for IVCWRD, always co-localized with QTLs for KL.CWR, ADL.NDF, and PCAest, except in clusters 7-const, 9-const and 15-const (Figure 2 and Supplemental Table 2). Within cluster 7-const, the QTL for IVCWRD co-localized with QTLs for FAest, CL.NDF, and HC.NDF. At cluster 9-const, the QTL for IVCWRD co-localized with QTLs for β-O-4 yield, β-O-4G, β-O-4S, PCAest, FAeth, and GLU. It is worth noting that most of the constitutive QTLs co-localized with QTLs detected for every traits under either irrigated or non-irrigated scenarios (Supplemental Table 3), underlying the fact that overall, these constitutive QTLs are present whatever the irrigated scenario.
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FIGURE 2. Summary of the clusters of constitutive and responsive QTLs identified for agronomic, cell wall composition, degradability, and PCA coordinate components traits. The color corresponds to the allele increasing the traits, F271 in magenta and Cm484 in cyan. The scale of colors represented the effect at the QTL position (Supplemental Table 2) over the variation of the corresponding trait on the RIL progeny lines (see materials and methods). The symbols correspond to co-localization between constitutive and responsive QTLs. The references correspond to: [1] Méchin et al., 2001; [2] Roussel et al., 2002; [3] Cardinal et al., 2003; [4] Fontaine et al., 2003; [5] Krakowsky et al., 2005; [6] Krakowsky et al., 2006; [7] Riboulet et al., 2008a; [8] Barrière et al., 2008; [9] Wei et al., 2009; [10] Truntzler et al., 2010; [11] Lorenzana et al., 2010; [12] Barrière et al., 2012; [13] Courtial et al., 2013; [14] Torres et al., 2015; [15] Leng et al., 2018.



Interestingly, 12 out of the 13 QTLs for PC1 co-localized with the 15 identified clusters (Figure 2 and Supplemental Table 2) and coincided with QTLs detected for IVCWRD, KL.CWR, ADL.NDF, and PCAest. This was consistent with the fact that these traits were the major contributors to PC1 (Figure 1A, Supplemental Table 1). Seven QTLs for PC2 coincided with those for FAest, β-O-4, β-O-4.G, and β-O-4.S yield in the 15 identified clusters (Figure 2). This was consistent with the fact that these traits were the major contributors to PC2 (Figure 1A and Supplemental Table 1). Among the 11 identified QTLs for PC3, 7 co-localized with the 15 identified clusters (Figure 2). These QTLs coincided with those for ß-O-4.H and NDF, which were the traits that contributed the most to PC3 (Figure 1A and Supplemental Table 1). Hence, 26 QTLs for PC1, PC2, and PC3 coordinates summarized the 15 obtained clusters.



Thirteen Clusters Encompassed More Than 60% of the 149 Responsive QTLs Detected

Using the same mixed linear model, we also detected responsive QTLs, when the “mp x e[image: image] term was significant [see equation (3) in Materials and Methods section]. Allelic variation at a responsive QTL explained the differences of response found for a given trait between plants carrying F271 alleles and those carrying Cm484 alleles depending on the environment. A total of 149 significant responsive QTLs were identified for all the individual traits (Supplemental Table 2 and Supplemental Figure 1). Among them, 93 (62%) clustered on 13 loci (Figure 2 and Supplemental Table 2). At the agronomic level, 6 responsive QTLs for plant height and 8 responsive QTLs for biomass yield were detected. However, only 3 responsive QTLs for plant height and 4 responsive QTLs for biomass yield co-localized with the 13 identified clusters. Interestingly, 5 of the 6 responsive QTLs for IVCWRD co-localized with responsive QTLs for other traits in the 13 clusters. The two clusters 7-resp and 9-resp included responsive QTLs for plant height, biomass yield, IVCWRD, structural sugars and PCAest. In contrast, the two clusters 4-resp and 5-resp grouped responsive QTLs for IVCWRD, lignin content, HC.NDF and CL.NDF. The cluster 4-resp also included responsive QTL for FAest and FAeth.

Responsive QTLs for PCs were also mapped (Supplemental Table 2 and Figure 2). Seven out of the eight responsive QTLs for PC1 co-localized in seven cluster (1-resp, 4-resp, 5-resp, 7-resp, 8-resp, 9-resp, and 12-resp) with responsive QTLs for traits that were the major contributors to PC1 (namely IVCWRD, KL.CWR, ADL.NDF, and PCAest; Figure 1A and Supplemental Table 1). Additionally, seven of the 11 responsive QTLs for PC2 co-localized with responsive QTLs for FAest (2-resp, 3-resp, 4-resp, and 8-resp), β-O-4, β-O-4.G, or β-O-4.S yield (3-resp, 6-resp, 10-resp, and 11-resp). Only three of the seven responsive QTLs for PC3 co-localized with clusters of responsive QTLs. At the 8-resp locus, a responsive QTL for PC3 co-localized with responsive QTLs for β-O-4.H and NDF which were the traits that contributed the most to PC3. However, at cluster 9-resp, the presence of a responsive QTL for PC3 was not associated with the presence of responsive QTLs for β-O-4.H nor for NDF.

It is worth noting that six of the 13 clusters of responsive QTLs did not co-locate with the 15 clusters of constitutive QTLs (Figure 2). Furthermore, the traits involved in “constitutive clusters” co-locating with “responsive clusters,” were not always the same. As such, the constitutive cluster 4-const, which encompassed 10 QTLs and the responsive cluster 2-resp which consisted of 8 QTLs, shared only 5 QTLs for common traits.




DISCUSSION


Optimized and Accurate NIRS Equations Enable the Genetic Analysis of a Broad Number of Cell Wall-Related Traits in a Large Set of Maize Stover Samples

NIRS is routinely employed in a commercial setting for the assessment of complex forage quality traits in maize including the analysis of cell wall digestibility (reviewed in Torres et al., 2015). Several published examples highlight that cell wall-related traits can be accurately predicted in maize stover. This is the case for dry matter and cell wall degradability (Lübberstedt et al., 1997c; Riboulet et al., 2008b; Jung and Phillips, 2010), as well as for the traits quantified by the Van Soest chain (Dardenne et al., 1993; Lorenz et al., 2009; Jung and Phillips, 2010). The established equations in this study show also a high r of validation for the above-mentioned traits (r ranging from 0.77 to 0.95).

Lignin content has been estimated using both Van Soest (ADL.NDF) and Klason (KL.CWR) methods. As discussed in Zhang et al. (2011) and in accordance with Fukushima and Hatfield (2004) the KL procedure is more suitable for the global determination of lignin content, whereas the ADL procedure allows the proportion of the more condensed lignin fraction to be determined. Hames et al. (2003) (cited in Lorenz et al., 2009) reported NIRS predictive equations for lignin contents measured with both methods. In the present study, the r of validation or cross-validation for both lignin contents was high (r = 0.83). It is worth noting that Barrière et al. (2010) used NIRS equations to predict both lignin contents in a RIL progeny and detected only 2 common QTLs for both lignin contents among the 14 detected QTLs. In the present study, 85% of the QTLs for ADL.NDF and KL.CWR co-localized.

NIRS predictive equations for p-hydroxycinnamic acids contents have also been proposed (Riboulet et al., 2008b; Jung and Phillips, 2010; Lorenzana et al., 2010). All the proposed equations for PCAest content are satisfying with a r of validation ranging from 0.87 (Riboulet et al., 2008b) to 0.95 (Lorenzana et al., 2010). Our predictive equation is in the same order of magnitude (r of validation = 0.78). In contrast, predictive equations for FA contents are generally unreliable. Thus, the equation proposed by Lorenzana et al. (2010) using stover from the studied mapping population has a r2 of calibration of 0.04 for FA content. Jung and Phillips (2010) were able to report a r2 of 0.95 by using for calibration samples from different plant parts harvested at different maturity stages (from immature leaf blade to mature stem samples). This r2 of validation allowed FA content to be distinguished between organs but not the variation of FA content within the same organ harvested at the same stage. Riboulet et al. (2008b) proposed NIRS predictive equation for FA contents for maize stover harvested at silage stage with a r2 of calibration ranging from 0.64 to 0.66. In the present study, the predictive NIRS equations developed are robust, especially for FAest content (r of validation = 0.83, thus r2 = 0.69).

Thioacidolysis is a biochemical protocol to assess lignin structure (Lapierre et al., 1986). In this study, we proposed for the first time NIRS predictive equations for monolignol composition based on the thioacidolysis analysis of maize stover. β-O-4 yield and β-O-4 and monolignol content are robustly estimated with our established equations (r of validation ranging from 0.71 to 0.90). The prediction of the S/G ratio is slightly less robust but is nevertheless above 0.6 (r = 0.66).

Overall, the NIRS predictive equations proposed herein are novel, robust and accurate to predict cell wall-related trait on maize stover harvested at silage stage. They are dedicated to maize stover samples harvested at silage stage and were developed in parallel with those recently presented in El Hage et al. (2018) dedicated to maize internodes harvested at silage stage.



The NI Scenario Has a Strong Impact on Agronomic and Cell Wall Related Traits but Does Not Affect Their Correlation Structure

The irrigation scenario significantly affected both agronomic and cell wall-related traits. Indeed, average biomass yield and plant height were reduced up to 27.5 and 14.8%, respectively. In sorghum, Perrier et al. (2017) noticed a reduction of plant height ranging from 17.8 to 23.4% when plants were submitted to a similar NI scenario. Furthermore, we observed a significant reduction of lignin and the PCAest contents under the NI relative to I conditions. This is consistent with previous observations on maize (Emerson et al., 2014; El Hage et al., 2018), sorghum (Perrier et al., 2017), sugarcane (dos Santos et al., 2015), and miscanthus (Emerson et al., 2014; van der Weijde et al., 2017).

Although the irrigation scenarios were contrasted enough to provoke significant agronomic and cell wall modifications, the overall structure of the correlations between the investigated cell wall related traits was not affected by the NI scenario (Figure 1C). Whatever the irrigation scenario, lignin, and PCAest contents were tightly correlated as previously described (Hatfield et al., 1999). These two traits were strongly and negatively correlated to cell wall degradability. Zhang et al. (2011) and El Hage et al. (2018) have suggested that lignin and PCAest contents may have distinct roles on cell wall degradability. It is noteworthy that FA contents were less correlated to cell wall degradability, despite their established role in cell wall cross linking (Hatfield et al., 2017) which was reported to be critical for cell wall degradability (Grabber et al., 1998; Jung and Casler, 2006).

The impact of β-O-4 yield on cell wall degradability is still subject to debate and has been reported by Besombes and Mazeau (2005) and Zhang et al. (2011) as limiting. In the present study, the β-O-4 yield was mildly correlated with cell wall degradability whatever the irrigation scenario. We observed that the NI scenario had no impact on β-O-4.G and β-O-4.S subunits, leading to the same S/G ratio in both irrigation conditions. The observed modifications on lignin and PCAest contents under the NI scenario led to a similar expected amount of S units in lignin acylated by PCAest (16.5 and 14.7% in the I and NI scenarios, respectively). The amount of H units in lignin, however, was increased by the NI scenario. This is a signal observed when plants are submitted to different sources of stress (reviewed in Cabane et al., 2012). For instance, H subunits increased when poplar plants were under ozone treatment (Cabané et al., 2004). H subunits are also terminal units of lignin polymer and their increase could contribute to the parceling out of the lignin polymer. In addition, the fact that the FAest content was not impacted under the NI scenario, while the lignin content was reduced, could reflect a lignin more fragmented under stress. Mottiar et al. (2016) suggested that shorter lignin chains should be more prone to degradability. Hence, the increase in cell wall degradability under the NI scenario very likely reflects a decrease in lignin and PCAest contents but might also be due to modifications of the lignin structure, which appeared to be more fragmented under the NI scenario. Indeed, etherified ferulic acids represent the ferulic primers used for lignin anchoring. Thus, if the number of ferulic bonds is comparable under both environments while the lignin content is higher in the irrigated one (Table 3), then the lignin chains on each primer must be longer to explain the higher lignin content.



A Complex Genetic Architecture of Cell Wall Composition and Degradability Traits Over the Irrigation Scenarios and Their Responses to the NI Scenario

Thus far, numerous QTL studies have been reported on traits related to cell wall composition and degradability for maize at silage stage (Lübberstedt et al., 1997a,c; Bohn et al., 2000; Barrière et al., 2001, 2008, 2012; Méchin et al., 2001; Roussel et al., 2002; Cardinal et al., 2003; Fontaine et al., 2003; Papst et al., 2004; Cardinal and Lee, 2005; Krakowsky et al., 2005, 2006; Riboulet et al., 2008a; Wei et al., 2009; Lorenzana et al., 2010; Courtial et al., 2014; Torres et al., 2015; Leng et al., 2018). These studies allowed to map over 400 QTLs all over the maize genome (Barrière et al., 2008). The present study allows the identification of 15 clusters of constitutive QTLs over the years and the irrigation scenarios for traits related to cell wall composition and degradability. All the loci detected were already mentioned in previous publications (Figure 2). Thus, in bin 3.05 (cluster 6-const), 60% of the previous studies mapped a QTL for cell wall degradability or composition. Torres et al. (2015) already mentioned that this genomic region was often identified for these types of traits. Using the F271 × Cm484 RIL progeny, the strongest QTL region was localized on bin 6.05 (cluster 11-const). This region has already been identified as a hotspot in several studies (Roussel et al., 2002; Courtial et al., 2013, 2014) using the F271 × F288 RIL progeny. This suggests that the alleles from the parental inbred line F271 used shared by both RIL populations, confers some common cell wall properties. Furthermore, the parental line F271 was found to be less degradable than the parental line Cm484, in agreement with previous studies (Méchin et al., 2000; El Hage et al., 2018). However, it is worth noting that the constitutive QTL alleles conferring a higher cell wall degradability did not always come from the better degradable inbred line Cm484. Thus, the allele from F271 conferred an increase of IVCWRD for three of the 15 detected clusters of constitutive QTLs (2-const, 3-const, and 8-const).

Several biomass yield QTLs were detected, but none of them mapped among the constitutive clusters for biomass quality detected in the present study (Supplemental Figure 1 and Supplemental Table 2). This result suggests that cell wall degradability and its response to water deficit could be selected without impacting biomass yield (Baldy et al., 2017; van der Weijde et al., 2017). Additionally, numerous constitutive QTLs for IVCWRD, LK.CWR and/or, ADL.NDF co-localized in a manner that is consistent with the strong correlation observed between the cell wall degradability and the lignin content. In contrast, QTLs for IVCWRD were not always co-localized with QTLs for lignin content in agreement with previous observations (Truntzler et al., 2010; Penning et al., 2014). We noticed that QTLs for IVCWRD and PCAest more often co-localized. For instance, the cluster 9-const encompassed QTLs for IVCWRD, β-O-4 yield, PCAest, and FAest, suggesting an independent potential role of these traits in the variation of the cell wall degradability as previously described (Grabber, 2005; Zhang et al., 2011). Collectively, our results highlight the complexity of the genetic determinism of cell wall related traits (Barrière et al., 2008; Torres et al., 2015).

In maize, QTLs for drought tolerance of grain yield have been largely studied and reported (Ribaut and Ragot, 2007; Collins et al., 2008; Ribaut et al., 2010; Millet et al., 2016). The present study identifies for the first time QTLs for traits related to cell wall degradability and composition in response to water deficit. It is noteworthy that while the interaction “genotype x irrigation scenario” among the RIL progeny only marginally contributed to the observed trait variation, the use of a mixed linear model (Alimi et al., 2013) allowed the detection of significant responsive QTLs for all traits. Interestingly, only half of the responsive QTL clusters co-localized with constitutive QTL clusters, suggesting that the genetic determinism and the molecular mechanisms involved in cell wall development are different from those involved in responses to water deficit. Furthermore, our results show that the lignin content does not explain all the variation of the cell wall degradability in response to the irrigation scenario. Some responsive QTLs for IVCWRD co-localized with responsive QTLs for biomass yield, and in each case, alleles that increased IVCWRD in response to the NI scenario decreased the biomass production. These observations will be very helpful for the selection of high yielding drought tolerant lines with improved cell digestibility.
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Tar spot complex (TSC), caused by at least two fungal pathogens, Phyllachora maydis and Monographella maydis, is one of the major foliar diseases of maize in Central and South America. P. maydis was also detected in the United States of America in 2015 and since then the pathogen has spread in the maize growing regions of the country. Although remote sensing (RS) techniques are increasingly being used for plant phenotyping, they have not been applied to phenotyping TSC resistance in maize. In this study, several multispectral vegetation indices (VIs) and thermal imaging of maize plots under disease pressure and disease-free conditions were tested using an unmanned aerial vehicle (UAV) over two crop seasons. A strong relationship between grain yield, a vegetative index (MCARI2), and canopy temperature was observed under disease pressure. A strong relationship was also observed between the area under the disease progress curve of TSC and three vegetative indices (RDVI, MCARI1, and MCARI2). In addition, we demonstrated that TSC could cause up to 58% yield loss in the most susceptible maize hybrids. Our results suggest that the RS techniques tested in this study could be used for high throughput phenotyping of TSC resistance and potentially for other foliar diseases of maize. This may help reduce the cost and time required for the development of improved maize germplasm. Challenges and opportunities in the use of RS technologies for disease resistance phenotyping are discussed.

Keywords: corn, disease control, plant pathogen, new diseases, UAV


INTRODUCTION

Tar spot complex (TSC) is a major foliar disease of maize in many regions of Latin America. The disease is caused by the interaction of two fungal pathogens, Phyllachora maydis Maubl. and Monographella maydis Müller & Samuels. A third fungus, Coniothyrium phyllachorae Maubl. is also often associated with TSC (Hock et al., 1989). The initial symptoms of the disease appear as dark oval or irregularly shaped stromata of P. maydis erupting through the epidermis of the lower and central leaves (Figure 1A). Approximately 2 weeks later, the area surrounding the stromata becomes chlorotic, forming a halo-like effect that is often referred to as the typical “fish-eye” symptom of TSC, which is caused by M. maydis (Figure 1B). Approximately within 1 month, the disease symptoms progress from lower to upper leaves. While P. maydis is an obligate parasite, M. maydis is thought to be an endophyte or facultative parasite, causing extensive chlorosis in the presence of P. maydis (Dittrich et al., 1991; Hock et al., 1992). It is not known whether M. maydis and P. maydis can be present as pathogens in a plant independently, or if infection in maize is triggered only by their simultaneous co-occurrence. Although C. phyllachorae is often isolated from the leaves infected by P. maydis and M. maydis, its role in TSC is still not clear, and it is believed to be a hyperparasite or mycoparasite, with no obvious host symptom expression (Ceballos and Deutsch, 1992; Hock et al., 1992). In the case of severe TSC epidemics, the chlorotic halos coalesce and the entire plant can become necrotic approximately within a week. Hock et al. (1989) proposed the potential involvement of phytotoxin production in TSC, as a cause of the rapid foliage “burning” effect. It was suggested that optimal temperature for the development of the disease is 16–18°C (± 5–7°C) with a monthly average rainfall of 150 mm and 10–20 foggy days per month (Hock et al., 1989).


[image: image]

FIGURE 1. Symptoms of tar spot complex (TSC) on maize plants: (A) stromata of Phyllachora maydis appears on leaves initially; (B) chlorotic and necrotic spots caused by Monographella maydis surround the stromata of P. maydis ~2 weeks later causing the so called “fish-eye” symptom.



The disease complex has been reported in several Latin American countries and was considered to be confined to the tropical areas of the region (Hock et al., 1989). Most of the information regarding yield losses caused by TSC is anecdotal. Hock (1988) mentioned losses of 30% of maize yields but did not specify the details of the study. In another study, Hock et al. (1995) reported yield losses ranging from 11 to 25% in Poza Rica, Veracruz, Mexico, although the details of this study were not revealed either. Bajet et al. (1994) reported losses of 46% in their fungicide efficacy study in the same location. To our knowledge, the latter study is the only detailed yield loss report for TSC, and it has not been updated.

Despite TSCs historical occurrence in only certain tropical areas of Latin America, P. maydis (alone, i.e., not in association with M. maydis) was detected for the first time in several locations in the Midwestern United States in 2015 (Bissonnette, 2015; Ruhl et al., 2016; Wise et al., 2016). In addition to reconfirmation at the same locations in 2016, the pathogen was also reported in Florida (Bradley, 2016; Hansen et al., 2016; Miller, 2016) and Minnesota in 2017 and 2018 (Dr. Martin Chilvers, personal communication). There have been no reports of yield losses caused by P. maydis alone so far; however, Mottaleb et al. (2018) have hypothesized that if TSC did form in the USA by the association of M. maydis with P. maydis, a loss of only 1% of the country-wide grain production would equate to 1.5 million metric tons worth US $231.6 million.

Thus far, phenotyping TSC resistance in maize is performed only in the field due to the absence of a reliable greenhouse inoculation technique. At the International Maize and Wheat Improvement Center (CIMMYT), disease evaluation is conducted on a 1–5 scale, in which one is very resistant (no disease symptoms) and five is very susceptible, with all foliage chlorotic and necrotic. Disease scoring is performed by visual observation every 10–14 days starting from anthesis, usually three to four times in total, depending on the disease severity and the rate of its development. Multiple previous studies, however, have reported possible inaccuracies in the visual disease ratings due to the biases of evaluators (Nutter, 1993; Newton and Hackett, 1994; Parker et al., 1995; Steddom et al., 2005; Bock et al., 2008, 2010). Inconsistencies in disease scoring may occur within the same trial both between different disease evaluators and between different scores given by the same evaluator in a given trial. Furthermore, the visual evaluations may be time-consuming and expensive, requiring highly trained and experienced technical personnel.

Remote sensing (RS) imagery has played an important role in plant phenotyping in different environments and for various crops. The objective of the technology is to minimize labor expenses, reduce the time needed for phenotyping, and to improve the accuracy of the phenotypic data. The leaf surface absorbs, transmits, or reflects light radiance differentially, depending on its internal structure, chemical composition, and plant development stage. Spectral radiometers detect electromagnetic wavelengths beyond those visible to the human eye, such as reflectance in the infrared spectrum. This information can be merged to identify specific plant features that may not be observable in the visible spectrum. Measuring spectral reflectance, therefore, can be used to understand the plant health status or to quantify the extent of the disease in afflicted parts of the plant (Simko et al., 2017). Confounding effects caused by abiotic stresses, however, must also be taken into consideration. Factors such as water and nutrient stress may also decrease the photosynthetic activity of the plant, in turn influencing leaf reflectance at the canopy level.

Laboratory-based spectroscopy has been used to detect different diseases in a number of crops (Bauriegel et al., 2011a,b; Mahlein et al., 2012, 2017; Bergsträsser et al., 2015; Kuska et al., 2015). Furthermore, low altitude field-based spectroscopy including multispectral and hyperspectral remote imagery, has been used for disease resistance phenotyping in different crops. These include powdery mildew and leaf rust in wheat; Huanglongbing disease in orange trees; root rot in cotton; Flavescence dorée and grapevine trunk disease in vineyard; late blight in potato; and Xylella fastidiosa in olive (Franke and Menz, 2007; Yang et al., 2010; Garcia-Ruiz et al., 2013; Khaled et al., 2017; Zarco-Tejada et al., 2018; Albetis et al., 2019; Franceschini et al., 2019). The majority of these studies utilized visible (VIs, mostly green and red spectrum region) and near-infrared (NIR) spectrums using hyperspectral and/or multispectral sensors. Furthermore, most of these studies used classification machine-learning algorithms for distinguishing diseased plants from non-diseased. In general, the accuracies varied from 50 to 90%, depending on the disease development stage. In some studies, red-edge spectral region, which is generally associated with canopy and leaf structural traits (e.g., leaf area index, LAI) proved to be a reliable indicator to distinguish different levels of disease severities (Garcia-Ruiz et al., 2013; Franceschini et al., 2019). Despite their successful application to various plant disease phenotyping, these RS technologies have never been used for phenotyping maize foliar diseases, including TSC.

The first objective of this study was to explore the potential of multispectral and thermal imaging using an unmanned aerial vehicle to phenotype TSC resistance in maize, and to compare the effectiveness of this method with that of conventional visual disease evaluation. The second objective was to assess potential grain yield losses to TSC in a humid lowland tropical environment in Mexico.



MATERIALS AND METHODS


Plant Material

Twenty-five tropical and subtropical maize hybrids were selected for the experiment (Table 1). All hybrids had been previously evaluated for agronomic performance and resistance to TSC in multiple locations in Mexico (data not shown). The hybrids included two resistant (CLTHW13007 and CLTHW13008) and two susceptible (DTMA-112/DTMA-229 and DTMA-217/DTMA-207) controls, and their status was based on their reactions to the disease during previous evaluations of TSC resistance at CIMMYT (data not shown).



Table 1. Grain yield loss caused by tar spot complex of maize calculated as the percentage difference of grain yield (t/ha) between fungicide and non-fungicide treatments over 2016 and 2017 growing cycles at the International Maize and Wheat Improvement Center (CIMMYT), Mexico.
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Inoculation and Disease Scoring

The experiment was conducted during the winter–spring growing cycles of 2016 and 2017 at CIMMYT's Agua Fria Experimental Station in the north of the state of Puebla, Mexico (20.45°N, 97.64°W) at 110 m above sea level (Figure 2). The typical annual precipitation at the station is ~1,200 mm and the air temperature ranges from 5 to 42°C during the winter growing cycle (November–April), with average relative humidity of 85%. The soils are clay loam with a pH of 7.5–8.5. Low temperatures, high relative humidity, and extended leaf wetness during this period also favor the development of Northern Leaf Blight (NLB) of maize, caused by Setosphaeria turcica (Luttrell) Leonard and Suggs [anamorph Exserohilum turcicum (Passerini) Leonard and Suggs]. To avoid coinfection with NLB and to favor the development of TSC, planting was delayed by 2 months, and crops were planted in late January. This promoted optimal development conditions for TSC while reducing the risk of NLB infection.
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FIGURE 2. Location of the experiment at the International Maize and Wheat Improvement Center (CIMMYT), Agua Fria experimental station in the state of Puebla, Mexico (A). Color-infrared image (790, 660, 550 nm) of maize hybrids in the experimental trials under fungicide treatment (A1) and non-fungicide treatment (A2) of tar spot complex of maize. Image data were extracted from two polygons from the two central rows in each plot (B).



The inoculation was conducted as follows: a mix of several TSC-susceptible but NLB-resistant maize genotypes was planted 30–45 days prior to the experiment on a small plot (~10–20 m2) in the same location as the experiment. These plants were infected naturally by TSC during the late stages of plant development and provided the initial inoculum for the trial. Leaves (~100–150, in total) from these susceptible plants with fully expressed TSC symptoms were collected, submerged in water for several seconds to wet the leaf surface, and placed into a 200-l plastic barrel, closed with a lid, and left to incubate under shade for ~24 h. Then, the barrel was filled with water, the leaves were agitated lightly, and the resulting spore suspension was filtered through a coarse sieve to remove large leaf debris. Tween-20 (Sigma Aldrich, St. Louis, MO, USA) was added to the water/spore suspension (1 ml per 15 l of inoculum) as a surfactant. The spore suspension was sprayed over the maize foliage with a handheld sprayer after 6–7 pm to make use of the period of dew-induced leaf wetness during the night. The inoculation was carried out twice, with the first performed before the tasseling stage and the second 7 days later.

Disease assessments were conducted three to four times per growing season with 10-day intervals between each assessment, starting at anthesis. The disease scoring was conducted throughout plots using a 1–5 disease rating scale, in which: 1 = highly resistant or close to immune reaction with nearly 0% of leaves infected and with no visible stromata of P. maydis; 2 = a resistant to moderately resistant reaction with 1–25% of the leaf area affected by a few scattered stromata of P. maydis; 3 = a moderately resistant to moderately susceptible reaction with 26–50% of the leaf area affected with moderate densities of chlorotic lesions with well-developed “fisheye” symptoms induced by M. maydis; 4 = a susceptible reaction with 51–75% of the leaves affected with large coalesced chlorotic and necrotic spots; 5 = a highly susceptible reaction with 76–100% of the leaves affected with extensive necrosis and often premature senescence of the plants.



Experimental Design

The crops were planted in two side-by-side blocks in a square lattice design, each with three randomized replicates, at the end of January 2016 and January 2017. One block was TSC-free (disease controlled by fungicide applications, herein referred to as “fungicide treatment”; Figure 2A1) and the other was TSC-infected (without fungicide control, herein referred to as “non-fungicide treatment,” Figure 2A2). The experimental plots consisted of four 5 m long rows spaced 60 cm apart, with ~20–25 cm within-row spacing between plants. Plots were fertilized with N-P-K at 150-80-30 according to the recommended doses based on the soil analysis. Irrigation was applied as required. To prevent fungicide drift between blocks, four rows of closely planted maize plants (filler rows), and a 1.5 m wide, empty strip of land were used to separate the two blocks. In the fungicide treatment block, the disease was controlled using the fungicide Priori XtraTM (Azoxystrobin 18.2 + Cyproconazole 7.27, Syngenta Crop Protection, Greensboro, NC) at a rate of 1 l/ha. The fungicide was applied with handheld sprayers at 7- to 10-day intervals at least six times during each growing cycle. Only two internal rows were harvested, and grain yield was measured in tons per hectare with the grain moisture adjusted to 12.5%.



Remote Sensing and Data Processing

The flights were carried out using a fixed-wing UAV-based RS eBee platform (SenseFly Ltd., Cheseaux-Lausanne, Switzerland) weighing <2 kg including camera and battery. The nominal radio link range of the platform was 3 km with a maximum flight time of ~30–35 min, a cruise speed of 11–25 m/s, and resistance to winds of up to 12 m/s. The UAV was equipped with a multispectral MultiSpec 4C camera, which provided spectral images at 550 (40 nm full width at half maximum, FWHM), 660 (40 nm FWHM), 735 (10 nm FWHM), and 790 nm (40 nm FWHM), and a ThermoMAP (7.5–13.5 μm) thermal infrared camera (Airinov, Paris, France). The two cameras were mounted separately, and successive flights were conducted with different cameras. The UAV flew 55 m above the ground at midday in sunny conditions, covering an area of 1.7 ha (i.e., an area 0.2 ha larger than the experimental area, in order to obtain accurate orthomosaics). The images were acquired with 80% lateral and 90% longitudinal overlaps, flying north/south and east/west. This resulted in a ground resolution of 6 and 12 cm for the multispectral and thermal cameras, respectively. For the multispectral camera, radiometric calibrations, and corrections were performed before each flight using the standard camera panel provided by the manufacturer. In addition, during each flight, sun irradiance was measured by the incident light sensor built into the multispectral camera, allowing for radiometric adjustment of images taken under different light conditions. The flights and visual disease assessments were conducted on the same days, starting at anthesis. Four and three flights were performed in 2016 and 2017, respectively.

The images were geotagged for orthomosaic processing using Pix4D Mapper® software (v3.3.24; Pix4D, Lausanne, Switzerland). The images were converted into reflectance and surface temperature for the multispectral and radiometric thermal infrared data, respectively. In total, eight different vegetation indices (VIs) were calculated for each orthomosaic. Structural VIs were: normalized difference vegetation index (NDVI), renormalized DVI (RDVI), optimized soil-adjusted vegetation index (OSAVI), modified simple ratio (MSR), and modified chlorophyll absorption in reflectance indices (MCARI1 and MCARI2), while pigment specific simple ratio for chlorophyll A (PSSRa) was used as a chlorophyll-related index and green (G) was used as a red- green-blue (RGB) ratio index (Table 2). For each wavelength required to calculate the VIs, the closest wavelength response of the multispectral signal was considered, taking into account the FWHM of each channel. Canopy temperature was estimated using the thermal infrared signal.



Table 2. Relationship between grain yield of maize hybrids and area under the disease progress curve (AUDPC) of tar spot complex with areas under different wavelengths, vegetative indices and thermal imagery under fungicide and non-fungicide treatments.
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The image data were extracted from only the two central rows (out of four rows) of each plot since only those were harvested for the grain yield estimation. Two polygons were outlined (Figure 2B), one for each central row. The area of 0.2 × 0.5 m surrounding the two central rows was considered a buffer zone. The pixels were selected and averaged from the inside of the polygons using ArcGIS® software (v10.1; ESRI, Redlands, CA, USA).



Data Analysis

The Analysis of Variance (ANOVA) was performed to determine if the maize genotypes performed similarly between the experimental years in terms of grain yield reduction caused by TSC. The phenotypic data were analyzed with a standard linear mixed model in which the year, replication, and plots within replication were considered as random effects. The treatments (fungicide and non-fungicide) and genotypes were considered as fixed effects. The disease data obtained through visual scoring across the two cycles were summarized and analyzed using the area under the disease progress curve (AUDPC) with the trapezoidal method i.e., Riemann's integrals (Vanderplank, 1963). The area under the curve (AUC) for the individual wavelengths, vegetative indices (VIs) and thermal imagery was also obtained using Riemann's integrals. This allows integration of the temporal information from the imagery data and the disease measurements into single variables (AUDPC and AUC). Differences in individual maize genotype performance were evaluated in terms of grain yield losses (t/ha) for each entry under the two treatments. The data from AUDPC and AUCs were used for individual association by means of regression analysis with grain yield and with each other. The analyses were performed using the statistical software R, version 3.3.3, and its respective libraries for mixed models and multiple comparison procedures (Bates et al., 2015; Lenth, 2016; R Core Team, 2017).




RESULTS


Effect of Tar Spot Complex on Grain Yield

The results of ANOVA indicated that the effect of interaction of experimental years with the maize genotypes was not significant (p > 0.05, data not shown). Therefore, the effect of TSC was analyzed across both experimental years. The disease development was optimal during both cycles with the susceptible checks reaching the highest AUDPC values among all genotypes across the 2 years (Table 1). The disease control in the fungicide treatment was also optimal with only traces of the disease observable on the lower foliage, resulting in low AUDPC scores. This explained the strong relationship between the yield and AUDPC (Table 2) in the non-fungicide treatment (R2 = 0.84). As expected, the relationship between AUDPC and grain yield in the fungicide treatment was weak (R2 = 0.14).

Comparing the performance of individual genotypes between the two treatments (fungicide vs. non-fungicide) revealed that the yields of most of the genotypes were affected (lowered) by the disease under the non-fungicide treatment (Table 1). The only exceptions were CLTHW13001 and the Resistant Check 1, with yields which were not significantly different (p > 0.05) between the two treatments. The highest yield loss of 58% was observed in PS-464.



Remote Sensing

The analysis of the relationship of grain yield with the AUCs of the individual wavelengths, VIs, canopy temperature, and the AUDPC across the 2 years revealed that the majority of the RS variables were strongly correlated with yield under the non-fungicide treatment (p ≤ 0.01, Table 2). Under the non-fungicide treatment, the coefficient of determination (R2) of the interactions between the grain yield and the individual wavelengths (550, 660, 735, and 790 nm) was 0.40–0.79. The R2 of the relationship of the structural VIs (NDVI, RDVI, OSAVI, MSR, MCARI1, and MCARI2) was 0.55–0.81. Furthermore, the R2 of the relationship of the chlorophyll index PSSRa and RGB ratio G with grain yield was 0.79 and 0.76, respectively. These data imply that, the genotypes with higher AUCs for these variables, with the exception of W660, also had higher yields under disease pressure. In contrast, under the non-fungicide treatment, the R2 of the canopy temperature and AUDPC were 0.81 and 0.84, respectively. This indicated that the genotypes with lower canopy temperature AUC values and lower AUDPC scores had higher yields under disease pressure. While the relationships for different wavelengths, VIs, canopy temperatures, and AUDPCs with grain yields were noticeably higher under the non-fungicide treatment, these relationships were predictably weaker under the fungicide treatment. This is explained by the absence of the disease i.e., photosynthesis, and thus grain yield, were unaffected in un-diseased plants. Under the fungicide treatment, the relationship of W550, W660, W735, MSR, and G with yield was not significant (p > 0.05), however, W790 nm, the other indices and canopy temperature had a significant (p ≤ 0.01) relationship with yield. Among all RS variables, MCARI2 and canopy temperature had the strongest relationship with grain yield (R2 = 0.81 for both) under disease pressure (Table 2). Furthermore, MCARI1, MCARI2, and RDVI showed the strongest relationships with AUDPC values (R2 = 0.93 for each index).




DISCUSSION

Our results suggest that potential yield losses from TSC in maize hybrids may be as high as 58% in susceptible genotypes under strong disease pressure. This number is considerably higher than the 46% reported by Bajet et al. (1994). Although the effect of the disease on inbred lines was not investigated in our study, grain yield losses would also likely be extensive. The strong relationship between AUDPC and grain yield (R2 = 0.84) indicates the overall impact TSC could have on maize production following a severe epidemic in susceptible maize germplasm. The severity of TSC infection at Agua Fria Station over the 2 years during which the experiment ran was not exceptionally strong, so our results present a conservative estimate of yield loss. Natural epidemics of greater severity, which do occur occasionally, may lead to even higher grain yield losses.

The onset of disease in relation to maize growth stage (e.g., disease symptoms appearing before or after flowering) may have a major effect on yield losses, although this hypothesis requires further testing. Another factor influencing yield losses may be the role of M. maydis in TSC epidemiology. Hock et al. (1989) suggested that M. maydis may produce toxins causing accelerated senescence-like effects on maize foliage. In separate studies (Loladze et al., unpublished data), detected the presence of such phytotoxins in several isolates of M. maydis. The differences in phytotoxin production between the isolates possibly suggests the existence of different races within populations of M. maydis. Depending on the phytotoxin production properties of the races present in a particular location and year, the disease severity and extent of damage caused by TSC may vary significantly, explaining yearly fluctuations in maize yield losses. A study to test this theory is underway.

An additional indirect factor affecting yield losses caused by TSC could be ear rots, which are often found in plants weakened by TSC (Loladze et al., unpublished data). Although rots are not caused directly by the same pathogens causing TSC, they could play a significant role in overall yield loss dynamics. The interaction between TSC and ear rots, therefore, also needs to be addressed in a separate study.

The application of hyperspectral signals for phenotyping disease resistance in a number of crops has been discussed extensively by Shakoor et al. (2017) and Simko et al. (2017). Examples of such diseases include stripe rust and fusarium in wheat (Bauriegel et al., 2011a; Devadas et al., 2015), sugarcane orange rust (Apan et al., 2004), Venturia inaequalis in apple trees (Delalieux et al., 2007), and red leaf blotch in almond (López-López et al., 2016). All of the above-mentioned studies reported high accuracies of hyperspectral signals when applied to disease resistance phenotyping.

The results of the current study, however, demonstrate the potential use of multispectral imaging for maize disease evaluation, a method considerably less expensive than the use of hyperspectral cameras. Several previous studies demonstrated that NDVI, a structural index calculated on the basis of red, and NIR wavelengths, was moderately to highly accurate in distinguishing different levels of severity for wheat diseases and insect pests. These included leaf rust and stripe rust of wheat, and sunn pest (Franke and Menz, 2007; Genc et al., 2008; Pretorius et al., 2017). In our study, however, NDVI was not the most accurate index in terms of correlation with grain yield losses in maize caused by TSC (R2 = 0.76).

Our study showed that a number of VIs calculated from a multispectral signal and thermal data were highly correlated with disease severity and grain yield under non-fungicide treatments. The strongest relationship with yield was observed with MCARI2 VI and canopy temperature (R2 = 0.81 for each, Table 2). This, however, was weaker than the relationship between AUDPC and grain yield (R2 = 0.84). In addition, the strong relationship between MCARI2 and AUDPC (R2 = 0.93) suggests that this index could potentially serve as an auxiliary instrument for large-scale disease trials, especially on high throughput phenotyping platforms. While the relationship between grain yield and AUDPC was still slightly stronger under the non-fungicide treatment (R2 = 0.84), both canopy temperature and MCARI2 could potentially be used to assess disease resistance and possibly forecast yield losses caused by TSC in maize. Therefore, the relationship between the AUDPC and grain yield was still slightly higher than that between AUC and the grain yield. Nevertheless, RS still has a potential application to disease phenotyping on large-scale high throughput phenotyping platforms. In such cases, the visual scoring would be excessively laborious time consuming.

VI MCARI2 is an improved version of MCARI, which was modified in order to reduce the noise effects of soil within the reflectance signal while preserving the sensitivity to canopy leaf area index (LAI) and resistance to chlorophyll content variability (Haboudane et al., 2004). Previously, a spectrum region associated with canopy and leaf structures (red-edge) was reported to be sensitive enough to differentiate various levels of disease severity (Garcia-Ruiz et al., 2013; Franceschini et al., 2019). Similar results were found in our study where red-edge and NIR (735 and 790 nm) showed strong relationships with yield and AUDPC under non-fungicide treatments (Table 2). However, those wavelengths had still slightly lower relationship with yield and AUDPC as compared with MCARI2.

Vegetation presents two peaks of light absorption in the blue and red spectrum regions due to Chlorophyll content (Ca+b), high reflectance in green, while its biomass and canopy structure are related to reflectance in red-edge and NIR spectrum regions (Richardson et al., 2002). The VIs are used for combining multispectral observations into single metrics, which minimize the effect of external factors on spectral data and derive specific canopy characteristics (Baret and Guyot, 1991). These facts and a possible reduction of LAI caused by the TSC-induced decrease of photosynthetic activity, led us to consider that MCARI2 could also be used as a potential alternative for assessment of yield losses caused by the disease.

In some cases, plant disease development may be associated with temperature changes in the foliage of the diseased plants, which can be measured by infrared thermography (Simko et al., 2017). Some plant diseases may induce stomatal closure, thus reducing evaporative cooling and increasing canopy temperature (Chaerle et al., 2001; Calderón et al., 2015). In the current study, although notable differences in canopy temperatures between resistant and susceptible genotypes were observed, no progressive curve of canopy temperature paralleling the disease development curve was detected (data not shown). Nevertheless, when the canopy temperature data were used to calculate the AUC, such time-series information showed a strong relationship with the yield data under the non-fungicide treatment (R2 = 0.81). The absence of a growth curve for the canopy temperature could have been influenced by the field conditions (e.g., ambient temperatures, thermal radiation, or sunlight intensity) during the flights and/or by the stage of plant development and its interaction with the pathogen (Chaerle et al., 1999, 2004; Lindenthal et al., 2005; Simko et al., 2017). At the same time, it is noteworthy that our experimental plots were not subjected to water stress or nutrient deficiencies, factors that could have influenced evapotranspiration, and thus canopy temperature.

Provided that abiotic stresses, such as drought and soil nutrient deficiencies, are minimized during disease trials, RS can play an important role in high throughput phenotyping for resistance to foliar diseases of maize. This can potentially decrease the likelihood of human error and reduce the workload of visual scoring on a large scale (Mahlein, 2016). With ongoing improvements in RS technology and image data analysis techniques and procedures, the relationships between plant traits and imaging data may be further enhanced. This may lead to wider and more common application of RS technology in maize breeding on large-scale and multi-location phenotyping platforms.

While RS technology has potential to significantly innovate high throughput phenotyping of disease resistance, barriers limiting the introduction of the technology into breeding programs remain. Large initial investments for purchasing the system, highly trained specialists for image acquisition and processing, and potential delays in data processing are some of the challenges (Khaled et al., 2017). Although RS technologies, which include cameras, platforms, and data processing software are becoming more affordable, systems and protocols need to be adapted to the phenotyping requirements of particular, economically important maize diseases.

The use of RS for early disease impact evaluation and the detection of interactions of biotic and abiotic stresses requires further investigation, as also suggested by previous authors (Calderón et al., 2013; Mahlein, 2016; Khaled et al., 2017; Simko et al., 2017). With the constant advancement of the RS technology, the possibilities of pre-symptomatic early detection of plant diseases, as this was recently done in olive crops, still remains to be explored in maize (Zarco-Tejada et al., 2018). This could potentially help target maize diseases with appropriate disease management interventions before the development of severe epidemics.
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Fungal leaf diseases cause economically important damage to crop plants. Protective treatments help producers to secure good quality crops. In contrast, curative treatments based on visually detectable symptoms are often riskier and less effective because diseased crop plants may develop disease symptoms too late for curative treatments. Therefore, early disease detection prior symptom development would allow an earlier, and therefore more effective, curative management of fungal diseases. Using a five-lens multispectral imager, spectral reflectance of green, blue, red, near infrared (NIR, 840 nm), and rededge (RE, 720 nm) was recorded in time-course experiments of detached tomato leaves inoculated with the fungus Botrytis cinerea and mock infection solution. Linear regression models demonstrate NIR and RE as the two most informative spectral data sets to differentiate pathogen- and mock-inoculated leaf regions of interest (ROI). Under controlled laboratory conditions, bands collecting NIR and RE irradiance showed a lower reflectance intensity of infected tomato leaf tissue when compared with mock-inoculated leaves. Blue and red channels collected higher intensity values in pathogen- than in mock-inoculated ROIs. The reflectance intensities of the green band were not distinguishable between pathogen- and mock infected ROIs. Predictions of linear regressions indicated that gray mold leaf infections could be identified at the earliest at 9 h post infection (hpi) in the most informative bands NIR and RE. Re-analysis of the imagery taken with NIR and RE band allowed to classify infected tissue.

Keywords: disease imaging, tomato, gray mold, Solanum lycopersicum, Botrytis cinerea, early disease detection, symptom detection, linear predictive model


INTRODUCTION

Agricultural plant production relies on numerous applications of pesticides against an army of pathogenic organisms including virus, bacteria and fungi. Today, both Swiss and European policy aims at a drastic reduction of pesticide applications as well as active compounds such as copper or neonicotinoids (EU Directive 2009/128/EC). A curative and more site-specific treatment of, e.g., single crop plants or distinct infected plots in a field could contribute to limit pesticide diffusion to the environment. To achieve this goal, an early detection of pathogen infection is a basic requirement. However, symptom detection by experts is time consuming and often too late for curative treatments. With imaging technologies site-specific application systems as for example against grape downy mildew could be established (Oberti et al., 2016). Remotely sensed reflectance imaging allowing to identify non-destructively and “on-the-go” diseased plants could become key in optimized application strategies with lower number of applications.

Currently, the common methods to identify fungal leaf diseases are symptom detection by either naked eye observation by experts or via smart phone applications1. Additionally, destructive molecular tests like ELISA and latera flow (e.g., Braun-Kiewnick et al., 2011), RT-PCR (e.g., Gachon and Saindrenan, 2004; Suarez et al., 2005; Fahrentrapp et al., 2013), LAMP-PCR (e.g., Pelludat et al., 2009) can be used to identify causal agents. Results obtained with these methods are either too late for curative treatments (symptom detection) or destructive and laborious. However, thermal sensors, multi- and hyperspectral sensors can be used to spot leaf diseases (e.g., Mahlein et al., 2012, 2018). The spectral information then can be used to identify leaf diseases. Leaf reflectance in the visible range (including red, green, and blue), near-infrared (NIR) and short-wave infrared (SWIR) is mainly influenced by pigments, leaf structure and internal scattering, and water and chemical absorption, respectively (Mahlein, 2016). In-between the visible and NIR range, the so called “rededge” (RE) region describes a steep slope in the spectral reflectance of plant material that is often used to build several disease indices (Lowe et al., 2017). Biotrophic and necrotrophic fungal diseases can have rather low and high impact on leaf structure, respectively, and thus also on leaf reflectance. However, as demonstrated in sugar beet, leaf diseases such as Cercospora leaf spot (Cercospora beticola), powdery mildew (Erysiphe betae), and rust (Uromyces betae) could be differentiated under laboratory conditions by means of hyperspectral imaging (Mahlein et al., 2010, 2013), and diseases were identified before visible symptoms developed (Rumpf et al., 2010; Lowe et al., 2017). Obstacles to detect disease under field conditions are mainly (1) the resolution of suitable sensors, (2) differing light environments under field conditions, (3) leaf angle to sensor, and (4) shadows of overlapping leaves (Thomas et al., 2018). For instance, an increased view angle correlates with an increased sensitivity peaking at 60° (Oberti et al., 2014). Additionally, sensor costs may be high especially when hyperspectral information is needed (Grieve et al., 2015). Low-cost multispectral sensors equipped with a LED-based narrow band illumination demonstrated comparable results in disease detection as hyperspectral imagery (Grieve et al., 2015). In our study, we used an “off-the-shelf” multispectral camera, the MicaSense® Rededge (Seatle, WA, United States), under laboratory settings to demonstrate its use in early detection of a fungal disease on leaves. The MicaSense® Rededge is a snap-shot camera collecting five distinct bands of less than 40 nm in the red, green, blue, NIR, and “rededge” range on a sensor through five individual lenses. Such sensors are currently available for less than 3500°C. Our proposed methodology (including image processing and data analyses) targets rather service provider and agricultural research institutes than producers.

Gray molds such as Botrytis cinerea Pers. (1794) are important plant diseases all over the world. We used B. cinerea, being the second most important plant pathogen worldwide (Dean et al., 2012), as example leaf disease in the presented work. B. cinerea is a necrotrophic fungus affecting both annual crops (e.g., Solanum lycopersicum, Fragaria species) as well as perennials such as Vitis vinifera (Hennebert, 1973, Staats et al., 2005, Elad et al., 2016). It is the causal agent of gray mold on leaves and fruits in a large number of plant species (Williamson et al., 2007). Symptoms caused by B. cinerea infection become visible in leaves approximately 24–48 h post infection (hpi) (Asplen et al., 2015). In tomato (S. lycopersicum L.), both leaves and fruits are attacked by B. cinerea. Detection of leaf infections are of high importance since they can cause severe plant damage, lead to less and low-quality fruits, and increase spore density as inoculum for fruit infections. In Switzerland, 37 active compounds2 are registered for B. cinerea control. They include several copper-based fungicides, folpet, cyprodinil, but also Bacillus amyloliquefaciens sp. plantarum and Bacillus subtilis for organic production. Tomato is one of the most important vegetable crops worldwide and is situated among the top 10 in terms of yield (fresh weight)3. The aim of this study was to identify tomato leaf infection by B. cinerea using (low cost) multispectral imaging allowing an earlier infection recognition compared to visual detection. Specifically, we investigated (1) what time after B. cinerea infection allows a discrimination of healthy and diseased leaf tissue?; and (2) which of the multispectral bands are the most informative for disease detection?



MATERIALS AND METHODS

Time lapse experiments were conducted and repeated three times. In brief, tomato leaflets were pathogen- or mock-inoculated for 5 h as described elsewhere (Rezzonico et al., 2017). The inoculum drops were removed with a paper towel and the leaflets imaged with a multispectral imager in regular intervals until 30 hpi. Data extracted from the imagery was used to separate healthy and infected tissue.

Plant Material

Tomato plants (S. lycopersicum, Heinz 1706 cultivar) were grown in standard soil (Floradur® Block Bio, Floragard, Oldenburg, Germany) in a semi-regulated greenhouse with open windows. The temperature was set to 20–26°C with maxima during sunny summer days of up to 40°C. On cloudy days, artificial light was used to achieve minimal constant lighting of 80 kW per square meter for 16 h per day. Once a week, cuttings were produced from tomato mother plants, that were treated weekly with sulfur (Stulln WG, Andermatt Biocontrol, Grossdietwil, Switzerland). The cuttings were then placed in approximately 100% relative humidity for 1 week to develop roots. Afterward, they were acclimatized to the same greenhouse conditions mentioned above. Young and fully unfolded leaflets were harvested from two-week old cuttings for inoculation trials. For inoculation experiment five leaflets were placed on agar petri dishes (1% w/v; water only). The leaflets of each six petri dishes were drop-inoculated with pathogen or mock inoculum suspension as described below.

Inoculum Preparation, Inoculation and Sampling

A B. cinerea strain T4 was grown on 15 g/l malt agar (Fluka, Sigma-Aldrich, Buchs, Switzerland) plates for 3–8 weeks. Spores were harvested with 20 ml half-strength grape juice (Farmer, Landi, Dotzigen, Switzerland) and diluted to 1.3 × 106 spores per ml. The spore suspension was used directly for inoculation with one to three 10-ul-drops placed on the abaxial surface of each leaflet. The inoculated leaves were stored at 18°C, 80% rel. humidity, and 16 h light but without light for the first 24 hpi. Mock inoculations were performed under the same conditions using half-strength grape juice for inoculation. The success of infections was recorded at 30 hpi.

Image Acquisition

The time lapse experiments were conducted in a growth chamber (Fitotron SGC 120, Weiss Technik, Altendorf, Switzerland) that was equipped with additional lighting (two 400 W halogen incandescent lights, 0.3 × 0.3 m diffusion paper, Supplementary Figure S1) to ensure uniform illumination conditions during image acquisitions. Images were taken with a MicaSense® RedEdge3TM (Seattle, WA, United States) multispectral camera collecting 10–40 nm-wide bands in blue, green, red, near-infrared, and rededge (Table 1). Each band of multi-lense MicaSense® RedEdge3TM camera records 1280 × 960 pixels (1.2 Mpixels). In the experimental setup described, each pixel covers approximately 0.2 mm2. For each time lapse experiment twelve petri dishes with pathogen- and mock-inoculated leaflets were positioned below the camera with a distance of 66.6 cm (Supplementary Figure S2). Six petri dishes were positioned with an angle of 90° and another six with approximately 64° toward the sensor. Camera and lights were triggered using a Python v2.7 script to collect imagery. The automated procedure switched lights of the growth chamber off and halogen lights on at each sampling time. Time lapse image acquisition started 05:00, 05:15, and 05:45 hpi. Images were taken every 80 min in 17, 20, and 19 frames (approximately until 29 hpi), each with 16, 16, and 15 image repetitions per frame leading to a total of 272, 320, and 285 multispectral images (Table 2). Images were recorded in 12-bit RAW format and converted to 16-bit TIFF format prior to processing. The sensor signal values increase almost linearly to input radiance. To reduce the amount of noise in the images we used low gain values and shutter speeds around 5–20 ms. After time lapse experiment at 30 hpi the status of infection was recorded with a hand held RGB camera (Sony DSC RX100IV, 20 Mpixels). These images were used to locate the position of infection (regions of interest, ROI) drops by manual identification of the necrotic lesions.

TABLE 1. Spectral bands with center wavelength and bandwidth of the MicaSense RedEdge multispectral camera1.
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TABLE 2. Key data of the time lapse experiments (hpi: hours post inoculation).
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Image Processing Procedure

We used the ImageJ software (v. 1.51) bundled in the FIJI distribution (Schindelin et al., 2012) for image processing and time lapse analysis. The multi-lens and multi-sensor geometry of the camera model, i.e., differences in mounting position and viewing angles among lenses, causes significant band misregistration effects. Thus, the creation of multispectral images requires band co-registration. Band to band registration is, however, a computationally intensive process. Our workflow, therefore, is based on the idea to process every spectral band individually. Instead of registering the image bands to each other to compose multispectral images, we only compute the matrices to translate the ROI locations from a common reference to their individual location on each image band. The workflow basically consists of five steps which are described in detail in the following sections and summarized in Figure 1. Only the first step was applied to a single multispectral image with all five bands while all other processing steps were executed only on the individual spectral bands.
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FIGURE 1. Workflow of image acquisition.



ROI Identification on a Common Reference (all Bands)

Regions of interest positions on pathogen infected leaflets were identified manually on RGB images taken 30 hpi. On the same images one ROI position on each mock-inoculated leaflet was defined manually from the positions of mock-inoculum drops. ROIs were drawn on the RGB images using the Oval Selection Tool and labeled within the ROI Manager. A 5 px circular shape was used to represent the ROIs covering 12 complete image pixels.

Stack Creation and Statistical Outlier Image Detection (Band-Wise)

Image stacks were created for each spectral band and the mean intensity of every image and of the entire stack was calculated to identify images whose intensity differs significantly from the intensity range of the other images. An image is considered a statistical significant outlier if the difference of the mean intensity of the image to the mean intensity of the stack is greater than 2 times the standard deviation of the stack intensity. In time lapse replicate one (20170726) no outlier images were found. In time lapse replicate two (20170901) and three (20170904) 24 (7.5%) and 17 (6%) outlier images were identified, respectively.

Image Stabilization, Outlier Image Removal and Calculation of Mean Image Intensities on the Frame Scale (Band-Wise)

Image stacks were split to the number of frames and the number of images in each stack equals the images repetition rate. Outlier images identified in step 2 were deleted and image alignment of each stack was optimized with reference to the first image of the frame using the Image Stabilizer plugin4. Then, all images of each frame were aggregated to a single image representing the average intensity of that frame.

Frame Co-registration on the Scale of the Time Lapse Experiment (Band-Wise)

The average intensity images of each frame were stacked again and co-registered to the first image of the frame using a rigid 2D transformation model in the Descriptor-based registration plugin (Preibisch et al., 2010). While step 3 optimized image alignment at the frame scale, step 4 aimed at co-registering the frames to each other and as such at optimizing the frame displacement to the scale of the entire time lapse. After completion of step 4 the number of images in the stacks equals the number of frames of the time lapse experiments with frame displacements averaged over all five bands of 0.31 ± 0.03 px, 0.34 ± 0.02 px, and 0.31 ± 0.03 px for time lapse replicate one, two and three, respectively.

ROIs Translation and Multiple ROI Measurement and Profiling (Band-Wise)

To translate the ROIs defined in step 1, we co-registered the RGB images including the ROI overlays to the last frame of every band. For this purpose, the robust and elastic 2D image registration method presented by Wang et al. (2014) was used. The co-registered RGB images then served as templates on which the ROIs were traced and re-drawn using the Oval Selection Tool.

Background ROI

In addition to the ROI positions on mock- and pathogen-inoculated leaflets, twelve ROIs covering background only where defined (Figure 2). The intensity of the background ROIs was used to exclude any bias caused by illumination or camera artifacts in relation to leaflet position within the experimental setup.
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FIGURE 2. Regions of interest (ROIs) and background ROI locations of experiments 1, 2, and 3 (A–C). Orange, mock inoculated; yellow, pathogen infected; blue, background ROIs; italic letters, inclined leaves with an angle to sensor of approximately 64°; non-italic letters, 90° angle to sensor.



Classification of Infected and Healthy Tissue

An unsupervised classification scheme coupled with a masking approach was used to identify infected and healthy sections of the leaflets. At first, circular selections were drawn around petri dishes and attributed with dish IDs so that calculations could be performed for each petri dish individually. We created binary image masks of the leaflets to exclude any background information and to make use of image pixels that represent either healthy or diseased tissue. The binary leaf masks were computed from the red band images using the Minimum Cross Entropy thresholding method as developed by Li and Tam (1998) and implemented in the Auto Threshold plugin of the ImageJ software. Binary leaflet masks were then assigned to the NIR and RE bands in the same way as the ROIs [c.f. see section “ROIs Translation and Multiple ROI Measurement and Profiling (Band-Wise)”]. The binary masks basically black and white pictures having an inverting Lookup table LUT with values of 0 and 1. Multiplying the NIR and RE stacks with these masks results in bit-masked version of the stacks. Next, we applied an iterative self-organizing (ISO) classifier to separate the masks of the image into two classes (unsupervised). The class with the lower values was supposed to correlate with the infected parts of the leaflets and vice versa.

Statistical Analysis

We developed linear regression models to predict the temporal change in band intensity (independent variable) captured with multispectral imager. The intensity was normalized (i.e., division by maximum value) separately for each band and trial. Observation time used as dependent variable was scaled prior analyses (i.e., subtracted by mean and divided by standard deviation).

The data sets have two characteristic properties that are of great importance for the statistical analysis. First, the measured band intensities represent time dependent observations. To account for temporal dependence, we used a parametric bootstrap approach (Efron and Tibshirani, 1994) to derive 95% confidence intervals (from 2.5 to 97.5% quantiles of the simulated distributions) for both the regression parameters and the measures of model fit: R2 (coefficient of determination) and RMSE (root mean squared error). We used a fixed-x resampling approach, meaning that we sampled with replacement from the original residuals in each iteration. The number of iterations was set to 1000.

Second, the semi-random distribution of petri dishes which may violate the assumption of independent residuals. To show that the experimental design (Figure 1) has no effect on parameter estimates, we performed additional linear regressions using (a) a 10-fold cross validation, and (b) parametric stratified bootstrapping. For the stratified bootstrapping approach, we used band intensities of background points as dependent variables (Figure 2). Our hypothesis was that if sampling time was unrelated to those background (or control) intensities that we can exclude an influence of our experimental design on the regression outcome. Intensity of control samples were drawn with replacement using the entire original sample or within one of following two strata within the original data set: (1) horizontally, and (2) vertically distributed petri dishes, respectively.



RESULTS

In three replicated experiments, first, leaflets were pathogen- and mock-inoculated, and subsequently, imaged continuously every 80 min with a five-lens multispectral camera. Raw reflectance intensity (digital numbers) varied for red (R), blue (B), and green (G) between approximately 15000 and 28000, near-infrared (NIR) reached intensities of 42000 and rededge (RE) of 35000 (Figure 3). Over time, red is increasingly reflected from pathogen infected leaf tissue whereas NIR and RE reflectance is decreasing. In band R, NIR, and RE the differences in reflectance intensities between mock- and pathogen-inoculated samples were increasing over time, and hence, these three bands were more informative than G and B (Table 3 and Figure 3).
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FIGURE 3. Reflectance intensities of bands blue, green, red, NIR (near-infrared), and RE (rededge) collected from ROIs of B. cinerea-infected (BC) and mock-inoculated (control, BCm) tomato leaves in experiments 1, 2, and 3.



TABLE 3. Summary statistics of R2 and root mean squared error (RMSE) of linear regressions to predict multispectral band intensity (bands one to five) of either B. cinerea strain T4 (pathogen, Type1) or mock (control, Type 0) inoculations of tomato leaves.

[image: image]

Each series of images was analyzed separately per repetition and band by means of linear regression (Figure 4) without considering the different leaf to lens angles. With the regression coefficients for the dependent variable “time” being insignificant (p > 0.05), predictions of reflectance intensities for band blue and red were constant for mock-inoculated leaflets (Tables 3, 4). In contrast, we found a significant increase for pathogen-infected leaflets for the blue (mean estimate = 0.0260; p < 0.001) and red (mean estimate = 0.0473; p < 0.001) band. The reflectance intensity of the green band was decreasing over the whole experiment in pathogen- and mock-inoculated leaflets. In contrast to the blue and red band, no significant relation was found between NIR and RE reflectances of pathogen-infected leaflets. The intensity of NIR was constant (i.e., the mean estimate had a p-value > 0.05) in healthy leaflets. In the pathogen-infected leaflets, the intensity of the red band was slightly but significantly decreasing. Confidence interval and RMSE of NIR reflectance intensities of both healthy and diseased leaflets were smallest and had an R2 = 0.85 indicating the lowest variability between experimental bootstraps and highest explanatory power (Table 3).
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FIGURE 4. Linear predictions of multispectral band intensity (1–5) for B. cinerea strain T4 (pathogen, Type1) and mock (control, Type 0) inoculations of tomato leaves depending on the hours post inoculation and different petri dish inclinations (64° vs. 90°). Type 1, B. cinerea-infected; type 2, mock-inoculated; trial_id; trial_id, replicate of experiment.



TABLE 4. Summary statistics of R2 and root mean squared error (RMSE) of linear regressions to predict multispectral band intensity (bands one to five) of either B. cinerea strain T4 (pathogen, Type1) or mock (control, Type 0) inoculations of tomato leaves.
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The intensity of leaflets positioned at a 90° angle toward the sensor was generally higher than with a smaller angle of 64° (Figure 3). In the NIR band the difference was slightly larger. Differences in reflectance intensity between mock- and pathogen-inoculated samples remained almost the same independently of leaf-camera angle.

Taking the visual diagnosis of the overlap of the pathogen and mock infected confidence intervals of the linear predictions as a measure which allows to select a time at which mock-inoculated tissue could be differentiated from pathogen-infected one, we found that time point 4 (corresponding to 9 to 9:45 hpi) should be the earliest possible time instant in bands red, NIR and RE taking both angles into account (Figure 4).

If we assume the infected samples at the first measurement time to be healthy (approximately at 5 hpi), the intensities of reflectance of mock- and pathogen infected tissue are shifted toward each other (Figure 5). This normalization allowed an enhanced discrimination of mock- and pathogen-inoculated ROIs at measuring time 5 (corresponds to 10:20–11:05 hpi). In regard of mean R2 (pathogen: NIR 0.85 vs. RE 0.54, mock: NIR 0.88 vs. RE 0.62) and mean RMSE (pathogen: NIR 0.0269 vs. RE 0.0459, mock: NIR 0.0196 vs. RE 0.0234) NIR outperforms RE (Table 4). The coefficients of linear regression of NIR band of pathogen infected ROIs were significantly influenced by time in contrast to the corresponding mock-inoculated ROI-derived values (Tables 5, 6). Time-caused effects were not found in background ROIs and reflectance intensities in the background ROIs differed not significantly (Supplementary Figure S2). Therefore, any bias influencing the resulting data caused by experimental setup or sensor artifacts could be excluded.
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FIGURE 5. Linear predictions of multispectral band intensity as in figure three with an adjustment of first sampling time. The value of mock- and pathogen-inoculated samples of first sampling time was set equal to imitate the leaf tissue to be healthy at the first sampling time at approximately 5 hpi. Type 1, B. cinerea-infected; type 2, mock-inoculated; trial_id, replicate of experiment.



TABLE 5. Summary statistics of parameter estimates of linear regressions to predict multispectral band intensity (bands one to five) of either B. cinerea strain T4 (pathogen, Type1) or mock (control, Type 0) inoculations of tomato leaves.
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TABLE 6. Summary statistics of parameter estimates of linear regressions to predict multispectral band intensity (bands one to five) of either B. cinerea strain T4 (pathogen, Type1) or mock (control, Type 0) inoculations of tomato leaves.
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Re-analyzing the images of bands NIR and RE with an unsupervised classification using imageJ software that forms patches of pixels containing distinct classes (class “mock-inoculated” with higher reflectance intensities than class “pathogen-infected”), we were able to classify potentially diseased and healthy leaf areas and approximately locate pathogen infection spots (Figures 6, 7). In NIR imagery of measurement times 3, 4, and 5 (correlating to 8:25, 9:45, and 11:05 hpi) infection locations became slightly visible (Figure 6, petri dish I and J). Correlating classifications (I’ and J’) became visible from 9:45–13:45 hpi and artifacts on the leaf borders from measurement time 9 (16:25 hpi) onward. The classification of RE images located diseased spots at 16:25 hpi (Figure 7). Comparing potential symptoms manually in NIR and RE at 9:45 hpi images to necroses visible on RGB imagery taken at approximately 30 hpi with the classifications of 16:25 hpi, an overlap of diseased and healthy regions was detected qualitatively. However, quantitative results from NIR and RE imagery classification were blurred due to classification artifacts at the ribs and the borders of the leaves. Including the potential artifacts, the percentage of necrotic leaf surface detected with NIR and RE reached up to 43% and 35% in 90° leaf angles, and 42% and 11% in 63° leaf angels, respectively (Supplementary Table S1). However, these maxima appear at 16:25 hpi and correlated with the visible artifacts.
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FIGURE 6. Time lapse stack montages of NIR (near-infrared) reflectance intensities of mock-inoculated and B. cinerea-infected tomato leaves of trial 3. The sequence from left to right corresponds to both, infection type and petri dish inclination and includes the dishes D (mock inoculated, 64° inclination), C (mock inoculated, 90° angle to sensor), I (pathogen infected, 90°) and J (pathogen infected, 64°). Montages I∗ and J∗ represent binary masks of approximated locations of pathogen infection (black cells) derived from unsupervised ISO data classification. First line, RGB images taken at approximately 30 hpi; red labels indicate the infected and damaged leaf area. Red square highlights the petri dishes photographed at measurement time 4, 5, and 7. Red square indicates the leaflets on petri dishes. Measurements were conducted in 80 min intervals. Measurement times 3, 4, 5, … correlated to 8:25, 9:45, 11:05,…, hpi. Size bar corresponds to 100 pixel which correlates to approximately 7 cm.




[image: image]

FIGURE 7. Time lapse stack montages of RE (rededge) reflectance intensities of petri dishes D, C, I, and J. Data sequence and figure structure is the same as in Figure 6. Size bar corresponds to 100 pixel which correlates to approximately 7 cm.





DISCUSSION

This paper aimed at demonstrating the application of low cost multispectral sensors as a useable tool to identify leaf pathogen infection at a pre-visual stage instead of using the naked eye only. We exemplified the application of this early screening approach using the necrotrophic fungus B. cinerea under laboratory conditions. The used multispectral imager was a five-band multi-lens sensor. Our findings suggest that narrow band sensors in the NIR range are suited to detect fungal disease attack at a pre-visual stage. Reflectance of leaves in both tested angles (90° and 64°) could be sufficiently analyzed with only one band, indicating that a one-band sensor would be sufficient to detect the disease. For background masking and subtraction, however, additional bands such as red and green might be useful. If several band of a multi-lens sensors are needed an accurate band co-registration (i.e., the translation and rotation of the images, that each corresponding pixel refers to the same location of the imaged object) increases computing steps and time at least by the factor of band used. Therefore, single-lens multispectral camera models would be useful alternatives. In contrast to LED-based multispectral imagers (Grieve et al., 2015), cameras with filters allowing only narrow bands of light to pass, might be useful under real-world conditions, because they do not rely on close proximity, darkness and additional LED light source.

We measured increasing reflectance intensity in the red and blue band, a relatively constant reflectance in the green band, and a decreasing reflectance in the NIR and RE band (Figure 3). This is consistent with findings by Mahlein et al. (2010) who found similar infection patterns studying sugar beet leaves infected with fungal diseases such as C. beticola- and U. betae. In contrast, Zhao et al. (2014) found an increased reflectance intensity in the NIR range for Puccinia striiformis infections which cause stripe rust in wheat. The spectral signatures in barley leaves were found to be increased in the measured range from 400 to 2400 nm when infected with net blotch, brown rust or powdery mildew (Thomas et al., 2018). Additionally, the reflectance intensities were found to be growth stage dependent (Zhao et al., 2014).

Under laboratory conditions using B. cinerea strain T4 as an example fungal pathogen, we were able to identify differences in linear regression models of healthy and diseased tissue as early as 9 hpi with the NIR band. The NIR band filter is a 40 nm wide band with a center wave length of 840 nm. The NIR band had the smallest confidence interval while separating mock-and pathogen-infected ROIs the earliest. This finding confirms qualitatively the results of Xie et al. (2017) who plotted hyperspectral data of B. cinerea-infected and healthy tissue. Their results indicate 746 nm to be the most informative wavelength. The RE band collects reflectance irradiance around 717 nm. RE is the region in which the reflectance intensity increases the most (Xie et al., 2017), what may explain the bigger variability than in the NIR range.

We analyzed the reflectance of pathogen and mock-inoculated tissue by comparing defined ROIs on healthy and disease-attacked leaf tissue. Under real-world-conditions varying angles of sun and leaf position to camera cause varying reflectance intensities (Pinter et al., 1985; Maes et al., 2014; Oberti et al., 2014). Therefore, transferring this artificial setup to field conditions, the differences of reflectance from one same leaf should be considered only. We investigated two angles (90° and 64°) the leaves were positioned toward the camera sensor. Using hyperspectral imaging of Erysiphe necator infected vine leaf tissue under laboratory conditions, Oberti et al. (2014) indicated that angles smaller than 90° lead to better differentiation of diseased and healthy tissue. The importance of leaf angle for disease detection by hyperspectral imaging was confirmed by our results in wavebands RE and NIR. For both bands the smaller angle lead to smaller and earlier separated confidence intervals of reflectance intensity. To this end, more work should clarify the reasons for it.

Natural infection does usually not occur in spots comparable to the artificial drop infection we used in our experiment but from smaller infection sites and maybe from single infection units. On the one hand, this may lead to a delay of detection, since infected tissue patches are smaller as the experimental ROIs and resolution of the sensor is limited. On the other hand, fungal infections may lead to specific shapes that should be investigated in future studies. Moreover, the differences in reflectance intensity may be also induced by other biotic and abiotic stresses. For instance, water deficit in tomato leads to a lower reflectance intensity than well-watered tomato plants (Susiè et al., 2018). Water deficit cause differently shaped patches or even impact whole leaves only compared to fungal infections. Different shapes in combination with intensity may be key to separate biotic and abiotic stress. The potential artifacts we found by classifying diseased from healthy tissue (Figures 6, 7), may be caused by abiotic stress induced by, e.g., the used experimental setup with detached leaves. Abiotic and additional biotic stresses should be addressed in future experiments to validate specificity of reflectance data.

Due to technical constrains, we used a semi-randomized experimental setup. However, we excluded any bias caused by the setup or sensor artifacts with a cross validation of all ROIs and a stratified bootstrapping of the background ROIs. The factor “time” was found to be not significant in the stratified bootstrapping. Therefore, we can exclude any bias in the linear regressions caused by the experimental design. The observed differences in reflectance intensities at the first measurement point (5 hpi) were most prominent in red and blue bands of the third experiment. This could have been potentially caused by camera or light setting shifts. However, this was a systematic error which was addressed by normalization.

Unsupervised classification using the imageJ software was of limited success compared to linear regression results. Diseased tissue could be identified in the NIR images from 9:45–13:45 which correlates to the results of linear regression. Artifacts like leaf borders and veins became visible from 16:25 hpi onward. This may be due to tissue aging and beginning senescence because we were using a detached leaf assay. Considering potential specific spatial shapes of biotic and abiotic stresses (i.e., for example, circular expanding reflectance intensity changes around infection location vs. changes along the leaf-veins) and taking into account the low resolution snap-shot multispectral imagers available, logic pattern-based Logical Vision machine learning approaches (Muggleton et al., 2018) may be useful tools for collecting information from low resolution multispectral images. In addition, demonstrating reflectance changes within the first 24 h of fungal infections may correlate to reported drastic changes on gene expression level. In Arabidopsis thaliana challenged with B. cinerea several hundred genes were differentially regulated at 12 and 24 hpi with additional respect to distance from infection location (Mulema and Denby, 2012). Rezzonico et al. (2017) found for the tomato-B. cinerea pathosystem differentially gene regulation not only between mock- and pathogen-inoculated samples but also between different pathogens and inoculation methods. Recently, in barley-powdery mildew interaction specific reflectance bands were shown to correlate to pathogen-induced gene expression changes (Kuska et al., 2019). The genes JIP23 (jasmonate induced proteins), RuBisCO (ribulose-1,5-bisphosphate carboxylase small subunit), and PR5 (encoding a thaumatin-like protein) among seven tested genes were analyzed by means of quantitative real time PCR in susceptible barley variety Hordeum vulgare infected with Blumeria graminis f.sp. hordei. Their expression in five sampling times during 72 hpi showed high relevance in local neighborhood analysis and correlated with reflectance from diseased tissue strongest in the wave bands from 660 to 820 nm (Kuska et al., 2019).

Summarizing, our work demonstrated “off-the-shelf” multispectral cameras to be suitable for early, pre-symptomatic detection of gray mold infections in tomato leaves. Computational post processing to correct multiple lenses systems-derived shifts are complicated, error prone and time consuming. In future experiments single-lens systems should be favored. Future experiments should investigate the process adaptations toward field conditions and multiple environmental influences such as leaf angle and artifacts due to non-homogeneous background, disease severity, biotic and abiotic stresses.
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Documentation of phenotype information is a priority need in biodiversity, crop modeling, breeding, ecology, and evolution research, for association studies, gene discovery, retrospective statistical analysis and data mining, QTL re-mapping, choosing cultivars, and planning crosses. Lack of access to phenotype information is still seen as a limiting factor for the use of plant genetic resources. Phenotype data are complex. Information on the context, under which they were collected, is indispensable, and the domain is continuously evolving. This study describes comprehensive data and object models supporting web interfaces for multi-site field phenotyping and data acquisition, which have been developed for Central Crop Databases within the European Cooperative Programme for Plant Genetic Resources over the years and which can be used as blueprints for phenotyping information systems. We start from the hypothesis, that entity relationship and object models useful for software development can picture domain expertise, similar as domain ontologies, and encourage a discussion of scientific information systems on modeling level. Starting from information requirements for statistical analysis, meta-analysis, and knowledge discovery, models are discussed in consideration of several standardization and modeling approaches including crop ontologies. Following an object-oriented modeling approach, we keep data and object models close together and to domain concepts. This will make database and software design better understandable and usable for domain experts and support a modular use of software artifacts to be shared across various domains of expertise. Classes and entities represent domain concepts with attributes naturally assigned to them. Field experiments with randomized plots, as typically used in the evaluation of plant genetic resources and in plant breeding, are in the focus. Phenotype observations, which can be listed as raw or aggregated data, are linked to explanatory metadata describing experimental treatments and agronomic interventions, observed traits and observation methodology, field plan and plot design, and the experiment site as a geographical entity. Based on clearly defined types, potential links to information systems in other domains (e.g., geographic information systems) can be better identified. Work flows are shown as web applications for the generation of field plans, field books, templates, upload of spreadsheet data, and images.

Keywords: plant genetic resources, phenotyping, documentation, entity relationship models, class models, work flows, web applications


INTRODUCTION

Information systems become increasingly important tools in biological sciences and cover a considerable part in a recent review on next-generation phenotyping (Cobb et al., 2013). The biodiversity (Wieczorek et al., 2012; Hardisty et al., 2013) and the crop modeling communities (Bostick et al., 2004; White et al., 2013) have been identified as strong and early proponents for biological information systems (Tinker and Yan, 2006). Phenotyping and genotyping are of main interest in crop science and breeding, plant traits also in ecology and evolution research (Kattge et al., 2011). Tinker and Yan (2006) address needs for efficient storage and retrieval of crop performance data to increase their value for exploration, reporting, crop modeling, planning crosses, and retrospective statistical analysis. They envision automatic generation of orthogonal subsets for statistical analysis based on information on experimental context, support for continuous QTL re-mapping, association studies, gene discovery, and data mining in crop science and plant breeding. Early initiatives started with stand-alone information systems in breeding programs (e.g., Haley et al., 1999; Lang et al., 2001; Heckenberger et al., 2008), or web-based systems for decision support to choose cultivars (Jensen, 2001), or for genetic resources management by the USDA (USDA Agricultural Research Service, 2015a) and the CGIAR (McLaren et al., 2005). Recently, these have culminated into the GRIN-Global project, covering multiple types of genebank data (USDA Agricultural Research Service, 2015b).

Nevertheless, the Second Report on the State of the World’s Plant Genetic Resources for Food and Agriculture (PGRFA) still highlighted lack of access to information, especially characterization and evaluation (phenotyping) data as most important limiting factor for an increased use of PGRFA in agriculture, horticulture, crop improvement, and research (FAO, 2010). Tinker and Yan (2006) mention an exploratory and a reporting mode needed to discover an information system: The exploratory mode summarizes results related to a keyword (e.g., a cultivar name). The reporting mode generates lists responding to specific queries (e.g., for stress tolerance or special nutritional quality). Jensen (2001) points out the requirement for mechanisms to compare and rank genotypes according to multiple traits, typically involving attribute-centric queries (Dinu and Nadkarni, 2007). Haley et al. (1999) demand simultaneous assessments of multiple traits on a standardized scale and from sets of comparable data gathered in one environment, user-specified prioritization of traits, tabulation of specific deficiencies, and summaries across multiple environments.

Consortia for Agricultural Systems Applications (Bostick et al., 2004; White et al., 2013) and Agrotechnology Transfer (Jones et al., 2003) have been established to promote a better use of expensive site- and season-specific field experiments. Crop models integrate knowledge about soil, climate, crops, and management to better understand their function, allow transfer of results to other agro-ecological conditions, and predict crop behavior (Jones et al., 2003). Models for 42 crops have been integrated with modules for weather, soil (water, carbon and nitrogen contents, temperature), plant, atmosphere, management, pests, and diseases, in the DSSAT-CSM software (Hoogenboom et al., 2017). Bostick et al. (2004) presented a first version of a web application (ICASA Data Exchange) targeted to stimulate the reuse of various types of field experiment data for agricultural systems modeling in the International Consortium for Agricultural Systems Applications (ICASA). It provides metadata on data owners, experiment, environment, crop, management, measurement, file, and publication information for uploaded data files. Several papers have been published on data models for crop genetic resources phenotyping and breeding databases (Lee et al., 2005; Yan and Tinker, 2007; Heckenberger et al., 2008; Fabre et al., 2011; Jung et al., 2011). None of these systems has been widely used (Vankadavath et al., 2009; White et al., 2013; Weise et al., 2017) to provide a reference for phenotyping as, e.g., GenBank provides for genotyping. Obviously, they have drawbacks in comprehensiveness or usability, as the domain is complex. Lack of modularization often is an impediment for the reuse of software. Modules should work independently of each other in different contexts. GERMINATE, introduced as data model for genetic and phenotypic data from a generic marker viewpoint (Lee et al., 2005), has been reused to build the Hordeum and Triticeae Toolboxes (Blake et al., 2012) and recently revised to the new version of Germinate 3 (Shaw et al., 2017). A standardized and modularized RESTful web service application programming interface (Breeding API, https://wiki.brapi.org/index.php/BrAPI) is currently developed for all types of breeding relevant data (germplasm, genotyping, phenotyping).

Information system ontologies (Evermann and Wand, 2005) and respective tools have been employed to tag phenotyping data for search and computer algorithms (Cobb et al., 2013). Specific crop ontologies (Bioversity International, 2011) have been set up as an open project, built on other ontologies, e.g., Plant Ontology (Avraham et al., 2008; Planteome, 2016), Environment Ontology (Buttigieg et al., 2013), and others within the Open Biological and Biomedical Ontologies1. Currently, most of the ontologies available from the crop ontology service have a single authorship, and multiple trait ontologies exist for crops like barley and soybean, indicating that they are not yet a community resource. Ontologies have similarity to domain models or domain-specific languages (Ceh et al., 2011), but their use in software engineering is not yet fully understood and implemented by tools (Fogh et al., 2005; Cranefield and Pan, 2007). Köhl and Gremmels (2015) used Plant Ontology (for entities) and Plant Trait Ontology (partly for attributes) to compile a scheme database supporting a web application, which generates phenotyping schemes with controlled vocabularies. Hannemann et al. (2009) describe tools to integrate ontologies into growth chamber experiments design and documentation. Munir and Anjum (2018) review recent approaches and tools using ontologies with relational databases, primarily to improve information retrieval with ontology based user interfaces. They describe tools for ontology to database mapping, which link pre-existing databases and ontologies, and for database to ontology transformations, which generate an ontology from a database or vice versa (Vysniauskas and Nemuraite, 2006).

Here we describe data and object models, which have been developed since 2000 for Central Crop Databases within the European Cooperative Programme for Plant Genetic Resources (ECPGR), used for web-based query interfaces (Germeier and Frese, 2001, 2004) and more recently to build web interfaces for workflows coordinating multi-site characterization and evaluation (phenotyping) of PGRFA and respective data acquisition. We start from the hypothesis that entity relationship (ER) database models, class, and object models in scientific software can be appropriately designed as representations of the scientific domain and its real-world concepts. This will facilitate the comprehension of software concepts by domain experts and the modularization of scientific software infrastructures in accordance with different fields of domain expertise. It will further promote the reuse of functionality and of scientific data and a closer connection between general software development and simulation modeling (Papajorgji et al., 2004). Finally, it will be also an outcome of simple database to ontology or ontology to data model transformations (Vysniauskas and Nemuraite, 2006; Munir and Anjum, 2018). While working on our models, we had not yet any ontology – ER mapping tools (Munir and Anjum, 2018) at hand.

With this emphasis and based on requirements for statistical analysis of phenotyping data, we discuss models and work flows encountered in our characterization and evaluation projects (Morcia et al., 2013; Murariu et al., 2013; Redaelli et al., 2013, 2016; Tumino et al., 2016) in consideration of suggestions for standardization, other modeling approaches, and crop ontologies. We suggest them as blueprints, which can be used independent of concrete software implementations. The latter undergo short lifecycles determined by their developing technology platforms.

We strictly focus on a phenotyping information module covering field experiments with randomized plots, as typically used in the evaluation of plant genetic resources and in plant breeding. Fahlgren et al. (2015) mention advantages of field phenotyping platforms, as are growing crop-sized plants under natural settings. Araus and Cairns (2014) refer to the lack of quantitative trait loci and candidate genes detected in controlled environments to translate into gains in the field. Our modeling approaches (Figures 2–5) can be taken as a blueprint for the design of phenotyping information systems documenting field experiments in crop and plant sciences.



FROM STANDARDS TO MODELS

The crop modeling community made first attempts to standardize phenotype data, e.g., in the International Consortium for Agricultural Systems Applications (ICASA; Bostick et al., 2004; White et al., 2013). A similar activity in current plant phenotyping networks defines Minimum Information About a Plant Phenotyping Experiment (MIAPPE) standards (Ćwiek-Kupczyńska et al., 2016), which are currently implemented with the Breeding API. For PGRFA, Endresen and Knüpffer (2012) included terms for field observations (measurement, measurement method, and experiment) into a genebank extension of the Darwin Core data exchange format for the Global Biodiversity Information Facility (GBIF).

While standardization counts on an agreement to choose a dedicated approach out of equivalent variants, modeling has the ambition to provide the best state of the art representation of the knowledge in a domain. Thus, requirements for modeling are higher (Swertz and Jansen, 2007). Standards can be rigid and finally unable to cope with scientific progress, while information systems need sufficient flexibility that “today’s data can contribute to tomorrow’s opportunities” (Fogh et al., 2005; Lee et al., 2005; Tinker and Yan, 2006). Models remain subject to scientific discussion. This causes change management in information systems but guarantees the flexibility required, the intelligibility for domain experts and reusability even for additional purposes, e.g., simulation modeling (Papajorgji et al., 2004).

Modeling comes into place on several levels of information management (Figure 1). On the highest level of abstraction are models for statistical analysis and knowledge discovery (Piepho et al., 1998; Malosetti et al., 2013). These determine what information is needed to create knowledge out of the data. At the bottom, static conceptual models (domain models) are used for database and software design. These are represented by entity-relationship and class diagrams, respectively (Evermann and Wand, 2005). Crop models as simulation or predictive models depict a mechanistic understanding of crop behavior and allow its prediction from input parameters like weather, soil, genotypes, experiment conditions, and measurements (Jones et al., 2003). Papajorgji et al. (2004) stressed the interrelationships of software modeling and simulation modeling and recommended to use tools from the software engineering community like Unified Modeling Language (UML) and component-based approaches also for simulation modeling.
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FIGURE 1. Levels of modeling in the phenotyping domain from requirements for statistical analysis to implementation of an information system as entities and classes.
 

Statistical or predictive phenotype models contain genotype, environment, and management as main factors and respective interactions (Kropff and Struik, 2002; Hatfield and Walthall, 2015). These factors can be further analyzed by the various classes of primary and secondary information shown in Figure 1. Genotypes in the PGRFA domain are accessions in genebank collections, breeding lines and cultivars. Management factors are agronomic interventions (soil tillage, irrigation, fertilization, plant protection) and experimental treatments differing for the experimental factors according to the scope of the study. These can include artificial inoculation with diseases or symbiotic organisms, requiring documentation of agents (strains). Also, the observation methodology belongs to the management factor. The geographic location of the experiment site with weather and soil conditions (cf. Figure 4), and on a small geographic scale, the spatial design of the field plan creates the environment. Experiments are affiliated with research projects and institutions (Heckenberger et al., 2008; Ćwiek-Kupczyńska et al., 2016).



GENERALIZATION OR SPECIALIZATION

Generalization (abstraction) and specialization (level of detail) are critical points for modeling. Generalization has been put forward as a target improving reuse of data. Lee et al. (2005) described five modules (Passport, General, Data Integration, Information, and Datasets) to generalize over phenotype and genotype data, getting them into the same data structure in a module Datasets. Names of modules and several tables, especially in module “Datasets” did not intuitively correspond to objects known in the phenotyping and genotyping domains but referred to technical features of the data (e.g., “data types,” “data,” “metadata”). Names not referring to domain concepts but technical features are indicative for over-generalization or over-normalization. These limit understanding and reuse of information components and the modularization along a specialization of expertise. The conceptual ambiguities lead to a variety of data storage implementations (Lee et al., 2005). We consider phenotyping and genotyping sufficiently different domains and communities that they deserve specific modeling and modules. Steinbach et al. (2013) treat collection data in a genetic resources module, phenotype data from genotype-environment interaction studies in a phenotype, and genome data in several separate modules (sequence, genetic map, polymorphism, genome, transcriptome). Also, the recent version of Germinate 3 has separate marker/genotype and phenotype/field trials schemata (Shaw et al., 2017).

Kattge et al. (2011), from an ecologist point of view, stress the nesting of observations in a hierarchy. Higher levels form the context for lowers (e.g., stand – individual – leaf – cell). Including environmental context and even taxonomy into this nesting, they provide a generic model for observations on plant and environment with the elements entity, observation, measurement, characteristic, and measurement standard. It resembles the “entity-attribute-value” (EAV) or “vertical design,” another pattern discussed for generalization (Billiau et al., 2012; Köhl and Gremmels, 2015). Avoiding fix defined data structures by modeling object attributes as entries, e.g., of property association tables (Jung et al., 2011), it also appears as a simple solution for mapping controlled vocabulary (thesauri and ontologies) into information systems (Billiau et al., 2012). Yet, deviating from relational and object-oriented design principles, it is not well supported by database management and software tools; e.g., queries for multiple attributes require cumbersome auto-referencing approaches (Corwin et al., 2007). Dinu and Nadkarni (2007) mention clear indications, under which vertical design can be used: sparse and volatile data. The EAV structure needs support by a system of relational metadata and metadata-driven software, and it again should represent a well-understood domain concept (e.g., a phenotypic observation, as shown in Figure 2).
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FIGURE 2. The phenotype observation as raw or aggregated data – its attributes of different types (identifiers and foreign keys, numeric data, strings, statistics and standardized harmonized or ranking data) and related descriptive metadata concepts. Entity names are written in capitals; attribute names within RAWDATA and AGGREGATED DATA in mixed case.
 

Here we follow an object-oriented design, keeping data and object models close together and to domain concepts. Classes and entities by their naming are easily grasped by domain experts and cover attributes naturally assigned to these concepts in the domain. This will also result from transformations between ER, object models and ontologies (Vysniauskas and Nemuraite, 2006; Munir and Anjum, 2018).

Natural identifiers (often available as compound keys) are preferred to surrogate keys. Only meaningful keys implement meaningful integrity rules. Modularization will give different communities (e.g., genebanks, phenotyping, genotyping, breeding, environmental science, and geography) freedom to manage their data within own namespace and ontology. Interoperability of information from different domains does not result from pressing their data into a highly abstracted data structure, but by proper interfaces (APIs) to link clearly defined types into various information systems driven by different domains (cf. Figure 4).



A DATA MODEL FOR PHENOTYPING (CHARACTERIZATION AND EVALUATION) DATA

Krajewski et al. (2015) define phenotyping as any quantitative or qualitative measurement of traits at levels from single cells, plants, field plots, up to ecosystems, and a plant phenotyping experiment as a set of experimental units with assigned levels of factors, resulting in a treatment and block structure within an experiment design. They recommend distinguishing factors related to “biosources” (accessions in PGRFA documentation) from those of real treatments (agents modifying the environment). van Evert et al. (1999) describe a data model for agro-ecological research data, with a broad scope on objects, which can be subject to field experiments. Köhl et al. (2008) and Heckenberger et al. (2008) enter into details of the genesis of plant lines (breeding processes like propagation, crossing, transformation). Here we focus on accessions in terms of the Multicrop Passport Descriptors (Alercia et al., 2015) as biosources according to Krajewski et al. (2015) and targets for phenotyping: genebank accessions, breeding lines, populations, or cultivars. These materialize as seed stock (stock in Jung et al., 2011) in a working collection. Their genesis is seen in the scope of separate information modules on germplasm and breeding management. Samples from a single plant, a tissue, up to pooled accessions or populations (Lee et al., 2005) can be referenced in a methodology description if of interest outside a separate Laboratory Information and Management System (LIMS). Yan and Tinker (2007) show basics of phenotypic data as a “context oriented observation library”. We follow these but develop more complex structures, where considered necessary.


The Phenotypic Observation – Core of the Data Structure

The phenotypic observation has been defined as association of a trait with an observed value at a defined time (Krajewski et al., 2015) or as measurements taken on an object at the same time (Kattge et al., 2011). Observations as raw or aggregated data (Heckenberger et al., 2008; Blake et al., 2012) refer to trait expressions in an experimental unit (e.g., a plot), observed by measurement or estimation. They are modeled in EAV-like data structures (Billiau et al., 2012; Köhl and Gremmels, 2015): lists of observed trait expressions (raw or aggregated) in various data formats (numbers, symbols, words) are linked into a relational system of explanatory metadata (Dinu and Nadkarni, 2007). These describe accessions or cultivars identified by reference to the holding institute and an accession number or name, measurements referring to an observation methodology with trait descriptors (from descriptor lists or trait ontologies), methods (analytical protocols, classification schemes), experiments, treatments, field plots, and archived data source files (Figure 2). Kattge et al. (2011) use the term measurement for observations as presented here. Their observation entity links measurements in multiple dimensions of one object (hierarchy from environment to cell) in a certain time.

Trait observations need reference to an observation date and a phenological stage of the plant during observation (Billiau et al., 2012; White et al., 2013). For statistical re-evaluation (Blake et al., 2012) and long-term comparison (Keilwagen et al., 2014), data should be available in original states and formats (raw data, original score). Trait expressions are documented in different data types: numbers for measurements and counts; strings for morphological descriptions. For calculation, aggregation, sorting, and validation purposes, it is advantageous to foresee different fields for different data types (Dinu and Nadkarni, 2007): measured (absolute) values, percentages, counts, numeric scores, and text scores. Examples can be found easily, where more than one data type applies to an observation (e.g., surviving or diseased plants as absolute number or percentage of a target population). A coding system for homogeneity or heterogeneity in a plot has been proposed (van Hintum, 1993). Lee et al. (2005) designed different tables for each data type, including arrays for storing marker data. We consider one observation table for a specific aggregation level, with separate fields for different phenotypic result types most intuitive and easy to use with external (e.g., statistic) software. Further attributes refer to the owner of the data and their availability for different user types.

For presentation purposes, data aggregated at least to means of field replications in an experiment are preferred. Basic descriptive statistics (mean, median, standard deviation or error, range, skewness, kurtosis) should be given along with the number of replications and/or plants tested. Blake et al. (2012) mention means and summary statistics (range, standard error of mean, probability value for F test, outlier detection). Harmonizing and simplifying transformations or ranks (universal score, e.g., Grades 1–9) can give an impression on the first glance but do not fulfill scientific documentation requirements, especially not over long periods of time, when reference values are floating. Cobb et al. (2013) recommend storing data in a raw state for use in analyses, even when more robust Bayesian approaches are used. Keilwagen et al. (2014) suggest a normalized rank product for the comparison of measured traits over long periods of time.



Traits, the Targets for Observation

Main targets for breeding and crop research are phenotypic traits and their combinations (pyramidization) in a crop ideotype. Kattge et al. (2011) refer to a definition of traits as morphological, physiological, or phenological features measurable on individuals from cell to whole organism level. Descriptive context information for traits in plant breeding refers to protocols reflecting requirements in cultivar registration and evaluation of value for cultivation and use. Guidelines are available as descriptor lists by Bioversity International and preceding organizations (e.g., IBPGR, 1985; IPGRI, 1991; Alercia, 2013), by the International Union for the Protection of New Varieties of Plants (e.g., UPOV, 1994, 2008) and in trait ontologies now online for various crops (Shresta et al., 2010; Bioversity International, 2011; Arnaud et al., 2012). They provide also some suggested observation methods. For morphological characterization, their methodological information is mostly sufficient. For complex traits evaluating the value for cultivation and use (yield, resistance, and quality), various analytical methods are available and subject to methodological progress. Standard analytics for phytochemical traits are given, e.g., by the International Association for Cereal Science and Technology (2018). van Evert et al. (1999) in their data model dwell into details of equipments and their configuration. This could be useful for labs with similar machinery, but is not of general interest. It could be described in a method description or with links to (standard) methodology references. We compose trait descriptors and observation methods in a methodology class (Figure 3B). Krajewski et al. (2015) mention trait, method, and scale as foundational parts of an observation variable. To select, sort, or weight traits, we consider the phenological stages recommended to observing them, the type of observation (measurement, count, score), and units or coding schemes (scoring key) important. Specializations of a general method class represent different types of methods with different data type output (Figure 3B). Methods can be developed from each other (parent) or complement each other (denominator). We call the application of a methodology in an experiment (over all plots at a certain date) a measurement (Figure 2). Plant (species and cultivar) specific input parameters of crop models (Jones et al., 2003) should be considered in trait definitions for phenotypic information systems and in crop ontologies.
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FIGURE 3. Trait methodology context data: (A) User interface, providing choice boxes for trait group or plant part, trait (as represented in trait descriptor lists), and analytical method for hierarchic search. (B) Entity/class model representing a trait descriptor and different types of observation methods including classification keys (scoring keys), composed to a methodology.
 

Easy search for combinations of trait expressions is crucial for a breeding information system. It is well supported by an observation table linked to trait metadata in a way enabling hierarchical search along an agreed categorization of traits and observation methodology, as given by trait ontologies (Bioversity International, 2011). These cover mostly three levels of search from a group of traits (abiotic and biotic stress tolerance, agronomy, morphology, phenology, physiology, quality) to defined single traits as outlined in descriptor lists (cf. UPOV, 2011; Alercia, 2013) and methodological details, e.g., units of measurement or definition of categorical scores (Figure 3A). This could also reflect the entity quality model of trait definition (Krajewski et al., 2015) with trait group relating to an entity (plant part) and trait to a quality.



Context as Key to the Interpretation of Phenotyping Data

To improve the precision of statistical inferences for prediction and for a better understanding of genotype environment interactions, information on the context under which phenotypic data have been collected (experiment design, soil, biotic and abiotic interferences, treatments, and agronomic interventions) is required (Tinker and Yan, 2006; Ćwiek-Kupczyńska et al., 2016). It is needed to properly consider experimental factors and covariates in statistical analysis (Piepho et al., 1998; Kropff and Struik, 2002; Malosetti et al., 2013; Crossa et al., 2015). Crop research ontology (Bioversity International, 2011) and MIAPPE (Ćwiek-Kupczyńska et al., 2016) give a comprehensive overview. Kattge et al. (2011) stress the importance of covariates to understand the heterogeneity of trait expressions in an ecological context, to filter and to classify observation data. For a mechanistic understanding of crop performance, parameter requirements of crop models (Jones et al., 2003; White et al., 2013) are to be met. If context is overly complex, or requested attributes do not match the situation (e.g., growth chamber vs. field studies), it tends to be ignored or to be used improperly (Tinker and Yan, 2006).

Figure 4 depicts a data model for context information referring to measurements taken in a field plot or from samples thereof, covering the experiment data set in White et al. (2013). It treats a field experiment as specialization of a general experiment class. Further specializations could be greenhouse, growth chamber (Köhl et al., 2008; Fabre et al., 2011), laboratory, or other experiments. In MIAPPE (Ćwiek-Kupczyńska et al., 2016), a field or greenhouse study (comparable to experiment) extends a basic study. The Natural Diversity schema (Jung et al., 2011) models similar specializations as experiment types indicated by a respective attribute. The experiment super-class holds basic relationships to project, affiliations, and randomization design. We identify an experiment by project, institute, and specializing codes with the initiation date. Typical field randomization designs are block, latin square, lattice, or augmented designs. These are implemented through randomization in a field plan, which represents the block structure (Krajewski et al., 2015).
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FIGURE 4. The field experiment context. Items in bold italics show foreign keys referring to other classes or modules. Important information might be available in the science cloud from other domains, e.g. geography (soil, site and landscape information) or meteorology.
 

Plots are the experimental units (Tinker and Yan, 2006; Heckenberger et al., 2008) in a field experiment, arranged in a two-dimensional matrix (lane, plot) and populated with accessions and treatments. As van Evert et al. (1999) point out, plots can be structured on multiple levels by the design. Here the block attribute implements the first stratum below experiment and allows for all designs developed out of the block design, e.g., augmented block designs (Federer and Raghavarao, 1975). Higher level strata, e.g., for lattice designs could be implemented with further attributes in the field plan class. We consider one-site/one-season field experiments (called “test” in Tinker and Yan, 2006) and treat multi-location/multi-season field experiments as series or sets of field experiments held together within a project.

Distinguishing for a field experiment is the experiment site, identified by administrative (country, municipality) and geographic descriptors (geographic coordinates and elevation). Most of the environmental input variables required in DSSAT models (Jones et al., 2003) relate to the site. Data on landscape, soil, climate, and weather would be preferably linked from special geo-ecological information systems (symbolized by the cloud in Figure 4), e.g., as GIS layers by virtue of the geographic coordinates given. Field experiments undergo agronomic interventions (van Evert et al., 1999): pre-crops, soil-cultivation, sowing regime, fertilization, irrigation, and plant protection. These may be constant for the whole experiment or applied differently as experimental (variable) treatments (Krajewski et al., 2015). Fabre et al. (2011) have treatment attributes scattered in experiment, plot, and instruction tables. We collect them as attributes into a treatment (here field treatment) class. van Evert et al. (1999) represent treatments as combination of factor/level pairs, like Jung et al. (2011), in a vertical design. This gives maximum flexibility in treatment definition, but less guidance on important aspects of treatments to consider. Deficits in use of this model are mentioned by van Evert et al. (1999). We used it in the intervention table, but in addition relate pre-defined important aspects in the treatment class (planting, cultivation, pre-crop, irrigation, fertilization, infestation, and plant protection) to separately modeled details for these aspects. It is exemplified here with the infestation, which models artificial inoculation, e.g., with diseases, pests, or symbionts (biotic agents).



Pictures as Increasingly Important Phenotyping Documents

Images are increasingly used for non-destructive, high-throughput phenotyping in plant research and breeding programs, with potential for observation in high temporal resolution (Walter et al., 2015; Araus et al., 2018). Images give multidimensional information (e.g., on shape and color) and allow decoupling of sampling and automatable analysis. Simple imaging tools are widespread available (Lobet et al., 2013). Image data management, image analysis, and result visualization are required (Klukas et al., 2014). Publicly available large and well-curated image datasets are imperative for the progress in image analyses (Fahlgren et al., 2015). Large-volume image data will remain a constant for most plant phenomics experiments and require image analysis tools on one hand and image storing and cataloguing on the other (Knecht et al., 2016).

Specialized systems for image analysis have been described (Lobet et al., 2013; Klukas et al., 2014; Knecht et al., 2016; Gehan et al., 2017). Here we follow a concept to integrate images into the field experiment documentation linking image data by a uniform resource locator (URL) to plot level information of a field experiment (Figure 5). Image files can be stored on a file server or an open image repository and are related to specific plots in a field plan (n:m via table PlotPicture) and/or to specific accessions (n:m via table AccessionPicture). They are called by their uniform resource locator (URL) over the internet to be displayed with the web application (Figure 8). Metadata on camera and camera settings are automatically read into a picture table, file type, and attributes into a picture file table. Additional information, as a description, can be given by the user.


[image: image]

FIGURE 5. Pictures in our field experiment context relate to plots in a field plan and/or to PGR accessions. They are accessible through picture files, e.g. via URLs on web servers.
 




IMPLEMENTATION EXAMPLES IN EUROPEAN CENTRAL CROP DATABASES AND PROJECT INFORMATION AND MANAGEMENT SYSTEMS AS A PROOF OF CONCEPT

Data and object models, as described above, have been developed for two ECPGR Central Crop Databases (CCDBs). The European Avena Database2 and the International Database for Beta3 list passport, characterization, and evaluation data for 34,541 and 10,613 genebank accessions, respectively (Table 1). Projects for characterization and evaluation of these resources have been initiated within the frame of regulations EC1467/97 (projects CT 95–42 and CT 99–196), and EC 870/2004 (project AVEQ). Currently, 163 descriptors (traits) from various descriptor lists (IBPGR/IPGRI/Bioversity, UPOV, COMECON) are compiled in the Avena database and 117 IPGRI descriptors in the Beta database (cf. Table 1 and Figure 3B for the data model). For 3,134 of the Avena accessions 169,799 phenotyping points (field experiment means) have been determined with 112 methodological approaches (specific methods for trait observation, cf. Figure 3) in the EADB, and for 1,750 Beta accessions 36,541 data points with 123 methodological approaches in the IDBB.



TABLE 1. Quantitative representation of important data types in the European Avena Database (EADB), the International Database for Beta (IDBB) and the AVEQ project database.
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Databases are implemented in the relational database management systems Oracle and MySQL. These can be directly accessed by statistical analysis software (SAS, R) via open database connectivity (ODBC) and respective structured query language (SQL) modules. Web applications to search the CCDBs have been developed in PHP. For a project on nutritional quality traits of oat genetic resources (AVEna genetic resources for Quality in human consumption, AVEQ, http://aveq.julius-kuehn.de), web applications for management and data acquisition in multi-site phenotyping of genetic resources, bridging the Avena CCDB and a project database have been developed in Java (JEE5/6, JSF, JBoss Seam) technologies and used to coordinate field designs and template based data acquisition at 11 European field experiment sites and to upload 257,148 evaluation data points (raw data) for 667 accessions in 33 traits with 75 observation and analytical methods, as have been generated in this project (Morcia et al., 2013; Murariu et al., 2013; Redaelli et al., 2013, 2016; Tumino et al., 2016). Workflows for online management and data acquisition have been developed in this project database.



IMPLEMENTATION OF WORK FLOWS FOR CHARACTERIZATION AND EVALUATION OF PLANT GENETIC RESOURCES

Standard input and output by clearly defined workflows have been identified as preconditions for effective breeding with automated data processing. Lang et al. (2001) mention workflows to plan field experiments, which include selection of target lines and field plan generation, preparation of sowing lists, labels, and field books. Systematic form-based data collection effected by downloadable data gathering templates lead to more comprehensive and rigorous data recording (Tinker and Yan, 2006). We describe four work flows in experiment planning and documentation, which have been implemented, besides others, with the AVEQ web applications: field plan generation, field book and observation templates generation, upload of results from spreadsheets (e.g., MS Excel), as provided by mobile data acquisition tools or laboratory devices, and upload of photographs.


Field Plan Generation

This workflow (Figure 6) starts with a predefined and available (sufficiently multiplied) part of a project working collection to arrange it in a randomized field plan for a specific field experiment at a certain location in a certain year. The experiment will be created by entering basic attributes as the experiment name, the intended design, the number of replications (for the replicated part of the accessions in case of an augmented design), and the number of plots available for one sowing lane (depending on the field size). These parameters are necessary for the construction of a field plan. Later on experiment details (treatments, experiment site) can be edited or updated.


[image: image]

FIGURE 6. Flow diagram and screenshot of field plan generation. It starts with a working collection pre-defined in a project for a specific evaluation activity. The screen shot on the right shows the form to enter field design and geometry (limited by the possible number of plots per sowing lane) to define the field experiment after selection of standard and target cultivars (entries) for an augmented block design. Part of the field plan with two plots is shown in the lower part of the screenshot on the right.
 

Sets of standard cultivars are essential for comparing results over experiments (Blake et al., 2012). They should be used over long periods of time and optimally represent defined trait expressions (susceptibility, resistance, high or low expression of a trait of interest). In screening experiments often only standard cultivars are grown in replications, forming the backbone for the statistical analysis, while the tested accessions are not replicated, e.g., in augmented designs (Federer and Raghavarao, 1975). The web application allows to select standard cultivars from a pre-defined list first, and then the selection of accessions from a working collection in the same manner. It also allows the integration of special plots for orientation or checking the correctness of the sowing operation. The field plan can be displayed as matrix or as list, both downloadable in PDF format.



Generation of Field Books and Observation Templates

Based on a field plan lists and templates for sowing and data acquisition can be generated in paper (PDF-file) or digital spreadsheet form. This comprises a group of work flows leading to sowing lists, field lists, lists, and templates for taking observations in the field (Figure 7). Sowing lists include the amounts of seeds needed based on germination test results. Field lists list all plots with accessions and treatments for demonstration purposes. Preparation of lists and templates for phenotyping data acquisition in the field starts with a check list of agreed traits to be observed (Screen “Select Methodology” in Figure 7). Target traits can be sorted according to phenological stages recommended for observation of the traits. So, they can be selected (checked) to fit the phenology encountered in the field. Lists for taking notes in PDF and spreadsheets for digital data input are created for download by combining a field list with the selected traits and respective methodology, which is explained by a methodology description on the first page of the PDF list.
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FIGURE 7. Flow diagram and screenshots (on the right) of field book generation: The upper screenshot (“Select methodology”) shows a list of trait observation methodologies ordered by recommended phenological stage to observe it, and allows to check them for including them as columns into a PDF (middle screenshot) or a spreadsheet template (lower screenshot). These integrate the selected trait observations with the field plan to give predefined lists for taking notes in the field manually or with mobile digital assistants.
 



Map Spreadsheet Data for Import

Tinker and Yan (2006) address populating a crop database with data from spreadsheets, which are normally produced with mobile data acquisition or other devices in fields and labs. They mention solutions with standardized templates (cf. previous workflow) or walking the user through the mapping of spreadsheet columns to database objects. The latter approach has the advantage that various formats and not only the standard template can be imported into the database. Yan and Tinker (2007) describe an implementation with MS Access. A screenshot and flow diagram for the implementation in the AVEQ web application is shown in Figure 8. A HTML table (Figure 8, left screenshot) shows columns and column heads of the uploaded spreadsheet and provides combo boxes to select predefined database objects (items = identifiers or trait expressions). The items (attributes) automatically relate to the appropriate tables. When an observation type (absolute value, percentage, score) is selected, the methodology form (Figure 8, right screenshot) pops up prompting the user to select or input trait and method (observation methodology) referred by the respective spreadsheet column. With this mapping protocol (which is stored in the database), the spreadsheet data are automatically imported into the observation table with appropriate links to the traits, to experiment (which has been entered and selected in advance) and the treatments (currently only genotypes). The application checks against importing the same spreadsheet twice and for consistency of genotypes in plots between field plan of the selected experiment and the uploaded data. It allows deleting the previous upload and replacing it by a corrected one.
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FIGURE 8. Flow diagram and screenshot of spreadsheet data import. The screenshot on the left shows spreadsheet column heads, which can be mapped to attributes in the database. If an observation item was entered (absolute value, percentage, score, etc.), the methodology form pops up (upper right screenshot) to prompt the user to select an observation methodology, which will be mapped to this spreadsheet column (see lower right part of the screenshot).
 



Upload Pictures

Image files can be linked into the web application (Figure 9). Metadata for these images, including relations to a specific accession or plot, are stored in the database. For uploading, a picture can be selected from the local file system. It will be copied into a directory of a web server, and metadata (including the URL for its display) are written into the database. The user is prompted to select a plot in a field experiment and/or an accession. This information will be displayed together with the picture. Pictures can be searched by taxonomy and experiment related information will be displayed along with the picture.


[image: image]

FIGURE 9. Flow diagram and screenshot of picture upload.
 




CONCLUSION

This study develops, out of the requirements in statistical analyses and crop simulation modeling, highly comprehensive ER and class models for plant genetic resources characterization and evaluation (phenotypic) data acquisition in field experiments. They have served for more than 10 years in the framework of ECPGR Central Crop Databases and in PGRFA characterization and evaluation project information and management systems. They can serve as blueprints for future developments with current software technologies in similar contexts, especially within EURISCO, which is currently superseding the Central Crop Databases, and within the on-farm PGRFA communities.

Modeling at the different levels of abstraction from the database to the statistical model (Figure 1) is considered, using object oriented software development approaches and tools, confirming Papajorgji et al. (2004), that these can be useful not only in simulation modeling, but generally in conceptualization of scientific knowledge. Databases and information systems are suggested as integral tools of scientific work, and software modeling tools, like ER and class diagrams as useful for structuring scientific results. Additionally several objects, attributes and features are shown, which are not yet available in any of the other systems currently available for the documentation of phenotyping data.

Over-generalization and over-normalization often impede modularization along a specialization of expertise and thus the reuse of software components in neighboring domains. These are evident, if entities and classes do not correspond with objects and concepts well known in the domain. To our knowledge, there is currently no attempt in the literature on biological databases, showing such clearly the possible congruence of domain concepts, database entities, and software model classes at least in the persistence and business tiers of an information system. It should encourage scientists to take more influence in scientific software development and thereby enhancing usability and reuse of scientific databases and software. The entity relationship, class, and flow models shown in the figures can be useful as a blue-print for developing phenotypic information systems in crop science.
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Phenotypic measurements under controlled cultivation conditions are essential to gain a mechanistic understanding of plant responses to environmental impacts and thus for knowledge-based improvement of their performance under natural field conditions. Twenty maize inbred lines (ILs) were phenotyped in response to two levels of water and nitrogen supply (control and stress) and combined nitrogen and water deficit. Over a course of 5 weeks (from about 4-leaf stage to the beginning of the reproductive stage), maize phenology and growth were monitored by using a high-throughput phenotyping platform for daily acquisition of images in different spectral ranges. The focus of the present study is on the measurements taken at the time of maximum water stress (for traits that reflect plant physiological properties) and at the end of the experiment (for traits that reflect plant architectural and biomass-related traits). Twenty-five phenotypic traits extracted from the digital image data that support biological interpretation of plant growth were selected for their predictive value for mid-season shoot biomass accumulation. Measured fresh and dry weights after harvest were used to calculate various indices (water-use efficiency, physiological nitrogen-use efficiency, specific plant weight) and to establish correlations with image-derived phenotypic features. Also, score indices based on dry weight were used to identify contrasting ILs in terms of productivity and tolerance to stress, and their means for image-derived and manually measured traits were compared. Color-related traits appear to be indicative of plant performance and photosystem II operating efficiency might be an importance physiological parameter of biomass accumulation, particularly under severe stress conditions. Also, genotypes showing greater leaf area may be better adapted to abiotic stress conditions.

Keywords: maize genotypes, high-throughput phenotyping, vegetative biomass, nitrogen deficiency, water stress, variable selection, stress indices


INTRODUCTION

Nitrogen and water, separately or in combination, are two of the most critical factors in maize production worldwide. Nitrogen is a major growth and yield-determining plant nutrient and its major uptake by maize plants is often referred to start at the stage of six fully expanded leaves when rapid growth begins, and to continue into the reproductive stage. Twelve and seventeen percent yield reduction, respectively, has been reported to be attributed to irreversible effects of delayed nitrogen application at the 6- and 10-leaf stages (Binder et al., 2000; Walsh et al., 2012). Nitrogen accumulated in vegetative organs prior to silking is remobilized by plants to grains as new nitrogen taken up during reproductive development is not sufficient for maize grain filling (Mueller and Vyn, 2016). Maize water requirement is highest in the reproductive stage (Kranz et al., 2008), however water shortage during vegetative growth can also significantly reduce grain yield. Short-term water deficits during rapid vegetative growth caused up to 40% grain yield losses which was explained by a decline in plant extension growth and a reduction of leaf size (Çakir, 2004). The responses of plants to a combination of water and nitrogen stress may even cause further effects beyond the individual impacts, and hence cannot be directly extrapolated from conclusions obtained from the different stresses applied individually (Humbert et al., 2013). Several studies showed that it was possible to improve maize germplasm for simultaneous expression of tolerance to mid-season drought and nitrogen stress through recurrent selection (Bänziger et al., 2002; Zaidi et al., 2004).

Many efforts have been made to improve the mechanistic understanding of plants tolerance to abiotic stresses. The development of high-throughput phenotyping platforms, with a variety of imaging methodologies, provide a new prospect for dissecting complex plant traits such as stress tolerance into functionally relevant components (Tardieu and Tuberosa, 2010; Chen et al., 2014; Li et al., 2014; Rahaman et al., 2015). Although high-throughput automated imaging is not without its limitations (Li et al., 2014) this technology is becoming more advanced and popular, due to the capability to non-destructively capture various traits at regular time intervals throughout the life cycle of the plant (Rahaman et al., 2015; Muraya et al., 2017). Numerous studies in different crop species including maize reported high correlations between image-derived traits and traits recorded by traditional metrics thus validating digital imaging as a reliable tool for phenotyping (Nagel et al., 2012; Honsdorf et al., 2014; Humplík et al., 2015; Neilson et al., 2015; Neumann et al., 2015; Arend et al., 2016; Ge et al., 2016). Moreover, Zhang et al. (2017) suggested that projected plant area acquired from side imaging can replace dry weight in quantitave trait locus (QTL) analysis in maize according to the matches of QTLs affecting dry weight and projected plant area. Recent studies suggested that high-throughput phenotyping offers a powerful entry into dissecting genetic components underlying plant biomass accumulation (Muraya et al., 2017; Zhang et al., 2017; Chen et al., 2018).

The identification of stress resistance of different genotypes is an important goal in crop breeding programs. A stress resistant genotype can be defined as one which gives a significantly higher yield than average under conditions where crop resources availability are limited by some aspect of the environment (Quarrie et al., 1999). To differentiate stress adaptation levels of genotypes, several selection indices have been suggested on the basis of yield or biomass performance of a given genotype under stress and non-stress conditions (Rosielle and Hamblin, 1981; Fernandez, 1992) or in comparison with the average yield (Fischer and Maurer, 1978; Fernandez, 1992). More recently, to overcome limitations of using various indices per se Thiry et al. (2016) proposed a new method based on a scoring scale involving a combination of previously developed stress indices. This new method offers a simple way to identify best or worst crop genotypes within a population, in terms of resilience of stress and production capacity. In addition, identified contrasting genotypes are essential prerequisites for investigations of the possible roles of specific traits in genotypic responses to stress conditions.

Here, we used an automated high-throughput plant phenotyping facilities to investigate maize morpho-physiological responses to optimal, limited nitrogen supply, limited water supply and combined nitrogen and water stress during vegetative growth (before tasseling). In this study we focused on the measurements done at the phase of maximal water stress and at the end of the cultivation period with two main objectives: (i) to identify reliable and useful image-based traits for mid-season biomass accumulation in each treatment and (ii) to identify contrasting genotypes in a terms of biomass productivity for each stress type with image-derived and manually measured traits contributing to stress tolerance.



MATERIALS AND METHODS

Plant Material

Twenty temperate maize inbred lines (ILs) were selected for the experiment. The selection of the 20 ILs was done so as to represent a set of public and commercial lines with variation in terms of tolerance to abiotic (mainly drought) stresses. ILs B73 (IL1), A632 (IL2), and Mo17 (IL3) have been chosen as some of the most famous representatives of public sector inbreds. These historical inbreds are widely recognized as sensitive to drought. V-273 (IL4) is a commercial line developed at the Maize Research Institute Zemun Polje (MRIZP), Serbia and represents a prolific (multi-ear) version of B73 inbred. The IL4 is still being used as a female parent in several MRIZP hybrids and under heat and/or drought stress firing of leaves and lower yield potential may be expected. V-395/31 (IL5) is a public IL that has been used as a female parent in several MRIZP hybrids grown in Serbia during the 1970s. It has been developed from an old Yugoslavian population Vukovar and according to our knowledge is susceptible to drought. L 375/25-7 (IL6), L 325/75-2 (IL7), and L 335/99 (IL18) are most recently developed MRIZP elite ILs that are being used both as female and male parental components in several widely grown hybrids in Serbia and abroad. They show good general combining abilities and are known to be tolerant to drought during critical growth stages for water requirement. Genotypes TVA1415-1 (IL8), 727574 (IL9), TVA912-1 (IL10), PZS61 (IL11), ČK674/78-2 (IL12), TVA810-1 (IL13), RC109 (IL14), Vir44 PEP (IL15), UČ23 (IL16), S49 (IL17), TVA1736-1 (IL19), and TVA303-1 (IL20) are introduced ILs from the MRIZP Gene bank collection used for broadening genetic diversity of the elite MRIZP breeding material. They belong to a drought tolerant mini core collection that was established after screening of entire MRIZP Gene bank accessions for drought tolerance for 2 years (Vančetovć et al., 2010; Babić et al., 2011). Additionally, unique SNP mutations in the ZmMYBE1 gene, involved in the regulation of growth rate, plant height and photoperiod in maize (Jia et al., 2009), were found in inbreds IL9, IL11, IL12, IL13, and IL14 (Assenov et al., 2013). Further information on ILs used in this study such as maturity group, developmental or collection origin, and the germplasm pools they belong to is given in Table 1. All seeds used in this study were multiplied at MRIZP in a single year under non-stress conditions.

TABLE 1. List of the inbred lines used in this study and information of their maturity groups, the developmental origins, the sector/ownership and the germplasm pools they belong to.

[image: image]

Experimental Set-Up and Phenotyping

The experiment was performed in a climate controlled glasshouse of the Leibniz Institute of Plant Genetics and Crop Plant Research (IPK), Gatersleben, Germany. The automated phenotyping platform for large plants (Junker et al., 2015) was used to characterize 20 diverse maize ILs for their responses to nitrogen deficiency (N) and water stress (W), as well as combined nitrogen and water stress (N + W) imposed mainly during the vegetative developmental phase. Control treatment (C) involved adequate water and nitrogen supply. In each treatment, eight plants per IL were tested, which resulted in a total of 640 plants. To ensure phenological synchronization across ILs at the targeted stage when nitrogen and water stress were to be imposed (starting from around 6-leaf stage), a pre-study was performed to determine the phenology of ILs in greenhouse conditions. Information on the number of days to 6-leaf stage was used as covariate adjustment to group genotypes into subsets of similar phenology (early, intermediate and late, Table 1) for sowing at different times. Sowing of seeds was first done for late ILs, followed by ILs belong to intermediate and early vegetative groups at 3-day intervals. Sixty-four seeds per each IL were sown in small pots (one plant per pot) for germination and seedlings pre-culture.

On 17, 14, and 11 days after sowing of late, intermediate, and early vegetative groups, respectively, 32 visually uniform plants per IL were transplanted into larger pots. At the time of transplanting, plants had reached approximately the 4-leaf developmental stage. After transplanting, the pots were transferred into IPK’s automated plant phenotyping (IPK-APP) system for large plants placed in climate controlled glasshouse and ILs were grown for further 35 days more. At the time of stresses impose plants approximately reached 6- to 7-leaf developmental stage. At the time of maximum water stress plants were about from 9- to 11-leaf developmental stage in all treatments. At the end of experiment plants had approximately reached the 11- to 14- (in W and N + W) leaf developmental stage and 12-to 16- (in C and N) leaf developmental stage (see Supplementary Table 1 for leaf stage comparison between the ILs). Briefly, each genotype was replicated 8 times per treatment, with replicates arranged in blocks of two plants (each in an individual pot) and placed onto one carrier on a conveyor system throughout the glasshouse compartment for joint movement, imaging, watering and fertilizing. The conveyor system consists of 12 lanes each storing 33 carriers. To avoid position effects, carriers were shuffled lane-wise 2–3 times per week. Carriers were moved to three consecutive imaging boxes for visible imaging (VIS, 390–750 nm), fluorescence imaging (FLUO, excitation: 400–500 nm, emission: 520–750 nm) and near infrared imaging (NIR, 1450–1550 nm), using in each case top view and side view CCD cameras (with 22°, 45°, 112°, and 135° side views). Additionally, during the experiment the system was upgraded with a FluorCam device (Photon Systems Instruments, Brno, Czechia) for kinetic chlorophyll fluorescence analyses (Tschiersch et al., 2017). The system also incorporates an automated weighing and watering unit for quantified delivery of both water and nutrient solutions to the plants throughout growth/measurement cycles. More details on the IPK-APP system and image acquisitions are given in Junker et al. (2015).

Growth Conditions

During pre-cultivation, plants were grown in small 9 cm diameter pots (one plant per pot) filled with IPK soil mixture composed of 40% (v/v) IPK self-made compost + 40% (v/v) substrate 2 (Klasmann-Deilmann GmbH, Geeste, Germany) + 20% (v/v) sand (for compost and substrate composition see Junker et al., 2015). After the seeds were sown, the pots were kept in a climatized glasshouse chamber and watering was performed manually to allow optimal germination and seedling establishment. Plants were transplanted and entered IPK-APP in 5.5 l pots filled with the IPK soil mixture mentioned above.

The temperature regime during the experiment was set to mimick Zemun Polje vegetative temperature which raised stepwise sequentially during the growth period starting with 20/15°C day/night during germination and pre-culture period, then 22/17°C day/night for 10 days and finally to 25/20°C day/night temperature for further 25 days. During the entire cultivation period relative air humidity was set to a minimum of 65% and the light period was set to 16 h (06:00–22:00 h). For supplemental illumination SonT Agro high pressure sodium lamps (Philips, Amsterdam, Netherlands) were used to achieve an average total illumination of approx. 350 μmol m-2 s-1 PAR.

Plants were fertilized once at the beginning of the experiment (at 3 days after transplanting (DAT 3)) with a 75 ml solution containing 0.1% Wuxal® Super (8% [w/w] nitrogen, 8% [w/w] P2O5, 6% [w/w] K2O, and micronutrients, MANNA). To realize two nitrogen levels different fertilizer solutions were applied once per week in next 4 weeks (at DATs 8, 15, 22, and 29). For optimal nitrogen conditions (C and W) 50 ml of 0.5% Wuxal® Super fertilizer solution per pot was added, while for reduced nitrogen conditions (N and N + W) 50 ml of 0.03% Fetrilon®1-Combi (micronutrients without nitrogen, BASF) and 725 mg of KH2PO4 have been applied per pot. In total, 35 mg of nitrogen per pot was applied in optimal nitrogen conditions and 15 mg of nitrogen per pot in reduced nitrogen conditions.

In the C and N treatments, pots were watered daily to a target weight corresponding to 75% soil field capacity (SFC) from transplanting to DAT 35 (Supplementary Figure 1). The method for SFC determination was described in Junker et al. (2015). All carriers were weighed every day and the reduction of weight from 1 day to the next was used to calculate the amount of water lost from the soil. The standard cultivation protocol for maize at IPK-APP includes the use of blue cover material (rubber mats) for facile top view image segmentation and reducing water evaporation from the soil. In W and N + W treatments water stress was initiated at DAT 9 by cumulative soil drying to 20% SFC (DAT 22) and then raised to 30% SFC and kept at this level till the end of the experiment (Supplementary Figure 1).

Image-Derived Plant Traits

Plants were imaged daily starting from 2 days after transplanting (DAT 2) to the end of the experiment (DAT 35). The Integrated Analysis Platform (IAP) was used for image (pre-) processing and automated feature extraction (Klukas et al., 2014). The multi-sensor setups at IPK (VIS, FLUO, NIR, FluorCam) support the assessment of around 200 traits corresponding to plant architecture, plant colorization, plant water content, or levels of fluorophores, as well as efficiency of photosystem II. In this study we focus on 25 phenotypic traits (extracted from images of each individual carrier) selected (i) to support biological interpretation of plant growth, (ii) to belong to different trait categories (Supplementary Table 2) and (iii) to show significant genotypic and/or treatment effects (Supplementary Table 3).

Selected image-derived traits could be broadly classified into three categories: architectural (length, area, shape, structure), physiological (fluo-based and color-related traits) and biomass-related traits. Detailed information for image-based trait definitions and details of trait extraction are shown in Supplementary Table 2. We here refer to their names and codes which will be used through the manuscript: side area (PSA), top area (PTA), side compactness (SCom), top compactness (TCo), convex hull area (CHA), solidity (Sol), surface coverage (SCov), caliper length (CLe), roundess (Rnd), plant height (PHg), plant width (PWd), leaf count (LCn), leaf width (LWd), leaf length (LLn), estimated biovolume (EBv), fluorescence intensity (FI), photosystem II efficiency (PSII), yellow to green (Y2G), brown to green (R2G), red to green (R2G), red color value (RGB_r), green color value (RGB_g), blue color value (RGB_b), Lab color a (Lab_a), and Lab color b (Lab_b). Although images from all standard modules (visible, fluorescence, and near-infrared) were available, we mainly used VIS images for selected traits. The static bulk fluorescence (IF) value was obtained from FLUO imaging (Junker et al., 2015) and pulsed amplitude modulated fluorescence parameters (PSII) from the FluorCam (Tschiersch et al., 2017) modules, respectively. Traits were derived from top or side view (averaged across different angles), or combined, as in a case of EBv [calculated as a volume from side and top view areas (Klukas et al., 2014), and can be used as a proxy for estimated biomass].

In this study we focused on the measurements done at the end of the experiment (DAT 35) for architectural and biomass-related traits. However, color-related traits were evaluated at the time of maximum water stress (DAT 22) as a previous study in barley (Neumann et al., 2015) showed that values of color-related traits were more different compared to that of the control plants during the water stress period than after re-watering. Obtained color-related traits data in this study also showed higher distinction among treatments at DAT 22 (when SFC was 20%) compared to DAT 35 when SFC was 30% (data not shown). The FluorCam device used for photosystem II operating efficiency (PSII) measurement became available at an advanced state of the stress treatment and was used once at DAT 23 (before watering applied that day, see Supplementary Figure 1).

Manual Measurements of Traits and Indices

An overview of measured trait/indice definitions and methods of their extraction are given in Supplementary Table 2. A day before the end of the experiment (DAT 34) relative water content (RWC) in the youngest fully expanded leaf of each plant was determined. At the end of experiment (DAT 35) plants were removed at the soil level for biomass fresh- (BFw) and dry-weight (BDw) as well as chemical analyses (relative carbon concentration, CC and relative nitrogen concentration, NC in dry matter). Only data for NC (%) was shown, as for CC there were no significant differences between genotypes and treatments (ranged 39.2–43.6% across genotypes and treatments). Stress- and biomass-related indices such as specific plant weight (SPW), water use efficiency (WUE), physiological nitrogen use efficiency (PNUE), resilience capacity index (RCI) and production capacity index (PCI) were calculated based on BDw. Manual measurements were later used to establish correlations with image-based phenotypes.

Identifying Contrasting Genotypes in Terms of Biomass Production Under Stress

To identify the degree of stress tolerance of different ILs used in this study we applied the screening method recently proposed by Thiry et al. (2016). Briefly, this new approach relies on the introducing of simple 10-grading (scoring) assesment for five stress indices previoulsly developed to evaluate drought adaptation: stress susceptibility index – SSI (Fischer and Maurer, 1978), stress tolerance index – TOL (Rosielle and Hamblin, 1981), mean productivity index – MP (Rosielle and Hamblin, 1981), geometric mean productivity – GMP (Fernandez, 1992) and stress tolerance index – STI (Fernandez, 1992). The calculations of stress indices are based on grain yield (in present case on a biomass dry matter basis) per se under stress and non-stress conditions. Once obtained, score indices have been classified within two new scales called RCI and PCI. New indices RCI (average indice score of SSI and TOL) and PCI (average indice score of MP, GMP and STI) were used to classify ILs in the different response groups (from A to D) according to the concept developed by Fernandez (1992). Contrasting groups A (high resilient/tolerant and high productive ILs) and D (low resilient/tolerant and low productive ILs) were compared for image-based and manually measured traits.

Data Analysis

The data from phenotyping platform are used to determine the overall importance of the factors like genotype, treatment and their interaction for the observed digital and manual traits, follows a Gaussian linear mixed model which formulated for each trait separately: y = Xβ + Zu + 𝜀, where y is the response variable with n observations of a given continuous trait, X and Z are design matrices of fixed and random effects, respectively; β and u are the estimated and predicted parameters of the fixed and random effects in the model; 𝜀 is the vector of the random errors associated with the response variable. The effects of the replication in the model was treated as fixed while the effects of genotype, treatment and the interaction as random effects. For the random terms in the model the normal distribution is assumed with E(u) and E(𝜀) equal to zero and variance-covariance matrices G and R side of the model. In order to ensure the reliability of the models, the AOM algorithm based on the Studentized residuals for the detection of the anomaly or extreme observations along with diagnostic plots were used. The significance of the fixed effect model term was assessed using Wald test, whereas the significance of the random term by likelihood ratio (LR) test. In order to account for different precision of the treatment conditions, we fitted two competitive models for each response variable: (i) with homogeneous residual error variances across the treatments and (ii) with heterogeneous residual error variance across the treatments. The selection among the competitive models was made according to Akaike Information Criterion (AIC). The model with the lower AIC value was selected. In addition, the random effects (i.e., the BLUPs) of the genotypes were predicted in each treatment and used for all subsequent analyses.

The measures of descriptive statistics, box-plot as well as the Person linear correlation coefficients among the observed traits were used. Furthermore, the correlation network map based on the matrix of Person linear coefficients was constructed to visually identify the correlation pattern that is not observable in a symetric correlation matrix (Ursem et al., 2008). In a correlation network map, the traits represent variables as nodes which are connected by edges, whose width is proportional to the strength of the correlation. Based on the REML estimates of the variance components of random terms, the sample-basis heritability (h2) of the traits is estimated using the following equation (Holland et al., 2003): h2 = [image: image]/[image: image], where is [image: image] – estimated genetic variance; [image: image] – total phenotypic variance expressed as the sum of [image: image] – genetic variance component, [image: image] – genotype × treatment variance component and a [image: image] error variance.

In order to interpret the importance of the traits on biomass in two treatments, the multivariate regression approaches were used. Due to previously observed high correlations among the traits which are considered as the predictors (j = 1, …, k) of the biomass variation, we fitted two alternative shrinkage/penalized regression approaches known as the ridge regression (RR) model (Hoerl and Kennard, 1970) and the Least Absolute Shrinkage and Selection Operator (LASSO) regression model (Tibshirani, 1996). In the RR model, the minimization of the residual sum of squares is based on the following equation:

[image: image]

where λ ≥ 0 is the complexity parameter which controls the amount of the shrinkage, and [image: image] is the ridge penalty function (Hastie et al., 2009).

The LASSO model uses a different type of penalty function and minimizes the residual sum of squares based on the following equation:

[image: image]

where [image: image] is the LASSO model penalty function (Hastie et al., 2009). In contrast to RR model penalty function, the LASSO model penalty function enable an efficient shrinking of some of the regression coefficients (i.e., [image: image]) to zero. Thus, the LASSO model usually results into sparse models that are easier to interpret. For RR and LASSO models, the optimal value of the complexity parameter was estimated by fivefold cross-validation.

Diagrams were used to group the ILs in terms of RCI and PCI into four groups (from A to D). The diagram axes were generated by the means of all ILs and the values of each IL distributed into quadrants. Means between contrasting groups A and D were separated by t-test. The two-way table of genotype-by-treatment predictions for biomass data was analyzed by the interaction AMMI model (Cornelius et al., 2001). The table was double-centered such that each genotype (gi) biomass in each treatment (tj) value has an interaction value (tgij), i.e., yij -ȳi. -ȳ.j + ȳ.. where yij – is the effect of i-th genotype in j-th treatment; ȳi. – effect of i-th genotype; ȳ.j – effect of j-th treatment; ȳ.. – overall mean. The singular value decomposition method was used to derive the hypothetical parameters of the AMMI model. The derived hypothetical parameters are displayed on two-dimensional biplot graph (Bradu and Gabriel, 1978).

All computations and data visualizations were accomplished within the R computing environment (R Core Team, 2019). The mixed model analyses were conducted with the ASReml software (Gilmour et al., 2009).



RESULTS

Trait Performance and Estimation of Variance Components

For all architectural (except Rnd) and biomass-related traits means were the highest in C, followed by N, then by W and N + W (Supplementary Table 4). The same stands for fluorescence-based traits (FI and PSII). Average reduction of architectural, biomass-related and flourescence-based traits due to nitrogen stress (N), water stress (W), and combination of nitrogen and water (N + W) stress was 3.2% (ranged 0–7%), 19.3% (ranged 1–44%), and 21.8% (ranged 1–46%) (Supplementary Table 4). In all stress treatments the highest percentage reduction was found for BDw (ranged 7–46%), followed by EBv (ranged 7–42%), and BFw (ranged 6–38%). The lowest percentage reduction associated with applied stresses was found for Rnd (ranged 0–1%) and Sol (ranged 0–4%). For color-related traits (except RGB_g) means in N + W and W treatments were higher compared to control conditions (C), while differences between N and C were mostly marginal. Color ratios (Y2G, B2G, and R2G) of stressed plants under W and N + W had highest change of means among all image-based and manually measured traits compared to control plants (ranged from 0.5- to 4.5-fold increase).

Boxplots illustrating the phenotypic distributions within treatments for each image-based and manually measured trait are provided as Supplementary Figures 2, 3, respectively. Considering coefficient of variation (CV), most of the studied traits showed relatively low (5–10%) and moderate (10–20%) variability within treatments (Supplementary Table 5). High variability (at least 25% in any of the treatments) was determined for B2G and TCom, with R2G being by far the most variable trait (varying from 55 to 83% for different treatments). Very low variability (<5%) in each of the treatments was exhibited by color-related traits Lab_a, Lab_ b and RGB_g as well as RWC. For most of the traits CV was similar among the treatments. However, there were several exceptions. Variability of PSII, color ratios and RWC were increased in conditions with water stress (W and N + W) compared to conditions where water stress was not applied (C and N). On the other side, variability of biomass-related traits BFw, BDw and SPW was gradually declined with increasing the level of stress.

Highly significant (P < 0.001) REML variance components of treatment, genotype and interaction effects were obtained for almost all image-based and manually measured traits (Supplementary Table 6). The only exceptions were Sol in a case of treatment effect (P > 0.05) and RWC in a case of genotype effect (P < 0.01). Studied traits showed variable genotypic and treatment effects and their interactions (Figure 1 and Supplementary Table 6), with dominant effect of treatment for 12 image based traits such as RGB_g (89%), Lab_a (85%), EBv (83%), PTA (81%), etc. Genotype was accounted for most of the variation for twelve image-based traits, being highest for Sol (91%), LLn (89%), SCov (88%), Lab_b (87%), FI (86%), etc. The only trait with dominant interaction effect was R2G (41%). Variation of all manually measured traits was dominated by treatment effect. Heritability (h2) was generally slightly higher for image-based traits than for manually measured traits (Supplementary Table 6). Highest heritabilities (over 0.96) were found for some architectural traits such as TCom, Sol, SCov, and LLn, as well as FI and Lab_b. Lowest heritabilities were obtained for some physiological traits such as RGB_g (0.56), RWC (0.63), NC (0.70), and R2G (0.73), as well as PTA (0.74).
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FIGURE 1. Relative contribution of the variance components (estimated by REML model) to the phenotypic variance of image-based and manually measured traits.



Major Correlations Between Image-Based and Manually Mesured Traits

Networks visualizing phenotypic (r) correlations among all studied traits in four treatments are given in Figure 2. Several manually measured traits showed distinct relationships with image-derived traits regarding different treatmans. For example, NC had significant correlations with image-derived traits only in treatments with water stress, while the oposite was true for RWC and SPW. In general, higher number of significant correlations between image-derived and manually mesured traits were found in non-water stress treatments (C and N) than in treatments with water stress (W and N + W) (Supplementary Tables 7–10). Significant positive correlations were observed between two types of biomass measurements (BFw and BDw) and image-derived estimated biovolume (EBv) in all treatments, with the highest in C (r = 0.753 and 0.793, respectively), followed by N (r = 0.632 and 0.635, respectively), then W (r = 0.613 and 0.545, respectively) and N + W (r = 0.615 and 0.537, respectively). Further image-derived biomass-related traits, PSA and PTA, respectively, showed relationships with BFw and BDw in a similar patterns like EBv. BDw had also strong positive relationships with CHA, Cle, and PHg, but only in C and N treatments. Apart from BFw and BDw, EBv had significant positive correlation with WUE (in all treatments) and SPW (only in C and N).
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FIGURE 2. Phenotypic correlation networks among 25 image-based and six manually measured traits in control (A), nitrogen stress (B), water stress (C), and combination of nitrogen and water stress (D) treatment. Full and dotted lines represent positive and negative correlations, respectively. Line width is proportional to the strength of the correlation. Red, yellow, orange, and blue nodes represent manually measured traits, biomass-related traits, architectural traits, and physiological traits, respectively.



Variable Selection

To define a subset of image-derived traits that contribute to BFw and BDw as dependent variables in the model, LASSO and Ridge regressions were applied. These techniques were chosen to avoid the problem of the high degree of the multicollinearity as indicated by high correlation coefficients (r) among predictors (image-derived traits) (see Figure 2 and Supplementary Tables 7–10). In this study, we focused on the results from the LASSO model selection approach as results from the two different methods were well consistent and led to similar conclusions. Results from the Ridge regression are provided as supplementary material (Supplementary Table 11). The LASSO estimates of the contributors to BFw and BDw in each treatment among 25 image-based traits are presented in Table 2. The number of non-zero coefficients for BFw was highest in C and N (both 12) and the lowest in W and N + W (both nine). Contrary to this, for BDw the highest (13) and the lowest (8) number of non-zero coefficients were obtained for W + N and C, respectively. In general, biomass-related traits such as EBv and PTA showed to be among the most significant contributors to BFw and BDw in each treatment. Further traits that were contributors in each treatment were color ratios (Y2G and B2G) and PSA for BFw, and SCom, B2G and Lab_b for BDw. However, several traits showed distinct patterns of trait importance between tretments. Namely PSII, Lab_a, Sol, and RGB_b had non-zero coefficients for BDw in water stress treatments (W and N + W), but not under mild (N) or non-stress (C) conditions. The same is true for PSII, Lab_a and Rnd in a case of BFw. On the other hand, Cle and SCov were significant contributors for BFw and BDw, respectively, only in control treatment. Several image-based traits such as CHA, PWd, FI, and RGB_g were not substantially important for BFw and BDw in any treatment.

TABLE 2. Estimated coefficients from the LASSO applied to the biomass fresh and dry weight.
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Identification of Stress-Adapted Genotypes Within the Investigated Population

As a first step toward selection of stress-adapted genotypes, we used five stress-tolerance indices (SSI, TOL, MP, GMP, and STI) based on dry biomass weight to summarize the genotypic response to the applied stresses (Supplementary Tables 12–14). In the next step, for each of the five indices a simple 10-grading (scoring) assesment of ILs was applied to obtain RCI and PCI (Supplementary Tables 15–16). Distribution of ILs in terms of variation in RCI and PCI was used to construct a diagram, showing the separation of the ILs into four groups from A to D (Figure 3 and Supplementary Table 17) of differential response under stress conditions according to concept of Fernandez (1992). Groups A (best genotypes-high tolerant and high productive) and D (worst genotypes- low tolerant and low productive) represent the extremes, which are in the focus of this study. We looked for statistical difference between average values of digital and manually measured traits for groups A and D in each stress treatment and control (Table 3).
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FIGURE 3. Distribution diagram of twenty maize inbred lines (ILs) into four different response group (from A to D) according to their variation in resilience capacity index (RCI) and productive capacity index (PCI) calculated for nitrogen stress (N), water stress (W), and combination of nitrogen and water stress (N+W) treatments.



TABLE 3. Comparison of best (A) and worst (D) inbred lines based on their productivity and tolerance under stress (A, high productivity and high tolerance; D, low productivity and low tolerance).
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In the N treatment, the five ILs of group A (IL4, IL6, IL9, IL13, and IL19) had significantly higher EBv, BFw, BDw, PNUE and SPW than the four ILs of group D (IL3, IL5, IL17, and IL20). In the W treatment, the five ILs group A (IL6, IL7, IL13, IL16, and Il19) showed significantly higher PSA, PTA, SCov, EBv, DFw, BDw, SPW, and WUE than the five ILs of group D (IL1, IL3, IL5, IL17, IL20). In the N + W treatment, group A consisted of four ILs (IL6, IL7, IL13, and IL19) that had significantly higher PTA, Sol, EBv, DFw, BDw, SPW, WUE, and RWC than the three ILs of group D (IL1, IL3, and IL17). The differences expressed under the stress treatments between groups A and D were not observed in control treatment for any trait. Genotype × treatment interaction analysis for dry weight showed to be highly consistent with the classification of the ILs into the four groups (Figure 4). ILs placed in the left upper quadrant of the biplot can be regarded as stable since their vectors had no acute angles with vectors of any treatment (e.g., ILs 6, 7, 12, 15, etc.). These ILs were grouped in all treatments either in group A (marked as A–A–A on the biplot) or C (marked as C–C–C on the biplot). Three ILs placed in upper right quadrant (9, 1, and 4) appeared to be most adapted to mild stress (N). Most adapted to severe stress (W and N + W) conditions are ILs 10, 8, and 2. They were classified in group C in all treatments (C–C–C). In general, in the biplot the 20 ILs showed no grouping according to their origin, maturity group or gene pool. This was also not the case for five ILs (9, 11, 12, 13, and 14) identified to carry unique SNP mutations in MYBE1 transcription factor gene involved in drought stress tolerance pathways.
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FIGURE 4. Additive main effects and multiplicative interaction (AMMI) 2 biplot for 20 inbred lines (IL) based on measured dry weight in four treatments (C = control; N = nitrogen stress; W = water stress; N + W = combined nitrogen and water stress). Letters in brackets signify belonging of ILs to the different response groups (from A to D) according to their variation in resilience capacity index and productive capacity index calculated for N, W, and N + W treatment, respectively. Details of the inbred lines are provided in Table 1.





DISCUSSION

Expression of maize growth- and stress tolerance-related traits was monitored during the vegetative period from approx. the 4-leaf stage up to the 14-leaf stage by four types of imaging modules, visible (color), near-infrared, fluorescence (static bulk), and kinetic chlorophyll fluorescence (at one day). This multi-sensor setup supports the assessment of approx. 200 phenotypic traits and thus offers novel opportunities to gain knowledge of genetic determinants and mechanisms governing plant performance under challenging environmental conditions. However, it also imposes a substantial challenge with respect to the analysis of the large volume of data. In this study, we focused on 25 image-derived traits which are highly informative (showed genotype and treatment effects) and with biological meaning (can be used as a proxy for important agronomic features). The majority of the extracted traits were derived from RGB images (except two FLUO-based traits), which is by far the most frequently used imaging modality in phenotyping experiments (Ge et al., 2016). Color imaging can be used not only to assess growth status and biomass accumulation of plants but also their nutritional or health status, while fluorescence imaging detects chlorophyll and other fluorophores signals and can serve as a proxy for stress symptoms (Chen et al., 2014; Janka et al., 2018). Selected traits are broadly classified as of architectural, biomass-related and physiological type. For architectural and biomass related traits we focused on the values of the final measurement at the end of the experiment to correlate them with manually measured traits, including destructively determined fresh and dry biomass weight. However, for the traits that represent stress symptoms (i.e., color-related traits), data from the day of the maximum water stress were used instead, as these traits tend to change over time (Neumann et al., 2015).

While the applied water stress level built up rapidly and was quite severe, the applied nitrogen stress appeared to be in a mild and more chronic fashion (our intention was to obtain moderately reduced nitrogen growth conditions). In other words, under the low N treatment the plants ran more slowly into N-deficiency and had probably more time to adjust than in the case of water stress. This resulted in less observable phenotypic effect in the N treatment compared to W and N + W treatments. As expected, biomass-related traits were in general the most sensitive to applied stresses among studied image-derived traits, except for color ratios (Y2G, B2G, and R2G). Variance component analyses revealed that heritability of image-derived traits was high for most of them, with values of 0.56 and above, especially for architectural traits. Chen et al. (2014) also reported higher heritability of geometric and morphological than physiological traits obtained from digital images in barley. Biomass yield is a quantitatively inherited trait and its heritability tends to be low due to interactions with several other traits and a high environmental influence (Jackson et al., 1996). However, in this study the heritability of estimated biovolume, the proxy of biomass, was estimated to be rather high (80–84%), due to low interaction (genotype × treatment) effect. This is consistent with previous findings by Junker et al. (2015) and Muraya et al. (2017) in the same facilities, who found non-significant genotype × cultivation interaction for biomass in both smaller and larger panel of maize lines, respectively. High heritability of image-derived traits is promising to study the genetic architecture of maize plant growth (Muraya et al., 2017; Zhang et al., 2017).

The Pattern of Phenotypic Trait Correlations

The structure of phenotypic correlations including six manually measured was assessed at the end of the experiment. Consistent with previous studies in different crop species, the digital image-derived traits proved to be reliable estimators of manually measured traits (Humplík et al., 2015; Neilson et al., 2015). The correlation coefficients between estimated biovolume (biomass proxy) and measured fresh and dry weight obtained in this study were highly significant but a little lower, particularly under stress (ranged from r = 0.62 and 0.61 in combination of nitrogen and water stress to r = 0.75 and 0.79 in control treatment, respectively), compared to previously reported data in barley and maize (Chen et al., 2014; Honsdorf et al., 2014; Ge et al., 2016; Muraya et al., 2017). The correlation coefficient depends on the range of trait values displayed by the lines under analysis. In contrast to Muraya et al. (2017), the lines investigated in the present study have been pre-selected to enrich the elite MRIZP breeding material. The different composition of the panels and the assessment of the traits at a later developmental stage (at 50 days vs. 41 days of cultivation) well explains the lower estimates in our study, as the correlations become weaker at later growth stages when the difference in plant architecture of genotypes becomes more pronounced (Ge et al., 2016). Gradual decrease of correlation coefficients between image-derived and manually measured biomass with increasing stress intensity suggests that different physiological mechanisms and genes are involved in adaptation for higher stress (Banziger and Edmeades, 1997).

Phenotypic correlations within traits of the same category (i.e., architectural and biomass-related traits) were mainly high and positive, while physiological traits were either not correlated or negatively correlated with other traits. This is in accordance with Chen et al. (2014) who suggested that the variation in color-based traits has an independent genetic basis from other traits. As expected, estimated biovolume had the highest correlation coefficients with fresh and dry weight among image-derived traits in all treatments, followed by two other biomass-related traits, projected plant area from top and side view. Furthermore, these were the only image-derived traits significantly related with fresh and dry weight in W and N + W treatments.

Subset of Image-Derived Traits That Relate to Fresh and Dry Biomass

To identify the most important image-derived traits related to mid-season biomass accumulation for breeding purpose we applied two regression techniques that have been extensively used for model selections and feature reductions in machine learning literature and applications (Aloraini, 2017). As many predictors might have weak predictive value relative to the noise in the data, shrinkage would be appropriate for the stabilization of the estimates (Kruschke, 2015). In this study, the focus is on the results from the Lasso regression that performs feature selection along with shrinking coefficients, although data from the Ridge analysis, that keeps all variables in the model and shrinks the coefficients toward zero, was rather consistent.

In general, the number of identified non-zero coefficients by Lasso model for fresh and dry weight versus image-derived traits was higher than the number of significant simple correlations coefficients between the same group of traits, especially under more stressed treatments (W and N + W). Again, biomass-related traits (EBv, PSA, and PTA) were among the most important traits both for biomass measurements in all treatments. Under severe stress conditions (W and N + W) Lasso analysis identified several additional important physiological and architectural traits.

In water stress treatments photosystem II operating efficiency (PSII, a proxy for photosynthetic efficiency) was most important among all image-derived traits to distinguish genotypes with high/low fresh weight. For dry weight, PSII is the most important after EBv, PSA, and PTA. PSII was also among the top ranked traits for fresh and dry weight under severe stress (W and N + W) identified by Ridge analysis. PSII is based on pulse-amplitude modulated technique which allows early analysis of activity and regulation of photosystem II, even before visible symptoms of biotic and abiotic stresses become apparent (Humplík et al., 2015; Tschiersch et al., 2017). In Arabidopsis, severe drought stress has been shown to reduce PSII efficiency (Jansen et al., 2009). In contrast to PSII, the static bulk fluorescence parameter measured in this study (FI) was neither important for fresh nor for dry weight in any treatment. It may distinguish non-stressed and senescent leaves at later stages of stress progression as reported by Humplík et al. (2015). Along with the aforementioned traits also several architectural and color-related traits were involved in the Lasso models for fresh and dry weight in stress treatments. While architectural traits refer to shape, length or area of the whole plant or part of the plant, color traits may be related to physiological responses and to the degree of tissue damage. In severe stress treatments (W and N + W), the most important color-related trait for fresh weight was yellow to green (Y2G) color ratio, which may indicate the degree of wilting symptoms. This trait was reported to be the most sensitive to drought among several color traits in a study of vegetative biomass accumulation in barley (Neumann et al., 2015). Interestingly, Y2G appeared to be of some importance also in C or N conditions. In contrast to severe stress conditions, here, Y2G ratio was positively correlated with fresh weight. It might be related to a phenomenon called physiological leaf spotting or flecking, which is the mild, genetically determined spotting (lesion) commonly observed on the leaves of maize (Vontimitta et al., 2015; Olukolu et al., 2016) including line Mo17 (Zehr et al., 1994) and in several other cereals (Nair and Tomar, 2001; Behn et al., 2004). Moderate coefficient of variation for Y2G ratio in the C treatment (over 11%) suggests genetic variation of this trait independent of stress.

The most important color-related trait for dry weight in all treatments was Lab_b. Despite low variation in all treatments (2.4–2.7%), significant differences of this trait were observed among the studied genotypes. Genotypes with high values of this trait (which indicate yellow color) tend to have low dry weight. Furthermore, Lab_b was top-5 ranked for dry weight by Ridge regression in all treatments, even higher than EBv. Lab_b was also among most important and top-ranked image-based traits for fresh weight, particularly in C and N treatments (in which Y2G was not so prominent). Thus, average color in the b∗ range (blue to yellow) of the L∗a∗b∗ color space (Ibraheem et al., 2012) can be regarded as overall the most useful among studied color-related traits to screen genotypes for vegetative biomass accumulation under different conditions.

While several traits (e.g., PTA, EBv, and B2G) were informative for fresh and dry weight in all treatments, others showed large differences in their importance for the two measures of biomass: The aforementioned Y2G may be important for predicting fresh weight but not for dry weight, whereas side compactness (SCom) showed the reverse. In general, decreased plant height and plant width, thus higher SCom, was in negative correlation with dry weight in all treatments.

Other architectural traits detected by both analyses as being important for dry weight only in stress treatments, were all related to leaf traits (LCn and LLn): Maize plants with few (LCn) but long leaves (LLn) tended to have high dry weight, which is in agreement with the recent indication of leaf length as one of the key aspects (along with leaf angle, curvature and dark green color) for ideotype-based maize breeding (Zhang et al., 2017). The relation of leaf number with biomass observed in stress treatments but not in C conditions may be linked to variation in developmental progression among the investigated genotypes: While at the time of transplanting the maximum difference in leaf number genotypes was only 0.8, it was almost four leaves at the end of the experiment in each treatment. Thus, more rapidly developing genotypes were exposed to the stress during more advanced stages. Actually, few of the genotypes were at reproductive stage (tasseling) at the end of the experiment, which is often considered more sensitive to abiotic stress than vegetative stage (Çakir, 2004; Walsh et al., 2012) and flowering time as a key to local environmental adaptation (Li et al., 2016). Solidity (Sol) is another leaf trait found to be important for identifying genotypes with high dry weight accumulation under severe stress conditions (W and N + W), but not in mild stress (N) or non-stress conditions (C). This trait measures the degree of leaf area coverage and can be used as a proxy trait of the agronomic measure of LAI (Neilson et al., 2015). LAI (leaf area per unit growth area) is a key determinant of radiation interception, biomass accumulation and yield in maize (Lindquist et al., 2005; Lukeba et al., 2013). In contrast to Sol, PHg was important for measured biomasses only under C and N, but not under severe stress (W and N + W). These findings are in accordance with Chen et al. (2018) who suggested that image-based phenotypic traits reflect differences in underlying determinants of plant biomass subjected to various growing conditions.

Comparing Contrasting Inbred Lines for Image-Derived and Manually Measured Traits

To further investigate which image-derived trait might be of interest for maize breeders and researchers regarding mid-season stress adaptation, we first classified the genotypes in terms of yield formation (here dry biomass production) under stress and then searched for image-derived and manually measured traits with significant differences among the groups. Classification into four different response groups (from A to D) was done for each treatment according to Thiry et al. (2016) by analyzing the RCI, in terms of dry biomass decrease of ILs under stress within a population, compared to non-stress conditions, and the PCI, in terms of mean production of ILs under both stress and non-stress conditions within a population. With the assumption that contrasting groups A (best ILs with a high value in both indices) and D (worst ILs with a low value in both indices) would differ in traits underlying stress adaptation, they were interrogated for traits with significant differences in expression.

In the N treatment, groups A and D significantly differed for two image-based traits (EBv and CLe) and three manually measured traits (BDw, SPW, and PNUE), in all cases in favor of the best ILs. Since indices RCI and PCI were based on dry weight, the difference between groups A and D in biomass-related traits (EBv, SPW, and BDw) was expected. CLe describes the maximum diameter of the plant which is very informative (Honsdorf et al., 2014) as plants with a large diameter cover a larger area, tend to be bigger, have a higher growth rate and a higher biomass than plants with a smaller diameter. Also both regression analyses indicated this trait as important for dry weight in the N treatment. The detected image-derived traits will be suitable for high-throughput measurement of varietal differences in dry matter accumulation and nitrogen use efficiency at the vegetative stage. This could be advantageous as it is unaffected from additional variables affecting (seed) yield in later stages such as number of grain per ear and mass of 1000 grains (Namai et al., 2009) and can help in speeding up the phenotyping process for testing hybrids as well as inbreds (Ciampitti et al., 2012).

In the water stress treatments (W and N + W), all biomass-related traits (except PSA in N + W treatment) significantly differed between groups A and D and WUE was significantly higher in the A vs. the D group. Along with drought tolerance, WUE is one of the two primary mechanisms of adaptation to water deficit (Condon et al., 2004). The biomass-related image-derived values are among the strongest criteria for identifying plants with high resilience and high productivity under severe stress. In addition, the architectural trait surface coverage (SCov) was also significantly higher in the best ILs compared to the worst ones in the W treatment. SCov can be used as a proxy for LAI, particularly when plants were subjected to water-limiting conditions (Neilson et al., 2015). Contrary to SCov, two previously discussed image-based traits Sol and PSII appeared to make substantial difference between the two contrasting groups in N + W treatment, but not in W treatment. Also, RWC is significantly different between A and D group only in combination of nitrogen and water stress, but not in water stress solely. These differences between W and N + W stresses are in accordance with the well-known fact that the response of plants to a certain combination of stresses is unique and cannot be directly extrapolated from the response of plants to individually applied stresses (Mittler, 2006; Humbert et al., 2013).

Interestingly, when contrasting groups from particular stress treatments were compared in control conditions, only Y2G of all studied traits appeared to be significantly different between groups. In stress-free conditions, the best ILs from each stress treatment had significantly lower Y2G than the worst ILs. As mentioned before, Y2G might be affected by naturally occurring mild leaf spotting, which is possibly related to disease resistance (Vontimitta et al., 2015; Olukolu et al., 2016), but which could also lead to reduced growth and to a yield penalty (Todesco et al., 2010; Olukolu et al., 2016).

Adaptation and Biomass Yield Stability of Inbred Lines Across Treatments

Finally, we used the AMMI method with two principal components to identify stable ILs with their adaptation behavior in a graphical manner. Stability refers to the ability of the genotype to perform consistently, both with high or low yield levels in multiple environments, while adaptability refers to a genotype that produces high yields in specific environmental conditions and poor yields in another environment (Annicchiarico, 2002). Several ILs (ILs 6, 7, 13, 15, 18, and 19) can be regarded as stable. Both, commercial and public lines are present in this group. In general, obtained results for W treatment to a large extent correspond to the classification of used ILs to tolerant and drought-sensitive based on the 2-year identification results (ILs 9-20) or our knowledge (ILs 1-8). Namely, 10 out of 15 ILs previously determined as drought tolerant express uniform superiority in both drought and non-stress conditions (group A) or had a relatively higher biomass yield only under stress (group C). Furthermore, two public ILs known to be drought susceptible B73 (exhibits top-fire) and Mo-17 (barrenness under drought) (Chang et al., 2018) had good performance only in control (C) and not under drought condition (W) or express poor biomass performance in both drought and non-stress conditions, respectively. Three ILs (9, 1, and 4) appeared to be most adapted to mild stress (N), as their yield was high (only) under nitrogen stress but poor under water stress or under combination of nitrogen and water stress. Inbreds 9 and 1 are public, while IL 4 represents a prolific (multi-ear) version of the B73 inbred (IL1). A prolific version of B73 with higher average productivity than its original, has previously been found to be drought sensitive (Chen et al., 2012). In recent study with 98 Expired Plant Variety Protection Act-certified germplasm for genetic diversity of nitrogen use traits B73 exhibited high nitrogen use and utilization efficiency (Mastrodomenico et al., 2018). On the other hand, Mo-17 showed low physiological efficiency of plants to produce grain utilizing the plant N accumulated when grown without N fertilizer. This is well in accordance with our study since B73 and Mo-17 were classified in group A (most adapted to nitrogen stress) and group D (most sensitive to nitrogen stress), respectively. Furthermore, these two inbreds have different response to drought and nitrogen stress and combined well sa a hybrid (Hallauer et al., 2010). In general, the intermated B73-Mo17 recombinat ILs with high B73 composition had better performance under low nitrogen stress than the ones with high Mo-17 composition (Sen et al., 2015). Most adapted to severe stress conditions are ILs 10, 8, and 2, all from the public domain. They were classified in group C in all treatments (C–C–C). However, it can be noted that some of the ILs (e.g., 12 and 15) with high biomass yields only under stress treatments (C–C–C) were rather grouped among stable ILs than among ILs adapted to severe stress. This could be due to a low discriminatory power of the method (Thiry et al., 2016) to distinguish genotypes from the A and C groups and it has been suggested that genotypes from both A and C groups should be considered for selection for abiotic stress tolerance and suitable yield performance. In this regard it will be important to investigate how well the categorization of the inbreds achieved in this study using the phenotyping experiments in the controlled environmental condition matches with their classification based on field data (i.e., to assess the value of the controlled environment phenotyping data to identify lines performing well in stress conditions in the field). Thus, future work will involve the use of data from ongoing field trials to investigate the value of high-throughput image-derived traits collected and analyzed as described in this study.



CONCLUSION

High-throughput plant phenotyping becomes more and more widely used in plant breeding. Image analyses provide the opportunity to study new traits which we weren’t able to measure manually, but with challenge to recognize most realible and useful biological traits. In this study, we identified several color-related traits and kinetic chlorophyll fluorescence (PSII) that might be relevant features informative of biomass production ability in maize, particularly under severe stress conditions. In addition, architectural traits related to a greater leaf area were found to provide good discrimination of resistant cultivars to abiotic stresses which are assumed to better perform under climate change scenarios. Our future work is planned to be on translating the results and predicting the effect of traits obtained from experiments under controlled greenhouse conditions to field environments.
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The improvement of crop productivity under abiotic stress is one of the biggest challenges faced by the agricultural scientific community. Despite extensive research, the research-to-commercial transfer rate of abiotic stress-resistant crops remains very low. This is mainly due to the complexity of genotype × environment interactions and in particular, the ability to quantify the dynamic plant physiological response profile to a dynamic environment. Most existing phenotyping facilities collect information using robotics and automated image acquisition and analysis. However, their ability to directly measure the physiological properties of the whole plant is limited. We demonstrate a high-throughput functional phenotyping system (HFPS) that enables comparing plants’ dynamic responses to different ambient conditions in dynamic environments due to its direct and simultaneous measurement of yield-related physiological traits of plants under several treatments. The system is designed as one-to-one (1:1) plant–[sensors+controller] units, i.e., each individual plant has its own personalized sensor, controller and irrigation valves that enable (i) monitoring water-relation kinetics of each plant–environment response throughout the plant’s life cycle with high spatiotemporal resolution, (ii) a truly randomized experimental design due to multiple independent treatment scenarios for every plant, and (iii) reduction of artificial ambient perturbations due to the immobility of the plants or other objects. In addition, we propose two new resilience-quantifying-related traits that can also be phenotyped using the HFPS: transpiration recovery rate and night water reabsorption. We use the HFPS to screen the effects of two commercial biostimulants (a seaweed extract –ICL-SW, and a metabolite formula – ICL-NewFo1) on Capsicum annuum under different irrigation regimes. Biostimulants are considered an alternative approach to improving crop productivity. However, their complex mode of action necessitates cost-effective pre-field phenotyping. The combination of two types of treatment (biostimulants and drought) enabled us to evaluate the precision and resolution of the system in investigating the effect of biostimulants on drought tolerance. We analyze and discuss plant behavior at different stages, and assess the penalty and trade-off between productivity and resilience. In this test case, we suggest a protocol for the screening of biostimulants’ physiological mechanisms of action.

Keywords: biostimulant, critical soil water availability (θc), drought resilience, night water reabsorption, physiological phenotyping, physiological trait correlation, productivity- resilience trade-off


INTRODUCTION

To meet the food-security demands of an increasing global population, crop yields must double by 2050 (Ray et al., 2013). Despite an increase in crop productivity in the last few decades, the increased rate is not expected to match the demand, mainly due to the negative effects of climate change (abiotic environmental stresses such as drought, temperature extremes and flooding) and degrading soil quality. In fact, commercially grown crops are expected to achieve, on average, only about 50% of their potential yield under field conditions (Hatfield and Walthall, 2015; Foyer et al., 2016). In the last three decades, vast research had been invested in improving plant responses to various stresses. Nevertheless, the bench-to-field transfer rate (ratio of patents to marketed commercial seeds) of abiotic stress-resistant crops is very low, due to the high complexity of dynamic plant–environment interactions (Graff et al., 2013; Dalal et al., 2017).


Physiological Phenotyping for Crop Improvement

The major gap between the successful breeding and yield improvement results from the unpredictable outcome of the complex genotype × environment interactions (Miflin, 2000; Moshelion and Altman, 2015). To date, the major obstacle to bridging this gap has been the lack of an efficient method for identifying and quantifying yield-related traits at early stages of plant growth across vast numbers of plants/genes (Moshelion and Altman, 2015, Negin and Moshelion, 2017). Another potential bottleneck is the genotype–phenotype gap. The availability of new molecular tools has enhanced the efficiency of classical breeding and crop improvement (Collard and Mackill, 2008; Spindel et al., 2015; Bhat et al., 2016; Gosa et al., 2018). To achieve meaningful results in drought tolerance, molecular approaches to crop improvement must be linked to suitable phenotyping protocols at all stages, such as the screening of germplasm collections, mutant libraries, mapping populations, transgenic lines and breeding materials, and the design of OMICs and quantitative trait locus experiments (Salekdeh et al., 2009). Thus, to improve crops and to meet the challenges ahead, the genotypic view and emphasis on genomics need to be balanced by a phenocentric approach with an emphasis on phenomics, to minimize the genotype–phenotype gap (Miflin, 2000). The development of a high-resolution, high-throughput diagnostic screening platform for the study of whole-plant physiological performance that serves for phenotypic screening might bridge this gap (Moshelion and Altman, 2015).

Indeed, the number of phenotyping facilities has increased dramatically in the last decade. Most of these facilities collect information using robotics and automated image acquisition and analysis (White et al., 2012; Fiorani and Schurr, 2013; Fischer et al., 2014; Kumar et al., 2015; Ghanem et al., 2015; Gosa et al., 2018). Nevertheless, the quest for more detailed and in-depth phenotyping of the dynamic genotype × environment interactions and plant stress responses (in particular during drought) has put the capability of the existing methods into question (Li et al., 2014; Ghanem et al., 2015; Rahaman et al., 2015; Halperin et al., 2017; reviewed by Gosa et al., 2018). Herein, we demonstrate a high-throughput functional phenotyping system (HFPS) composed of gravimetric systems that enable us to compare plants’ dynamic responses to different ambient conditions in dynamic environments, due to its direct and simultaneous measurement of the yield-related physiological traits of all plants under several treatments.



Phenotyping for Biostimulants in Drought Response

Apart from the traditional strategies to improve crop productivity under an uncertain environment and abiotic stress, an alternative approach is evolving. This approach considers the use of organic molecules, externally applied to the plant at low concentrations, to stimulate many aspects of growth and development, pathogen defense, stress tolerance and reproductive development. These organic molecules, collectively termed biostimulants, have become more and more common in the global market in the last two and a half decades (reviewed by Yakhin et al., 2017). Biostimulants have been defined in many different ways. In the scientific literature, the term biostimulant was first defined by Kauffman et al. (2007) in a peer-reviewed paper, with modifications: “biostimulants are materials, other than fertilizers, that promote plant growth when applied in low quantities” (reviewed by du Jardin, 2015). However, the definition of biostimulants adopted by the European Biostimulants Industry Council specifies that these materials should not function by virtue of the presence of essential mineral elements, known plant hormones or disease-suppressive molecules (Brown and Saa, 2015). Recently, biostimulants were defined by Yakhin et al. (2017) as “a formulated product of biological origin that improves plant productivity as a consequence of the novel, or emergent properties of the complex of constituents, and not as a sole consequence of the presence of known essential plant nutrients, plant growth regulators, or plant protective compounds.” However, due to their complex composition and diversity, biostimulants are classified differently by different research groups. Many categorize biostimulants based on the natural raw materials used, the origin of their active ingredients and modes of action, inclusion or exclusion of microorganisms, and/or mode of action of the biostimulant (Ikrina and Kolbin, 2004; Basak, 2008; du Jardin, 2012; Bulgari et al., 2015; Yakhin et al., 2017).

Biostimulants are used in all stages of agriculture, namely, in seed treatments, during plant growth, and postharvest. They are applied both as foliar sprays and through the soil. Biostimulants may function in various ways, as comprehensively summarized by Yakhin et al. (2017). Their mechanism of action may comprise activation of nitrogen metabolism or phosphorus release from soils, generic stimulation of soil microbial activity, or stimulation of root growth and enhanced plant establishment. They stimulate plant growth by enhancing plant metabolism, stimulating germination, improving photosynthesis, and/or increasing the absorption of nutrients from the soil, thus increasing plant productivity. Studies have shown a clear protective role of a diverse number of biostimulants against abiotic stress, as reviewed by Van Oosten et al. (2017). Nevertheless, and despite the extensive literature suggesting that biostimulants decrease the effects of abiotic stress (and in particular drought stress), information regarding their physiological mechanisms of action is limited. The large number of potential candidate biostimulants and the need to elucidate their particular modes of action, optimal concentrations, and types of application, create a substantial bottleneck in the research and development of new biostimulant products. High-throughput phenotyping technologies have been successfully employed in some aspects of plant breeding (Araus and Cairns, 2014; Tardieu et al., 2017), but their application to assess plant biostimulant action has been limited (Petrozza et al., 2014; reviewed by Rouphael et al., 2018), despite the potential benefits of using these technologies in biostimulant product screening (Rouphael et al., 2018).

In this study, we tested the effectiveness of physiological phenotyping for understanding the physiological “mode of action” of biostimulant activity on the whole plant’s drought response. We chose a seaweed-based biostimulant (ICL-SW), and an additional biostimulant (ICL-NewFo1) from the same company. The reason for choosing seaweed-based biostimulant is that it has been widely used in agriculture for decades and its role in improving plant health both under stress and non-stress conditions was reported many times (Battacharyya et al., 2015; Ghosh et al., 2015; Anand et al., 2018; Hurtado and Critchley, 2018). We chose the other biostimulant as a representative of additional important groups that are widely used for their activity and/or anti-stress properties (amino acids and polyols), and are present in different combinations in various commercial biostimulants (Przybysz et al., 2014; Popko et al., 2018; Xu and Geelen, 2018). We tested the impact of biostimulants on several quantitative yield-related physiological traits: transpiration rate, growth rate, and water-use efficiency (WUE). In this paper, we did not aim to look for the mechanistic effect of a certain product but to demonstrate the general concept of physiological screening involving drought treatment as well as biostimulants representing a general group, aiming to change the plant response profile relative to control pattern.




MATERIALS AND METHODS


Plant Material

The seeds of pepper (Capsicum annuum var. Rita) were obtained from Zeraim Gedera-Syngenta, Israel. For germination, the seeds were sown in a tray with 10-mL cones filled with commercial growing medium (Matza Gan, Shaham, Givat-Ada, Israel), composed of (w/w) 55% peat, 20% tuff and 25% puffed coconut coir fiber. The trays were well irrigated and kept in the same greenhouse (on side-tables) where the experiment was performed. When the seedlings were 4 weeks old, the growing medium was carefully washed off (to avoid root damage) the seedling roots and the seedlings were immediately transferred to 4-L pots filled with 20/30 sand (Negev Industrial Minerals Ltd., Israel). The numbers 20/30 refer to the upper and lower size of the mesh screen through which the sand was passed (20 = 20 squares across one linear inch of screen), resulting in a sand particle size of between 0.595 and 0.841 mm. The volumetric water content (VWC) of the freely drained substrate, noted as pot capacity, was ∼24% (for details, see section “Experimental Setup”).



The Physiological Phenotyping Platform

The experiment was conducted in June–July 2018 in a commercial-like greenhouse located at the Faculty of Agriculture, Food and Environment in Rehovot, Israel. The greenhouse temperature was controlled using fans that blow air through a moist mattress, keeping it below 38°C. The temperature and relative humidity (RH) were 21–38°C and 30–80%, respectively. The plants were grown under natural light (midday maximum of 1300 μmol s–1 m–2), representative values for natural conditions during the summer in the central part of Israel, including Rehovot. The temperature, RH, photosynthetically active radiation, barometric pressure and vapor pressure deficit in the greenhouse were continuously monitored by Plantarray meteorological station (Plant-Ditech Ltd., Israel).

The functional phenotyping system Plantarray 3.0 platform (Plant-Ditech) was used to monitor the plants’ performance during the entire experimental period by controlling the schedule and quantity of irrigation. This platform (Figure 1A and Supplementary Figure 1), which enables performing high-throughput physiological functional phenotyping, includes 72 units of highly sensitive, temperature-compensated load cells that are used as weighing lysimeters. Each unit is connected to its personalized controller, which collects the data and controls the irrigation to each plant separately. An independent controller for each pot enables tight feedback irrigation, based on the plant’s transpiration rate. Each controller unit is connected to its neighbor for serial data collection and loading to a server. A pot with a single plant is placed on each load cell (for more details, see section “Experimental Setup”). The data were analyzed by SPAC-analytics (Plant-Ditech), a designated online web-based software that enables viewing and analyzing the real-time data collected from the Plantarray system.
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FIGURE 1. Experimental setup. (A) View of the randomized experimental setup array consisting of 72 measuring units loaded with Capsicum annuum. (B) Block diagram of the system. Solid circles – well-irrigated plants; empty circles – plants subjected to the drought-recovery scenario. Green – ICL-SW-treated plants, orange – ICL-NewFo1-treated plants, blue – control (no biostimulants) plants. Note that all pot surfaces were covered to reduce evaporation, and irrigation was injected into the soil via multi-outlet drippers to ensure even distribution of fertigation and biostimulants (see Supplementary Figure 1).





Nutrition and Treatments

The composition of the nutrients supplied to the plants by the irrigation system (fertigation) is provided in Table 1. Two different commercial biostimulants were used: seaweed extract of Ascophyllum nodosum (ICL-SW) and a metabolite extract formula which is a balanced combination of natural plant active substances (ICL-NewFo1) (both manufactured by ICL Specialty Fertilizers, Holland). ICL-NewFo1 is a low concentration (less than 1%) mixture of amino acids (involved in internal antioxidant production) and polyol sugars (osmoprotectant) dissolved in mineral fertilizer. The biostimulants were prepared in two different containers that were placed on two additional load cells to precisely track their application. The biostimulants were provided to the plants together with the nutrients via the controlled irrigation system (Supplementary Figure 1). The biostimulant concentration and dosage were as per the manufacturer’s instructions: ICL-NewFo1 (3.53 mg/L) was provided daily and ICL-SW (0.133 mg/L) once a week.

TABLE 1. Nutrient composition of irrigation solution before 20% dilution.
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The experiment lasted 36 days and included two treatments: (i) ample irrigation (till pot reaches pot water capacity ∼0.25 cm3/cm3) that aimed to provide non-stressed conditions for the plants throughout the experiment (termed well-irrigated plants), (ii) controlled drought (days 13–30; for details, see section “Experimental Setup” below) preceded by a period of ample irrigation, noted as pretreatment (days 1–12), and followed by resumption of ample irrigation (recovery period) (see Figure 2B and section “Experimental Setup,” for details). The treatments included ICL-SW, ICL-NewFo1 or no biostimulants (control). Overall, we had six different experimental groups: three with ample irrigation (control–well irrigated, ICL-SW–well irrigated and ICL-NewFo1–well irrigated) and three groups subjected to drought (control–drought, ICL-SW–drought, and ICL-NewFo1–drought). Each of these groups consisted of 8–12 repetitions (plants) that were arranged in a randomized fashion on the array to ensure uniform exposure of all groups, thereby overcoming the inherent variations in ambient conditions (Figure 1B).
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FIGURE 2. Atmospheric conditions and experimental progress represented as system relative weight throughout the experiment. (A) Daily vapor pressure deficit (VPD) and photosynthetically active radiation (PAR) during 36 consecutive days of experiment. (B) Raw data showing variation in the weight of the plants (relative to their respective initial weight) over the course of the experiment. Each line represents one plant/pot. During the day, the plant transpires and therefore the system loses weight, seen as a slope in the line curves. The pots were irrigated four times per night (each time to pot capacity), seen as peaks in the line curves. The irrigation was followed by drainage to reach water saturation (nighttime baseline). Note that there is no weight loss during the night. The increase in the nighttime baseline (dashed line) every day results from an increase in plant biomass. During pretreatment, all of the plants were well irrigated; from day 13, half of the plants were exposed to differential drought to reach a similar degree of stress, while the other half continued to be well-irrigated till the end of the experiment. On day 31, the water-deprived plants were recovered and continued to be well-irrigated till the end of the experiment. The three colored lines represent a single plant from each of the three groups: blue line – untreated (with biostimulants) control plants; green line – ICL-SW-treated plants; orange line – ICL-NewFo1-treated plants. Note the different drought-response behaviors of the different plants. The inset figure presents system relative weight change of one plant/pot for two consecutive days.





Experimental Setup

The experimental setup was generally similar to Halperin et al. (2017) with some modifications. Briefly, before the start of the experiment, all load-cell units were calibrated for reading accuracy and drift level under constant load weights (1 and 5 kg). Sand was used as the growing substrate because (i) it is an inert substance (sand is free of any nutrients, helping to precisely understand the effect of any chemical applied externally through irrigation), (ii) it is easily washed off the roots (helping to study the roots after the completion of the experiment), and (iii) pot capacity is reached rapidly with a repeatable pattern after each irrigation (at the end of free drainage), helping to study the plants’ short-term resilience trait, noted as “night water reabsorption” (see section “Measurement of Quantitative Physiological Traits” for details). The sand in all of the pots was washed thoroughly several times prior to transfer of the seedlings. Each pot was placed into a Plantarray plastic drainage container on a lysimeter. The container fit the pot size to prevent evaporation. The container has orifices on its side walls at different heights to enable different water levels after drainage of excess water following irrigation. Evaporation from the sand surface was prevented by a plastic cover with a circle cut out at its center through which the plants grew.

Each pot was irrigated by multi-outlet dripper assemblies (Netafim, Israel) that were pushed into the soil to ensure that the medium in the pot was uniformly wetted at the end of the free drainage period following each irrigation event. Irrigations were programmed to run during the night in four consecutive pulses. A 2-h interval was maintained between the first irrigation pulse and the last three. This irrigation regime enabled determining the plants’ night water reabsorption, one of the traits indicating plant resilience (see section “Measurement of Quantitative Physiological Traits”). The amount of water left in the drainage containers underneath the pots at the end of the irrigation events was intended to provide water to the well-irrigated plants beyond the water volume at pot capacity. The associated monotonic weight decrease throughout the day hours was essential for the calculation of the different physiological traits by the data-analysis algorithms.

The drought treatment started on day 13 and ended when the plants’ daily transpiration had reached ∼65 mL per day on an average, i.e., ∼30% of the daily transpiration before the start of drought. At this point the plants showed severe dehydration phenotype with drooping turgor-less leaves (Supplementary Figure 2) when the recovery phase started with ample irrigation. To prevent rapid depletion of the water during the drought phase, gradual deficit irrigation was implemented. The irrigation at any day was 80% of the transpiration during the previous day. This irrigation regime was feasible owing to the Plantarray’s automated feedback irrigation system (Figure 2B) that enables to control irrigation for each pot in the array.



Measurement of Quantitative Physiological Traits

The following water-relations kinetics and quantitative physiological traits of the plants were determined simultaneously, following Halperin et al.’s (2017) protocols and equations implemented in the SPAC-analytics software: daily transpiration, transpiration rate, normalized transpiration (E), transpiration rate vs. calculated VWC using a piecewise linear fit, and WUE. Cumulative daily transpiration was calculated as the sum of daily transpiration for all 36 days of the experiment. The VWC in the sand medium was calculated by a mass balance between the system weight at pot capacity when free drainage ceases and its concurrent weight.

The estimated plant weight at the beginning of the experiment was calculated as the difference between the total system weight and the sum of the tare weight of pot + drainage container, weight of soil at pot capacity, and weight of water in the drainage container at the end of the free drainage. The plant weight at the end of a growth period (calculated plant weight) was calculated as the sum of the initial plant weight and the multiplication of the cumulative transpiration during the period by the WUE. The latter, determined as the ratio between the daily weight gain and the daily transpiration during that day, was calculated automatically on a daily basis by the SPAC-analytics software. Note that the WUE approached a constant value during the pretreatment period.

The plant’s recovery from drought was described by the rate at which the plant gained weight following resumption of irrigation (recovery stage). The physiological trait representing the plant’s transpiration recovery from drought was determined as the ratio between the slope of the daily transpiration increase during the recovery phase (recovery slope) and the slope of the daily transpiration decrease during the drought period (stress degree).

The night water reabsorption trait was determined as the difference in system weight between the end of the last and first irrigations of a given irrigation event (i.e., single night), representing the water absorbed by the plant during the very short period when transpiration is practically negligible. This calculation is based on the fact that the drainage of surplus water in sand is rapid and pot capacity is reached prior to the subsequent irrigation (Supplementary Figure 3). We considered the plants’ short-term water reabsorption capability during the recovery stage to be an additional physiological trait representing the plant’s resilience to drought. Note that the water reabsorption by the plant during the night hours was normalized to its weight.

The recovery stage lasted 6 days, after which the experiment was stopped. As pepper is an indeterminate plant, it did not reach its full yield capacity. Consequently, the experiment was terminated at this stage as the treatment conducted to that point had a direct effect on the existing fruit. The shoots and fruit were harvested from ∼10-week-old plants, irrespective of their size, in the early morning hours. The fresh shoot weight was calculated by the system as the difference in actual gravimetric weight between the day of shoot harvest at 0400 h (at the end of the last irrigation) and the following day at the same time. The fruit were collected from the harvested shoot and counted. The fruit and shoots (without fruit) were weighed when a constant weight had been reached during drying in a hot air oven at 60°C. The roots were collected from the pots, washed thoroughly to remove the sand particles, and dried in a hot air oven at 60°C until no further reduction in weight was measured, and finally weighed. The total dry plant weight is the sum of dry shoot weight, dry root weight, and dry fruit weight.



Statistical Analysis

The distribution of data was checked using the Shapiro–Wilk test and was found that not all data were normally distributed. Kruskal–Wallis (Wilcoxon) test, Steel–Dwass test and Wilcoxon pairwise test were used to compare groups. Heteroscedasticity (White) test was done for the distribution of residuals. With p-value > 0.05, linear regression was performed, or else Spearman’s rank correlation. All analysis was done using JMP Pro 14, Excel, and XLSTAT software. P-value of < 0.05 was considered as statistical significance.




RESULTS

A randomized experimental design was performed to quantitatively compare the impacts of two biostimulants (seaweed extract ICL-SW and metabolite formula ICL-NewFo1) on the plant’s key physiological traits. The effects of the two biostimulants were compared to controls (no biostimulant) under two irrigation scenarios: (i) well irrigated, and (ii) drought stress starting with a well-irrigated period, then a controlled drought phase and a successive recovery period (Figure 2B).


Biostimulants Affect Plant Water Loss

Daily transpiration increased gradually for all six groups during the well-irrigated period (pretreatment; Figure 3A). Conversely, daily transpiration and VWC in the pot gradually decreased throughout the drought period that started on day 13 of the experiment (Figures 3A,B, respectively). Daily transpiration and VWC increased sharply upon irrigation resumption on day 31 of the experiment (recovery period) (Figures 3A,B, respectively). The physiological drought point (defined as the soil VWC value that begins to limit transpiration rate [critical VWC, θcritical (θc)]) was determined for the plants subjected to drought (Figure 3C). A θc = 0.15 was obtained for the control and two biostimulant treatments, but due to the different pattern of VWC decrease in the ICL-SW-treated plants compared to the other two groups (Figure 3B), they reached θc on different days. The θc for the control and ICL-NewFo1-treated plants was reached on day 22.5, and on day 21 for the ICL-SW-treated plants (Figures 3B,C). The impact of drought on the daily transpiration rate pattern of the treated and untreated plants relative to that of the three well-irrigated groups is illustrated in Figure 3D for days 27–29, revealing that the ICL-SW-treated plants experienced a significantly lower midday (between 1200 and 1400 h) transpiration rate under drought but reached a significantly higher transpiration rate under full irrigation (Figure 3E). Under ample irrigation, the ICL-NewFo1-treated plants had intermediate transpiration rate between control and ICL-SW-treated plants, and a similar reduction in transpiration rate under drought (Figure 3E).
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FIGURE 3. Effect of biostimulants on plant transpiration. (A) Mean ± SE continuous daily whole-plant transpiration during the entire experimental period (36 days). (B) Mean ± SE calculated volumetric water content (VWC) of the water-deprived plants throughout the experiment. (C) Piecewise linear fit between transpiration rate and calculated VWC for the plants subjected to drought treatment. (D) Mean ± SE diurnal transpiration rate from 0600 to 1900 h during the late drought phase (day 27–29). (E) Mean ± SE transpiration rate for days 27–29 from 1200 to 1400 h. Blue bars – no biostimulant control plants; green bars – ICL-SW-treated plants; orange bars – ICL-NewFo1-treated plants. Solid bars – well-irrigated conditions; stippled bars – drought conditions. Groups were compared using Kruskal–Wallis (Wilcoxon) and Steel–Dwass test within the well irrigated and drought stressed groups separately, and different letters above bars represent significant differences. “*” indicates significant difference between a pair of groups compared using Wilcoxon pairwise analysis. For the line graphs of A, B, D, the p-values from Steel–Dwass test are in the Supplementary Tables 1–3, respectively. Each mean ± SE is from at least eight plants per group.





Biostimulants Enhance Biomass and WUE

Transpiration was normalized to biomass by using the calculated plant weight for the entire experimental period (36 days) for all six groups (Figure 4A). The rate of plant weight gain during the well-irrigated period (pretreatment) was similar for all six groups, and decreased during the drought period for the three drought-stressed groups. The rate of weight gain for the latter groups began to increase again during the recovery period (Figure 4A). Nevertheless, the higher rate of weight gain for the ICL-SW-treated plants during this latter period resulted in significantly higher dry shoot biomass than for controls at the end of the experiment, probably due to the cumulative effect of this trend (Figure 4B). The correlation between shoot dry biomass and cumulative daily transpiration, which is, in fact, the dry-weight-related WUE, was relatively high (R2 > 0.8) for both the well-irrigated and water-deprived plants (Figure 4C). Despite the fact that the transpiration rate of ICL-SW-treated plants was higher, their transpiration normalized to plant weight, E (Figure 4D), was similar to that of the untreated controls under well-irrigated condition. Here again, the ICL-SW-treated plants showed significantly lowest midday E under drought (in accordance with the transpiration rate, Figure 3E). The higher measured transpiration rates (Figure 3E) and higher dry shoot biomass (Figure 4B) for the biostimulant-treated plants compared to the controls under ample irrigation indicate an improvement in fresh weight-related WUE. However, this improvement (increase of ∼18% for ICL-SW-treated and ∼14% for ICL-NewFo1-treated plants) was not significant (Figure 4E).


[image: image]

FIGURE 4. (A) Mean ± SE calculated whole-plant weight during the entire experimental period. (B) Mean ± SE shoot dry weight, harvested at the end of the experiment. (C) Correlation between shoot dry weight and cumulative daily transpiration. (D) Midday mean ± SE E (transpiration rate normalized to plant biomass) for days 27–29 from 1200 to 1400 h. (E) Mean ± SE water-use efficiency (WUE). Blue bars – untreated (with biostimulants) control plants; green bars – ICL-SW-treated plants; orange bars – ICL-NewFo1-treated plants. Solid bars – well-irrigated conditions; stippled bars – drought conditions. Groups were compared using Kruskal–Wallis (Wilcoxon) and Steel–Dwass test within the well irrigated and drought stressed groups separately, and different letters above bars represent significant differences. “*” indicates significant difference between a pair of groups compared using Wilcoxon pairwise analysis. For the line graph of A, the p-values from Steel–Dwass test are in the Supplementary Table 4. Each mean ± SE is from at least eight plants per group. Heteroscedasticity (White) test was done (Supplementary Table 5) for the distribution of residuals in C. The test showed p-value > 0.05, therefore linear regression was performed.





Biostimulant Effect on Plant Resilience

The two considered traits for an estimation of the plants’ recovery from drought stress, i.e., resilience, were: (i) whole-plant transpiration recovery: the rate at which the daily transpiration increases following irrigation resumption was compared to the rate at which the daily transpiration decreases during the drought period. For the sake of simplicity, Figure 5A shows the data points for both rates, revealing that ICL-SW reduced plant resilience compared to control and ICL-NewFo1-treated plants (Figure 5B); (ii) the night water reabsorption (namely, regaining the water that was lost during the day; see Supplementary Figure 3) for the pretreatment and recovery periods, depicted in Figures 5C–F, respectively. The night water reabsorption during the pretreatment period was significantly higher for the biostimulant-treated plants compared to the control, with the highest values for the ICL-NewFo1-treated plants (Figure 5C). The drought stress reduced night water reabsorption capability during recovery for all three groups. Nevertheless, compared to the control, the biostimulants improved the reabsorption capability during recovery, with significantly highest capability for ICL-NewFo1-treated plants (Figure 5E). A similar trend was observed when the night water reabsorption was normalized to the plant weight, with significantly highest reabsorption capability in ICL-NewFo1-treated plants compared to the control (Figures 5D,F).
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FIGURE 5. Effect of biostimulants on plant resilience during recovery. (A) Mean ± SE continuous total whole-plant daily transpiration of drought-treated plants during the entire experimental period of 36 days. Graph shows days from when stress degree and recovery slope were calculated for analysis. (B) Mean ± SE resilience measured as the ratio of the recovery slope (day 31–32) to stress degree (day 18–30). (C) Mean ± SE water reabsorption during pretreatment (day 11–14), and (D) its mean ± SE normalized to calculated plant weight. (E) Mean ± SE water reabsorption during recovery phase (day 33–36), and (F) its mean ± SE normalized to calculated plant weight. Blue bars – untreated (with biostimulants) control plants; green bars – ICL-SW-treated plants; orange bars – ICL-NewFo1-treated plants. Solid bars – well-irrigated conditions; stippled bars – drought conditions. Groups were compared using Kruskal–Wallis (Wilcoxon) and Steel–Dwass test within the well irrigated and drought stressed groups separately, and different letters above bars represent significant differences. “*” indicates significant difference between a pair of groups compared using Wilcoxon pairwise analysis. Each mean ± SE is from at least eight plants per group.





Biostimulant Effect on Fruit Number

As pepper plants are indeterminate, we decided to terminate the experiment shortly after recovery, despite the fact that full fruit weight potential had not been reached. Nevertheless, at this stage, fruit set in all groups was assumed to reflect the treatment, as seen in the distribution of the three different fruit sizes (small, medium, and commercial) (Supplementary Figure 4). For the well-irrigated plants, 33% of the control fruit reached a commercial size, compared to only 19% of ICL-SW-treated and 14% of ICL-NewFo1-treated plants’ fruit. The total number of fruit was counted for all six groups and correlated to cumulative daily transpiration (Figure 6). ICL-SW enhanced the total fruit number under ample irrigation; however, the ICL-SW-treated plants were significantly affected by the drought relative to their well-irrigated condition (Figure 6A). As similar results were observed for the transpiration rate of these treated plants (Figure 3E), we calculated the correlation between total fruit number and cumulative daily transpiration. The correlation for well-irrigated plants was slightly better (R2 = 0.5) than that for plants subjected to drought (Figure 6B).
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FIGURE 6. Effect of biostimulants on yield. (A) Mean ± SE total fruit number per plant. (B) Correlation between mean ± SE total fruit number and cumulative daily transpiration. Blue bars – untreated (with biostimulants) control plants; green bars – ICL-SW-treated plants; orange bars – ICL-NewFo1-treated plants. Solid bars – well-irrigated conditions; stippled bars – drought conditions. Groups were compared using Kruskal–Wallis (Wilcoxon) and Steel–Dwass test within the well irrigated and drought stressed groups separately, and different letters above bars represent significant differences. “*” indicates significant difference between a pair of groups compared using Wilcoxon pairwise analysis. Each mean ± SE is from at least eight plants per group. Heteroscedasticity (White) test was done (Supplementary Table 6) for the distribution of residuals in figure B. The test showed p-value > 0.05, therefore linear regression was performed.






DISCUSSION


Advantages of the HFPS in Pre-field Screening for Promising Candidates and Effective Treatments

Most high-throughput phenotyping facilities are based on remote sensing or imagers (Araus et al., 2018), and are expected to show improved temporal phenotypic resolution. However, their effective spatial resolution is still relatively limited to morphological and indirect physiological traits. In addition, measurements are not taken simultaneously; given the fact that the plant response to a dynamic environment is dynamic, simultaneous measurements are needed for comparative analyses. Thus, the selection of candidates and treatments for testing remains a challenge. High-throughput phenotyping platforms in greenhouses have the advantage of characterizing individual pot-grown plants without the constraints imposed by overlapping canopies from neighboring plants or variable climatic conditions that can hamper data-acquisition accuracy (Fernandez et al., 2017). Although an effective approach would be to screen biostimulants for their mode of action from “field to greenhouse,” the “greenhouse-to-field” approach is not only time- and cost-effective but also narrows the number of products to be tested later under field conditions (Rouphael et al., 2018). On the other hand, the accuracy of controlled growth environments in targeting genetically complex traits is questionable, as phenotypes from spaced pots and controlled conditions are poorly correlated with phenotypes in field environments, where plants compete with their neighbors (Nelissen et al., 2014; Poorter et al., 2016; Fernandez et al., 2017; Fischer and Rebetzke, 2018; Rebetzke et al., 2018). We suggest that to better correlate a plant’s response to its environment, it is important to phenotype under conditions that are as similar as possible to those in the field. Thus, an efficient pre-field phenotype-screening experiment should offer the possibility to predict yield penalties in response to environmental adversity in the early stages of plant growth. Choice of the appropriate phenotyping method is one of the key components in pre-field screens (phenotyping) for complex traits under abiotic stress conditions (reviewed by Negin and Moshelion, 2017). This improves the chances of the selected candidates performing well under field conditions. The following principles, tested in this study, may contribute to this goal.

(i) Conducting experiments under semi-controlled conditions that are typical of farmers’ growing facilities (see Figure 2A). The spaces between the pots were kept to a minimum to mimic commercial growth conditions.

(ii) Using a truly randomized experimental design to mimic the biological variability, as well as the spatial and temporal variability in ambient conditions in the growth facility. Here, we used a randomized experimental design with one-to-one (1:1) plant–[sensors+controller] units which enabled running an independent feedback irrigation scenario for every plant (Figure 1 and Supplementary Figure 1). Each controller was associated with a dual-valve system that allowed creating a specific combination of irrigation scenarios independently for each plant. Moreover, it overcame many of the experimental artifacts that could result from the “pot effect” (Gosa et al., 2018) by using controlled-deficit irrigation that reduced the irrigation levels every day to 80% of the previous day’s transpiration (for each plant separately and based on its individual performance), preventing rapid reduction in pot soil water content. This created a relatively homogeneous drought scenario for all plants (Figure 2).

(iii) Conducting comparative and continuous measurements for all plants’ water-relations kinetics (direct physiological traits such as daily transpiration, transpiration rate, plant transpiration normalized to plant weight (E), calculated plant weight, water use efficiency, night water reabsorption, resilience, etc.) in response to the three-phase scenario (control–drought–recovery). This experimental approach offered several advantages in interpreting the plant’s interactions with the environment as it compared each plant’s profile to its own profile in the different phases (Figure 3A) as well as to all other plants’ profiles in the experiment, simultaneously. Moreover, clarity of the stress conditions, providing the ability to repeat the exact stress scenario in other experiments, is also important when studying a desired stress-related trait. The trait in question might respond differently in plants showing different types of drought tolerance under different drought conditions (Negin and Moshelion, 2017). Therefore, for better resolution of the drought response in pot experiments, the severity and strategy of the drought stress must be well defined. To achieve a quantitative and cooperative response of the plants to a combination of biostimulants and drought treatment, we divided the experiment into three phases: before drought (pretreatment), during drought which was defined by the physiological drought point (θc), and recovery immediately after drought (resilience).

(iv) High temporal and spatial resolution of the plant–environment interactions. The ultimate trait, yield, is a cumulative trait, measured at the end of the experiment and reflecting the sum of all genetic and ambient parameters affecting the plant throughout the season. This calls for high temporal resolution and continuous measurement of the dynamic plant–environment response. The high-capacity data acquisition (480 measurements per day) of the HFPS enabled tight measurements of the plant’s response to the ambient conditions, and also comparing plant performances at different time points during the day (i.e., different ambient conditions), where the differences between the treatments became significant (Figures 3D,E).

In this study, we show that the HFPS might be an efficient diagnostic tool for a better understanding of pre-field plant × environment interactions by studying water-related physiological mechanisms under different phases of control–drought–recovery scenarios. In this pursuit, we used biostimulants as a test case due to their reported impact on the plant stress response (Van Oosten et al., 2017). Nevertheless, information on the influence of biostimulants on physiological mechanisms of action is relatively scarce. Moreover, the use of biostimulants, as with other biotic and abiotic screening studies, is highly complex, and thus identification and characterization of their activity is time-consuming and expensive, as it requires large-scale field experiments. The combination of the two types of treatment (biostimulants and drought) enabled us to evaluate the benefits of the HFPS in investigating the mechanistic effect of biostimulants in drought tolerance.



Quantitative Comparison to Understand the Interactions Between Key Physiological Traits and Their Trade-Offs

Both biostimulants increased plant transpiration rate under ample irrigation compared to control plants (Figure 3). However, while the impact of ICL-SW translated to productive mechanisms (faster growth rate and later, higher fruit number), the impact of ICL-NewFo1 translated to resilience mechanisms (lower transpiration rate under drought and faster recovery – i.e., better resilience). Interestingly, the sensitivity of the plants to drought in terms of the critical VWC drought point (θc), at which a further reduction in water content reduces transpiration, remained the same, possibly due to similar root sizes (Supplementary Figure 5). This is because under water-deficit conditions, when water becomes less available to the roots, plants with smaller roots will be limited more quickly (early θc) than plants with larger roots (reviewed by Gosa et al., 2018). Thus θc might be useful in predicting root phenotype. Nevertheless, as soon as the plants were exposed to drought, the two biostimulants induced different response patterns (beyond θc): ICL-NewFo1 treatment resulted in a gradual reduction in transpiration rate, reaching a minimum at a relatively lower VWC than the control and ICL-SW-treated plants (Figure 3C). Again, this type of behavior could explain the better resilience of the ICL-NewFo1-treated plants during the drought period.

In addition, the functional phenotyping approach revealed good correlations among key agronomical traits within the short study period. For example, our results revealed a high correlation between plant total dry weight and plant weight calculated by the system (Supplementary Figure 6). The fact that the system can calculate the plant biomass throughout the experiment is highly beneficial as it enables a direct measurement of the whole-plant biomass gain, in real-time and in a non-destructive manner. In addition, key agronomic traits (such as grain yield) are linearly correlated to water consumption (WUE, reviewed by Gosa et al., 2018). Indeed the plant agronomic WUE (slope of dry biomass versus the cumulative transpiration, both from the end of the experiment; Figure 4C) was similar to the fresh-weight WUE calculated from the first few days of the experiment (Figure 4E). Namely, ∼0.003 g of plant dry weight per 1 mL of transpired water vs. ∼0.035 g of plant fresh weight per 1 mL of transpired water, respectively, showing a ratio of ∼1:10, which is similar to the ratio between the fresh and dry shoot weight (Supplementary Figure 7). This trait is highly beneficial as it enables use of the fresh-weight WUE (determined on the first few days of the experiment), which is calculated for the entire growth period rather than the dry-weight WUE. Interestingly, these results also indicate that WUE is nearly constant throughout the growth period.



Phenotyping Resilience

Resilience is one of the key stress-response traits. Nevertheless, the term “resilience” is being used more and more freely, and with popularity comes confusion; thus, it must assume its broadest definition. Although resilience can be explained in many different ways, resilience is commonly used to represent resistance, or recovery, or both (Hodgson et al., 2015). Plant stress resilience indicates plant survival and productivity after stress. In this study, we chose new approaches and introduced two functional traits to quantify resilience: (i) Transpiration recovery rate that follows stress (return of irrigation), namely, transpiration resilience. (ii) The plants’ ability to reabsorb water at night during recovery from drought–short term resilience. Both the traits are strongly related to the plants’ functional integrity status, as any tissue damage (e.g., leaf or root desiccation, embolism, necrosis, etc.) will reduce the functionality of these traits. In addition, it should be noted that the plants with lower transpiration rate will face lower stress degree during the drought phase which will also contribute to their resilience, even in the absence of any difference in transpiration during the recovery period. To the best of our knowledge, this is the first time these resilience traits have been studied on the basis of the comparison of many plants, and might be adopted in the future. We found that while the biostimulants did not affect the transpiration recovery rate, they did increase the nighttime water reabsorption ability of both the well-irrigated and recovering plants, compared to the non-treated controls (Figures 5C,E). This phenomenon cannot be explained by the positive impact on the fresh biomass (Figure 4A), as normalizing the water reabsorption volume to the plant biomass still resulted in higher values of both biostimulant-treated plants compared to the non-treated control (Figures 5E,F). The difference between the water reabsorption of well-irrigated and recovering plants within the same group (i.e., control, ICL-SW, or ICL-NewFo1) indicated drought-inflicted tissue damage, thus the night water reabsorption trait can be used as a tool to estimate tissue damage due to stress.




CONCLUSION

A comparison of the effects of two biostimulants on drought tolerance of pepper plants using a HFPS revealed known and new relationships between physiological traits. The two studied biostimulants (ICL-SW and ICL-NewFo1) improved the overall transpiration and biomass gain compared to control plants. However, only ICL-SW improved fruit number (Figure 6A) under ample irrigation, which was significantly reduced when the plants were exposed to drought. This might be explained by the shift in resource allocation from the reproductive to non-reproductive or vegetative biomass, for survival. A schematic depiction of the behavior of pepper plants treated with biostimulants is given in Figure 7. The behavior can be explained in terms of risk-taking and non-risk-taking behavior. Under optimal conditions, ICL-SW-treated plants (risk-taking) sustained a longer period of higher transpiration rate and thus a longer period of substantial CO2 assimilation, resulting in increased productivity (Figure 7A) compared to the ICL-NewFo1-treated plants. This behavior is advantageous only under well-irrigated conditions or during mild stress, but there is a risk of losing water faster during severe stress (Lin et al., 2007; Peng et al., 2007; McDowell et al., 2008; Sade et al., 2009; Moshelion et al., 2015). On the other hand, ICL-NewFo1-treated plants (non-risk-taking) maintain a moderate transpiration rate under optimal conditions, thus not contributing much to their productivity, but resulting in more gradual water loss under drought conditions, thereby reaching the minimal VWC (desiccation) later than the ICL-SW-treated plants, resulting in increased resilience. Thus there is a trade-off between productivity and resilience for the ICL-SW- and ICL-NewFo1-treated plants, respectively, as depicted in Figure 7B (Moshelion et al., 2015).


[image: image]

FIGURE 7. Schematic model of plant responses to biostimulants (ICL-NewFo1 – orange line, ICL-SW – green line, untreated – blue line) under drought and recovery (modified from Moshelion et al., 2015). (A) Plant productivity vs. intensity and duration of stress. Under conditions characterized by an ample water supply, ICL-SW-treated plants have a higher transpiration level than ICL-NewFo1-treated and control plants, and thus higher levels of productivity (e.g., photosynthesis) (Phase I). As mild water stress develops (Phase II), ICL-SW-treated and control plants reduce transpiration steeply with decreasing water availability, limiting productivity. In contrast, ICL-NewFo1-treated plants show a relatively gradual decrease in transpiration and productivity as a trade-off to the decline in leaf water potential and relative water content. Nevertheless, after the initial drought (Phase II), their productivity may still be higher than that of ICL-SW-treated and control plants which have already reached minimal productivity. As drought stress becomes more severe (Phase III), the transpiration values and productivity of ICL-NewFo1-treated plants continue to decline to their minimum. (B) Evaluation of recovery from drought is an important step in assessing drought resilience. It reveals the plant’s resistance to severe dehydration and ability to recover its pre-stress productivity, reflecting the extent of the damage caused by severe drought, such as cavitation or leaf/root loss. Both the ICL-SW-treated and control plants recover slowly compared to the ICL-NewFo1-treated plants. ICL-NewFo1 contributes to drought resistance by inducing more gradual water loss and resilience, thus contributing less to plant productivity and more to plant resilience. However, ICL-SW induces relatively faster water loss, and only increases productivity under optimal conditions while having no effect on the resilience of the plants under drought.



We suggest that these two different stimulation approaches should be implemented in different agricultural practices. As the biostimulants have been tested only for pepper plants, pre-field phenotyping of any plant/crop with these biostimulants prior to field use might be advantageous. Thus, the beneficial stimuli of ICL-SW may be implemented in controlled-irrigated crops, while the resilience impact of ICL-NewFo1 may be implemented for non-irrigated crops that are naturally subjected to the uncertainty of the environment. This resilience trait may also be very beneficial for annual crops (e.g., vines, turfs, and silviculture) which need to overcome longer stress periods between seasons.



AUTHOR CONTRIBUTIONS

RW and MM conceived the original research plan. AD, NH, and IS carried out the experiments. RB adapted the algorithms suggested by Halperin et al. (2017) to the calculations performed in this manuscript. AD, RB, and MM analyzed the data. AD and MM wrote the manuscript. All authors were involved in reviewing and editing the manuscript.



FUNDING

This work was supported by a grant from Israel Chemicals Ltd., (Grant No. 0336396).



ACKNOWLEDGMENTS

AD and MM gratefully acknowledge the United States–Israel Binational Science Foundation (BSF) for the postdoctoral scholarship awarded to AD. We thankfully acknowledge Dr. Dizza Bursztyn, biostatistician from The Hebrew University of Jerusalem, Israel, for her guidance in statistical analysis.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2019.00905/full#supplementary-material



REFERENCES

Anand, K. V., Eswaran, K., and Ghosh, A. (2018). Life cycle impact assessment of a seaweed product obtained from Gracilaria edulis–A potent plant biostimulant. J. Clean. Prod. 170, 1621–1627. doi: 10.1016/j.jclepro.2017.09.241

Araus, J. L., and Cairns, J. E. (2014). Field high-throughput phenotyping: the new crop breeding frontier. Trends Plant Sci. 19, 52–61. doi: 10.1016/j.tplants.2013.09.008

Araus, J. L., Kefauver, S. C., Zaman-Allah, M., Olsen, M. S., and Cairns, J. E. (2018). Translating high-throughput phenotyping into genetic gain. Trends Plant Sci. 23, 451–466. doi: 10.1016/j.tplants.2018.02.001

Basak, A. (2008). “Biostimulators – definitions, classification and legislation,” in Biostimulators in Modern Agriculture. General Aspects, ed. H. Gawrońska (Warsaw: Wieś Jutra), 7–17.

Battacharyya, D., Babgohari, M. Z., Rathor, P., and Prithiviraj, B. (2015). Seaweed extracts as biostimulants in horticulture. Sci. Hortic. 196, 39–48. doi: 10.1016/j.scienta.2015.09.012

Bhat, J. A., Ali, S., Salgotra, R. K., Mir, Z. A., Dutta, S., Jadon, V., et al. (2016). Genomic selection in the era of next generation sequencing for complex traits in plant breeding. Front. Genet. 7:221. doi: 10.3389/fgene.2016.00221

Brown, P., and Saa, S. (2015). Biostimulants in agriculture. Front. Plant Sci. 6:671. doi: 10.3389/fpls.2015.00671

Bulgari, R., Cocetta, G., Trivellini, A., Vernieri, P., and Ferrante, A. (2015). Biostimulants and crop responses: a review. Biol. Agric. Hortic. 31, 1–17. doi: 10.1080/01448765.2014.964649

Collard, B. C., and Mackill, D. J. (2008). Marker-assisted selection: an approach for precision plant breeding in the twenty-first century. Philos. Trans. R. Soc. Lond. B Biol. Sci. 363, 557–572. doi: 10.1098/rstb.2007.2170

Dalal, A., Attia, Z., and Moshelion, M. (2017). To produce or to survive: how plastic is your crop stress physiology? Front. Plant Sci. 8:2067. doi: 10.3389/fpls.2017.02067

du Jardin, P. (2012). The Science of Plant Biostimulants - A Bibliographic Analysis, Ad hoc Study Report. Brussels: European Commission. Available at: http://hdl.handle.net/2268/169257 (accessed April 25, 2013).

du Jardin, P. (2015). Plant biostimulants: definition, concept, main categories and regulation. Sci. Hortic. 196, 3–14. doi: 10.1016/j.scienta.2015.09.021

Fernandez, M. G. S., Bao, Y., Tang, L., and Schnable, P. S. (2017). A high-throughput, field-based phenotyping technology for tall biomass crops. Plant Physiol. 174, 2008–2022. doi: 10.1104/pp.17.00707

Fiorani, F., and Schurr, U. (2013). Future scenarios for plant phenotyping. Ann. Rev. Plant Biol. 64, 267–291. doi: 10.1146/annurev-arplant-050312-120137

Fischer, R. A., Byerlee, D., and Edmeades, G. (2014). Crop Yields and Global Food Security. (Canberra, ACT: ACIAR), 8–11.

Fischer, R. A., and Rebetzke, G. J. (2018). Indirect selection for potential yield in early-generation, spaced plantings of wheat and other small-grain cereals: a review. Crop Pasture Sci. 69, 439–459.

Foyer, C. H., Rasool, B., Davey, J. W., and Hancock, R. D. (2016). Cross-tolerance to biotic and abiotic stresses in plants: a focus on resistance to aphid infestation. J. Exp. Bot. 67, 2025–2037. doi: 10.1093/jxb/erw079

Ghanem, M. E., Marrou, H., and Sinclair, T. R. (2015). Physiological phenotyping of plants for crop improvement. Trends Plant Sci. 20, 139–144. doi: 10.1016/j.tplants.2014.11.006

Ghosh, A., Anand, K. V., and Seth, A. (2015). Life cycle impact assessment of seaweed based biostimulant production from onshore cultivated Kappaphycus alvarezii (Doty) Doty ex Silva—Is it environmentally sustainable? Algal Res. 12, 513–521. doi: 10.1016/j.algal.2015.10.015

Gosa, S. C., Lupo, Y., and Moshelion, M. (2018). Quantitative and comparative analysis of whole-plant performance for functional physiological traits phenotyping: new tools to support pre-breeding and plant stress physiology studies. Plant Sci. 282, 49–59. doi: 10.1016/j.plantsci.2018.05.008

Graff, G., Hochman, G., and Zilberman, D. (2013). “The research, development, commercialization, and adoption of drought and stress-tolerant crops,” in Crop Improvement under Adverse Conditions, eds N. Tuteja and S. S. Gill (New York, NY: Springer), 1–33. doi: 10.1007/978-1-4614-4633-0_1

Halperin, O., Gebremedhin, A., Wallach, R., and Moshelion, M. (2017). High-throughput physiological phenotyping and screening system for the characterization of plant–environment interactions. Plant J. 89, 839–850. doi: 10.1111/tpj.13425

Hatfield, J. L., and Walthall, C. L. (2015). Meeting global food needs: realizing the potential via genetics × environment × management interactions. Agron. J. 107, 1215–1226. doi: 10.2134/agronj15.0076

Hodgson, D., McDonald, J. L., and Hosken, D. J. (2015). What do you mean,‘resilient’? Trends Ecol. Evol. 30, 503–506.

Hurtado, A. Q., and Critchley, A. T. (2018). A review of multiple biostimulant and bioeffector benefits of AMPEP, an extract of the brown alga Ascophyllum nodosum, as applied to the enhanced cultivation and micropropagation of the commercially important red algal carrageenophyte Kappaphycus alvarezii and its selected cultivars. J. Appl. Phycol. 30, 2859–2873. doi: 10.1007/s10811-018-1407-4

Ikrina, M. A., and Kolbin, A. M. (2004). Regulators of Plant Growth and Development, Vol. 1, Stimulants. Moscow: Chimia.

Kauffman, G. L., Kneivel, D. P., and Watschke, T. L. (2007). Effects of a biostimulant on the heat tolerance associated with photosynthetic capacity, membrane thermostability, and polyphenol production of perennial ryegrass. Crop Sci. 47, 261–267. doi: 10.2135/cropsci2006.03.0171

Kumar, J., Pratap, A., and Kumar, S. (eds) (2015). Phenomics in Crop Plants: Trends, Options and Limitations. Berlin: Springer, 296.

Li, L., Zhang, Q., and Huang, D. (2014). A review of imaging techniques for plant phenotyping. Sensors 14, 20078–20111. doi: 10.3390/s141120078

Lin, W., Peng, Y., Li, G., Arora, R., Tang, Z., Su, W., et al. (2007). Isolation and functional characterization of PgTIP1, a hormone-autotrophic cells-specific tonoplast aquaporin in ginseng. J. Exp. Bot. 58, 947–956. doi: 10.1093/jxb/erl255

McDowell, N., Pockman, W. T., Allen, C. D., Breshears, D. D., Cobb, N., Kolb, T., et al. (2008). Mechanisms of plant survival and mortality during drought: why do some plants survive while others succumb to drought? New Phytol. 178, 719–739. doi: 10.1111/j.1469-8137.2008.02436.x

Miflin, B. (2000). Crop improvement in the 21st century. J. Exp. Bot. 51, 1–8. doi: 10.1093/jxb/51.342.1

Moshelion, M., and Altman, A. (2015). Current challenges and future perspectives of plant and agricultural biotechnology. Trends Biotechnol. 33, 337–342. doi: 10.1016/j.tibtech.2015.03.001

Moshelion, M., Halperin, O., Wallach, R., Oren, R. A. M., and Way, D. A. (2015). Role of aquaporins in determining transpiration and photosynthesis in water-stressed plants: crop water-use efficiency, growth and yield. Plant Cell Environ. 38, 1785–1793. doi: 10.1111/pce.12410

Negin, B., and Moshelion, M. (2017). The advantages of functional phenotyping in pre-field screening for drought-tolerant crops. Funct. Plant Biol. 44, 107–118.

Nelissen, H., Moloney, M., and Inzé, D. (2014). Translational research: from pot to plot. Plant Biotechnol. J. 12, 277–285. doi: 10.1111/pbi.12176

Peng, Y., Lin, W., Cai, W., and Arora, R. (2007). Overexpression of a Panax ginseng tonoplast aquaporin alters salt tolerance, drought tolerance and cold acclimation ability in transgenic Arabidopsis plants. Planta 226, 729–740. doi: 10.1007/s00425-007-0520-4

Petrozza, A., Santaniello, A., Summerer, S., Di Tommaso, G., Di Tommaso, D., Paparelli, E., et al. (2014). Physiological responses to Megafol® treatments in tomato plants under drought stress: a phenomic and molecular approach. Sci. Hortic. 174, 185–192. doi: 10.1016/j.scienta.2014.05.023

Poorter, H., Fiorani, F., Pieruschka, R., Wojciechowski, T., Putten, W. H., Kleyer, M., et al. (2016). Pampered inside, pestered outside? Differences and similarities between plants growing in controlled conditions and in the field. New Phytol. 212, 838–855. doi: 10.1111/nph.14243

Popko, M., Michalak, I., Wilk, R., Gramza, M., Chojnacka, K., and Górecki, H. (2018). Effect of the new plant growth biostimulants based on amino acids on yield and grain quality of winter wheat. Molecules 23:470. doi: 10.3390/molecules23020470

Przybysz, A., Gawrońska, H., and Gajc-Wolska, J. (2014). Biological mode of action of a nitrophenolates-based biostimulant: case study. Front. Plant Sci. 5:713. doi: 10.3389/fpls.2014.00713

Rahaman, M., Chen, D., Gillani, Z., Klukas, C., and Chen, M. (2015). Advanced phenotyping and phenotype data analysis for the study of plant growth and development. Front. Plant Sci. 6:619. doi: 10.3389/fpls.2015.00619

Ray, D. K., Mueller, N. D., West, P. C., and Foley, J. A. (2013). Yield trends are insufficient to double global crop production by 2050. PLoS One 8:e66428. doi: 10.1371/journal.pone.0066428

Rebetzke, G. J., Jimenez-Berni, J., Fischer, R. A., Deery, D. M., and Smith, D. J. (2018). High-throughput phenotyping to enhance the use of crop genetic resources. Plant Sci. 282, 40–48. doi: 10.1016/j.plantsci.2018.06.017

Rouphael, Y., Spíchal, L., Panzarová, K., Casa, R., and Colla, G. (2018). High-throughput plant phenotyping for developing novel biostimulants: from lab to field or from field to lab? Front. Plant Sci. 9:1197. doi: 10.3389/fpls.2018.01197

Sade, N., Vinocur, B. J., Diber, A., Shatil, A., Ronen, G., Nissan, H., et al. (2009). Improving plant stress tolerance and yield production: is the tonoplast aquaporin SlTIP2; 2 a key to isohydric to anisohydric conversion? New Phytol. 181, 651–661. doi: 10.1111/j.1469-8137.2008.02689.x

Salekdeh, G. H., Reynolds, M., Bennett, J., and Boyer, J. (2009). Conceptual framework for drought phenotyping during molecular breeding. Trends Plant Sci. 14, 488–496. doi: 10.1016/j.tplants.2009.07.007

Spindel, J., Begum, H., Akdemir, D., Virk, P., Collard, B., Redona, E., et al. (2015). Genomic selection and association mapping in rice (Oryza sativa): effect of trait genetic architecture, training population composition, marker number and statistical model on accuracy of rice genomic selection in elite, tropical rice breeding lines. PLoS Genet. 11:e1004982. doi: 10.1371/journal.pgen.1004982

Tardieu, F., Cabrera-Bosquet, L., Pridmore, T., and Bennett, M. (2017). Plant phenomics, from sensors to knowledge. Curr. Biol. 27, R770–R783. doi: 10.1016/j.cub.2017.05.055

Van Oosten, M. J., Pepe, O., De Pascale, S., Silletti, S., and Maggio, A. (2017). The role of biostimulants and bioeffectors as alleviators of abiotic stress in crop plants. Chem. Biol. Technol. Agric. 4:5.

White, J. W., Andrade-Sanchez, P., Gore, M. A., Bronson, K. F., Coffelt, T. A., Conley, M. M., et al. (2012). Field-based phenomics for plant genetics research. Field Crops Res. 133, 101–112. doi: 10.1016/j.fcr.2012.04.003

Xu, L., and Geelen, D. (2018). Developing biostimulants from agro-food and industrial by-products. Front. Plant Sci. 9:1567. doi: 10.3389/fpls.2018.01567

Yakhin, O. I., Lubyanov, A. A., Yakhin, I. A., and Brown, P. H. (2017). Biostimulants in plant science: a global perspective. Front. Plant Sci. 7:2049. doi: 10.3389/fpls.2016.02049

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Dalal, Bourstein, Haish, Shenhar, Wallach and Moshelion. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	 
	ORIGINAL RESEARCH
published: 30 July 2019
doi: 10.3389/fpls.2019.00944






[image: image]

Phellem Cell-Wall Components Are Discriminants of Cork Quality in Quercus suber
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Cork is a renewable, non-wood high valued forest product, with relevant ecological and economic impact in the Mediterranean-type ecosystems. Currently, cork is ranked according to its commercial quality. The most valuable planks are chosen for cork stoppers production. Cork planks with adequate thickness and porosity are classified as stoppable quality cork (SQC). The chemical composition of cork is known, but the regulation of metabolic pathways responsible of cork production and composition, hence of cork quality, is largely unknown. Here, we tested the hypothesis that post-genomic events may be responsible for the development of SQC and N-SQC (non-stoppable quality cork). Here, we show that combined proteomics and targeted metabolomics (namely soluble and cell wall bound phenolics) analyzed on recently formed phellem allows discriminate cork planks of different quality. Phellem cells of SQC and N-SQC displayed different reducing capacity, with consequential impact on both enzymatic pathways (e.g., glycolysis) and other cellular functions, including cell wall assembly and suberization. Glycolysis and respiration related proteins were abundant in both cork quality groups, whereas the level of several proteins associated to mitochondrial metabolism was higher in N-SQC. The soluble and cell wall-bound phenolics in recently formed phellem clearly discriminated SQC from N-SCQ. In our study, SQC was characterized by a high incorporation of aromatic components of the phenylpropanoid pathway in the cell wall, together with a lower content of hydrolysable tannins. Here, we propose that the level of hydrolysable tannins may represent a valuable diagnostic tool for screening recently formed phellem, and used as a proxy for the quality grade of cork plank produced by each tree.

Keywords: hydrolysable tannins, proteomics, targeted metabolomics, soluble phenolics, cell-wall immobilized phenolics
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GRAPHICAL ABSTRACT. The shikimate and the core phenylpropanoid pathways are involved in the synthesis of the polyphenols identified in cork producing cells. Stoppable cork quality producing cells are characterized by higher incorporation of aromatic components of the phenylpropanoid pathway in the cell wall, together with a lower content of hydrolysable tannins.




INTRODUCTION

Cork is a renewable natural product, and its industrial exploitation allows maintain the Quercus suber forests, characteristic landscape of the Mediterranean ecosystem. These ecosystems are designated as “montado” or “dehesa” in Portugal or Spain, respectively. The single out characteristic of Q. suber is the continuous production of a protective cork layer from the phellogen, a secondary meristematic tissue. Chemically, cork consists of both insoluble and soluble components (Pereira, 2007). The insoluble components include aliphatic suberin (often designated as suberin), aromatic suberin (designated as lignin-like), cellulose and hemicelluloses (Silva et al., 2005; Pereira, 2007). Soluble components, or “extractives,” mostly consist of lipids and phenolics. There a is large variability in cork composition, since cork may contain 33–50% aliphatic suberin; 13–29% lignin-like aromatic suberin; 6–25% polysaccharides; 13–24% extractives, and 1–7% ash (Silva et al., 2005). The most abundant extractives are typically waxes and tannins (Silva et al., 2005).

This large variability in the chemical composition coupled with physical properties determines the suitability of cork for the transformation industry hence, its economic value (Lauw et al., 2018). Cork is commercialized as planks, i.e., the rectangular parcels of the outer bark that is separated from the tree along the phellogenic layer without damaging of this meristematic layer that holds the capacity of regeneration right after the debarking process. There is evidence that plank thickness and porosity are major discriminants of cork quality, since stoppable quality cork (SQC) planks ought to display 22–40 mm thickness with limited structural discontinuities (Pereira, 1998). Thicker planks show high cell number per annual ring growth and high cell prism height, i.e., these cells are larger (Silva et al., 2005). The thickness of the cork layer is largely dependent on both genetic and environmental factors, determinant for cell wall thickening development, allowing a more extensive cell expansion and promoting cell division.

There is evidence that the genetic regulation of meristem activity is mostly expressed during spring-summer, when the phellogen becomes more active (Silva et al., 2005; Boher, 2017). For instance, the expression levels of cyclins (promoters of cell cycle progression) were higher in 1-year cork branches of SQC producing trees, whereas in branches producing N-SQC cell expansion is constrained by the up-regulation of genes involved in primary cell wall strengthening (Teixeira et al., 2017). Cork planks, having an elevated number of wider cells, display sustained biosynthesis of cell-wall components, such as suberin-domains and polysaccharides, whose deposition requires biochemical regulation. Currently, the cell wall is described as a sensor, integrating the environmental cues in cell growth (Johnson et al., 2018). Consequently, its biomechanical properties will influence wall flexibility and strength. Recent reports point out to environmental influence on cork annual growth, porosity and thickness (Inácio et al., 2017; Lauw et al., 2018).

Previous transcriptome analysis did not provide clear discrimination between N-SQC and SQC differentiating cells (Teixeira et al., 2014, 2017). It is reasonable to hypothesize that mechanisms operating at post-transcriptional and post-translational levels may have been responsible for modified protein activity. Indeed, post-transcriptional control of phellogen activity via microRNAs has been previously reported (Chaves et al., 2014). Proteomics has the potential to evaluate differences and similarities between cork quality groups. Highly distinctive protein patterns will describe major biochemical differences between cork quality groups, while highly similar protein patterns will support the fine regulations of the phellogen metabolic activity.

Phenolic compounds display multiple roles in plants, including signaling, enzyme activity regulation and structural roles (Weisshaar and Jenkinst, 1998). They also perform antioxidant functions reducing the generation of reactive oxygen species (ROS) and the ROS content once they are formed. N-SQC producing cells were found to have higher soluble phenolics content than SQC: This was associated to stress responses and to the protective role of cork, a hydrophobic barrier against external constraints. It has been hypothesized that N-SQC producing trees may suffer from more severe stressful conditions compared to the SQC counterparts (Teixeira et al., 2014). Therefore, it is important to understand if a higher proportion of soluble phenolics in N-SQC cork producing cells is associated with a lower proportion of cell-wall phenolic compounds.

Our working hypothesis is that, N-SQC producing cells need to invest in soluble phenolics and the metabolic trade-off is to convey fewer building blocks for suberization. In addition, phenolic compounds have the potential to modulate the cellular oxidative-status, which can be relevant for phellogenic meristematic activity. Favored cell-proliferation and cell expansion over several growing years will have a positive impact on plank thickness, one of the cork quality traits evaluated and valued by the cork industry.



MATERIALS AND METHODS


Sample Collection

Samples were taken from five trees producing cork of stoppable quality (SQC) and from five trees producing non-stoppable quality cork (N-SQC). The chosen cork oaks had an estimated age of 50–70 years and were located in southern Portugal. N-SQC was collected in the area of Coruche, Ribatejo (38°46′N, 8°39′W) and SQC at Serra do Caldeirão, Algarve (37°15′N, 7°59′W). Soil (Cardoso, 1965, 1974) and climatic data1 are summarized in Table 1. The classification of cork quality was based on visual observation, taking into account the criteria used by the industry: thickness and homogeneity, porosity and presence of defects (Pereira, 1998, 2007). SQC planks displayed a reduced number of discontinuities and a minimum thickness of 28 mm (before cooking). N-SQC displayed a maximum thickness of 17 mm (before cooking) and contained an elevated number of discontinuities that completely cross the plank.

TABLE 1. Location, climatic data, and soil characteristics for sampling locations.
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Samples were obtained by scratching the inner side of freshly removed planks comprising recently formed phellem with suberized (cork) and un-suberized cells (phelloid) and phellogen cells (meristem). Since cell division occurs during spring and summer, the cells in our samples are just a few weeks older. Altogether, samples represented distinct differentiation stages of cork (thereafter referred as to cork producing cells). Immediately after debarking, samples were collected and snapped frozen in liquid nitrogen. Samples were later on lyophilized, grinded using a ball mill and PTFE shaking flasks (Mikro-Dismembrator S, Sartorius) and stored at −80°C until further utilization.



Total Phenolics Quantification

Following the protocol used by Zarrouk et al. (2012), 1 mL of acidified methanol (with 1% HCl) was added to 25 mg of sample (dry weight), and incubated at room temperature under gentle agitation in the dark, for the estimation of total soluble phenolics. Samples were extracted for 7, 24, 48, 72, 96, 168, or 216 h in order to optimize the extraction time. After centrifugation (18000 × g for 15 min at 4°C), supernatants were diluted 1/10 and used for total phenolics quantification, using the Folin Ciocalteau method modified for microplates (Singleton and Rossi, 1965; Zarrouk et al., 2012). Gallic acid was used as standard and the results were expressed in millimoles of gallic acid equivalents per gram of sample dry weight (mmol GAE g–1 DW).

The pellets resulting from 216 h extraction were further used for residues determination, which was achieved by adding 1 mL of acidified methanol (with 1% HCl) and incubating the tubes for additional 48 h. After centrifugation (18000 × g for 15 min at 4°C), the supernatants were diluted 1/10 and used for residues quantification as mentioned above.



Soluble and Cell Wall Bound Phenolics Quantification by HPLC-DAD and HPLC-MS/MS

Freeze-dried samples (50 mg) were extracted with a methanol-water mixture 80/20 (v/v) pH 2.5 (with formic acid) at room temperature for 24 h under continuous stirring. The solution (containing soluble phenolics) was centrifuged and the supernatant collected. The pellet residues were used for extraction of wall bound phenolics.

The solution was dried under vacuum, the residue re-dissolved in water (pH 2.5), and then extracted three times with diethyl ether. Twenty microliters of the water fraction were injected into a PerkinElmer Flexar chromatograph equipped with a quaternary 200Q/410 pump and LC 200 diode array detector (all from PerkinElmer, Bradford, CT, United States). The diethyl ether fraction was dried and rinsed with MeOH/H2O (80/20) pH 2.5; then 40 μL were injected into the HPLC-DAD equipment. Pellet residues previously extracted for soluble phenolics were washed with ethanol and subjected to base hydrolysis, performed by adding 1 N NaOH at 80°C for 6 h, and then at room temperature for 18 h in test tubes. The supernatant was collected after centrifugation at 8000 × g for 10 min, acidified to pH 2 with 2 N HCl and then extracted three times with an equal volume of ethyl acetate (Blount et al., 2000). In addition, the pellet was washed two times with 3 mL of ethyl acetate. The organic phases were combined, taken to dryness and resuspended in MeOH/H2O pH 2.5 with HCOOH (8/2). Twenty microliters of this solution were injected into the HPLC-DAD equipment described above.

In the HPLC-DAD, compounds were separated on a 250 × 4.6 mm i.d (5 μm pore size) RP-C18 Zorbax SB kept at 30°C. Detection was carried out at 280 and 350 nm. Elution was performed using a linear gradient solvent system, at a flow rate of 1 mL min–1, consisting of H2O (A), CH3OH (B) and CH3CN (C), all containing 1% of HCOOH. The gradient profile was as follows: 0–2 min 98% A, 1% B, 1% C; 2–52 min from 1% of B and C to 49% of both and then returning to the initial conditions in 5 min. Quantification of individual polyphenols was performed using calibration curves (in 0.001 mg/mL to 0.2 mg/mL concentration range) of authentic standards (all from Extrasynthese, Lyon-Nord, Genay, France): vanillic acid, ferulic acid (ferulic acid, isoferulic acid), gallic acid (for galloyl HHDP glucose and gallotannins), p-coumaric acid for p-coumaric acid itself, caffeic acid (for caffeic acid derivatives), ellagic acid (for vascalagin/castalagin and ellagic acid itself) and epicatechin (for catechin) and expressed as mmol g–1 DW.

The identification of soluble phenolics of cork producing cells was performed through HPLC-MS-MS analysis (diagnostic fragments for each phenolic compound and the molecular ions are provided as Supplementary Table S1). Cell wall-bound polyphenols were assigned to the different classes (gallic acid, vanillic acid, ferulic, p-coumaric, and caffeic acid derivatives) using the comparison of retention time and UV-VIS spectra (Supplementary Table S1) with authentic standards and the data reported in literature (Fernandes et al., 2009; Harris and Trethewey, 2010; Ralph, 2010). Mass spectrometry analysis was conducted with an Agilent LC1200 chromatograph coupled with an Agilent 6410 triple quadrupole MS detector equipped with an ESI source (all from Agilent Technologies, Santa Clara, CA, United States). The column was a Poroshell SB-C18 (2.1 × 100 mm, 2.7 μm). The elution was performed with the same gradient reported above, at a flow rate of 0.3 mL min–1. Mass spectrometric detection was performed in the negative ion mode after electrospray ionization. The fragmentor was 180 eV. Sample volumes of 3 μL were injected. MS/MS spectra in the negative mode were obtained using argon as collision gas with the collision energy set at 5, 10, and 20 V.

Distribution of the several phenolic compounds detected through polyphenol classes was performed using the Phenol-Explorer database, v3.6 (Rothwell et al., 2013)2.



Protein Electrophoresis and MS Analysis

Proteins were phenol extracted, precipitated with ammonium acetate and washed with acetone, in order to concentrate proteins and to remove contaminants that would interfere with the proteomic analysis. One gram of sample dry weight was used for protein extraction, following Isaacson et al. (2006) with minor modifications. Briefly, 10% (w/w) PVPP (polyvinylpolypyrrolidone) was added to the samples and 13.3 mL of extraction buffer was added (0.5 M Tris, pH 7.5; 0.7 M sucrose; 0.1 M KCl; 50 mM EDTA). After brief agitation, 13.3 mL Tris saturated phenol was added and incubated for 30 min on ice. Samples were centrifuged (15000 × g, 4°C, 30 min) and the upper phase was collected and saved. To the lower phase, an equal amount of extraction buffer was added and after 30 min on ice, samples were centrifuged (15000 × g, 4°C, 30 min). The upper phases were combined and precipitated overnight at −20°C with 5 volumes of 0.1 M ammonium acetate in methanol. After centrifugation (20000 × g, 30 min, 4°C), the supernatant was discarded and the pellet washed with 2 volumes of methanol, gently agitated for 1–2 min and centrifuged (20000 × g, 10 min, 4°C). The methanol washing was repeated and the pellet further cleaned with 2 volumes of acetone. After 1 h agitation at 4°C, samples were centrifuged (20000 × g, 10 min, 4°C). The acetone washes were repeated three more times and after the last centrifugation, the supernatant was discarded and the pellet dried under vacuum (1–2 h). Pellets were resuspended in 8 M urea and 4% CHAPS (w/v), gently agitated for 2 h, centrifuged (9500 × g, 15 min, 25°C) and the supernatant collected and desalted (PD miniTrap G25) against the same buffer. Protein was quantified with Bradford (Ramagli, 1999). One-hundred micrograms of protein were used for two-dimensional electrophoresis. Briefly, isoelectric focusing (IEF) was carried out with pH 3-10 immobilized strips (13 cm) and run to a cumulative 32120 Vh (Pinheiro et al., 2013). To improve the resolution, IEF was performed in the presence of 0.12% DeStreak Reagent (GE Healthcare). The second dimension SDS-PAGE was performed at 20°C with 12% resolving gels using the Hoefer SE 600 apparatus (GE Healthcare) at 10 mA per gel, for the first 15 min, and 20 mA per gel for the next 4 h, or until the bromophenol blue dye front had run off the gel. Precision Plus Protein All Blue Standards (Bio-Rad, Hercules, CA, United States) were used for molecular mass determinations. Gels were subsequently stained in Colloidal Coomassie Blue (Neuhoff et al., 1985) and images acquired with ImageScanner III (GE Healthcare). Image gel analysis was performed with Progenesis SameSpots 2D software v.4.5 (Non-linear Dynamics Ltd). The automatic analysis assigned 394 polypeptide spots, 355 spots being detected in at least four replicates of each cork quality group (n-1). These spots were submitted to MALDI-TOF/TOF for protein identification.

A Freedom EVO II workstation (Tecan) was used for the digestion. Briefly, gel plugs were washed twice with 50 mM ammonium bicarbonate solution in 50% v/v MeOH/MilliQ Water (Millipore) for 20 min and dehydrated twice for 20 min in 75% ACN. Proteins were digested with 8 μL of a solution containing 5 ng/μL trypsin (trypsin Gold, Promega) in 20 mM ammonium bicarbonate (overnight, 37°C). Digested peptides were extracted from the gel plugs with 50% v/v ACN containing 0.1% v/v TFA, dried and resolubilized in 0.7 μL of 50% v/v ACN/containing 0.1% v/v TFA. Peptides were spotted on a MALDI-TOF target and 0.7 μL of 7 mg/mL α-cyano-4-hydroxycinnamic acid in 50% v/v ACN containing 0.1% v/v TFA was added.

A MALDI mass spectrum was acquired using the Sciex 5800 TOF/TOF (Sciex). The 10 most abundant peaks, excluding known contaminants, were automatically selected and fragmented. MS and MS/MS were submitted to an in-house MASCOT server (version 2.3.1; Matrix Science3) for database-dependent identifications against the NCBInr database limited to the taxonomy Quercus (taxID3511; from February 01, 2019; 1,078,293 sequences). A second search was performed using the EST oak sequences from NCBI (taxID3511; from February 01, 2019; 870,474 sequences). Parameters were: peptide mass tolerance 100 ppm, fragment mass tolerance 0.5 Da, cysteine carbamidomethylation as fixed modification (alkylation was performed during the equilibration step between IEF and second dimension), and methionine oxidation, double oxidation of tryptophan, tryptophan to kynurenine and ethylation of glutamic acid as variable modifications. Kynurenine, resulting from tryptophan oxidation, is an artifact often observed during automatic digestion in our laboratory. Ethylation of glutamic acid is an artifact resulting from gel staining and destaining procedures. Up to two miscleavages were allowed. An identification was considered significant when at least two peptides passed the Mascot threshold score, or a single peptide passed twice this score. Manual checking of the spectrum allowed to confirm some identifications with slightly lower scores. When high-quality spectra were not matched to a protein, manual interpretation of the spectra was performed and/or the search parameters adjusted (semitryptic, single amino acid changes, post-translational modifications) to increase the sequence coverage of the identified protein. In our dataset, and regarding post-translational modifications, only acetylation was found, pointing out to a more technical than biological related modification. All identifications were validated manually. The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium4 via the PRIDE partner repository (Vizcaíno et al., 2016) with the dataset identifier PXD014398.

For 45 protein spots, no MS spectra was obtained. Match with database sequences was found for 310 protein spots. Single, and significant, protein match was detected for 215 spots. For 69 polypeptide spots, and although at least one secure protein identification was obtained, the presence of other proteins was evident. Most of these protein spots (n = 66) displayed two matches. In several cases (11 spots), matches were achieved but no functional annotation was available. A bioinformatics analysis allowed retrieving the protein identity for these spots.

For each differentially expressed protein spot a manual annotation process was carried out. The peptide pool of each spot was scanned for uniqueness, and collinearity. Sequences sharing common sub-sequences were consolidated by concatenation prior to similarity search. The similar candidates were obtained through standard BLASTP (Boratyn et al., 2013) from amongst the plant entries in the NCBI Protein database (Agarwala et al., 2016). Only the top scoring hit in each comparison was retained for further analysis. This was true provided a reasonable balance between the degree of overall similarity and the significance (e-value) of the match. A flexible threshold policy was followed to accommodate the variation in length of the query peptides. Any existing InterPro (Mitchell et al., 2019) annotation in the target entries, and for the matched locations was transferred for the query. Whenever feasible, the pool of peptides obtained for each source protein was aligned to a known related sequence in order to sort them out along the original sequence. This was achieved using EMBOSS:needle (Rice et al., 2000) with BLOSUM35 substitution matrix, no end-gap penalties, and avoiding the insertion of indels in the alignment.



Annotation of Peptides From the Whole Data Set

The whole set of spots, and their sequenced peptides was processed through a pipeline of automatic annotation that followed, roughly, the manual annotation already described. This process ensured that only relevant functional annotation was transferred to those peptides. All obtained peptide sequences were matched against UniProt entry sequences (The UniProt Consortium, 2019) using BLASTP (Boratyn et al., 2013). The matches were subsequently mapped on InterPro features already annotated on each of the matched UniProt entries. From the latter it was possible to transfer InterPro federated annotation like GO node references (The Gene Ontology Consortium, 2019), and EC activities (Nagano, 2005). The mapping of the UniProt matches onto their precise InterPro annotation pointed toward 524 corresponding entries in the latter database. These in turn, were associated to 111 Gene Ontology terms and 90 entries in the EzCatDB database5. The individual functional annotation of each peptide revealed at least 13 spots with more than one annotated function. The individual annotation of each peptide enabled us to avoid the common issue associated with the results of plain similarity searches – contamination by the annotation associated with unrelated parts of the subject sequence. After functional peptide annotation, they were clustered according to their parent protein spots.

Some classes of functional annotation were related to a wide scope of proteins, and the gel spots assigned to them are bound to lack in specificity for their role or localization in the studied cells. In order to be able to annotate them in a more specific subset of those functional annotation classes, a BLASTP (Boratyn et al., 2013) search against the NCBI Protein database (Agarwala et al., 2016) was conducted for some pertinent spots. The resulting matches were assessed for convergence on either activity or localization. Only relevant results were retained.

The location inside the cell was derived either from the InterPro GO annotation or from related protein similarity or phylogenetic analysis.



Data Analysis

On the R platform (version 2.15.1) we used several packages for univariate analysis [Mann-Whitney U-test with Wilcox.test; Kolmogorov-Smirnov test with KS test; Student’s t-test with t-test (R Core Team, 2016)] and ade4TkGUI for principal component analysis (PCA) (Thioulouse and Dray, 2007).

In order to integratively analyze quantitative metabolite and protein data, a z-transformation was applied to multivariate statistics (PCA and Cluster heatmap-Pearson analyses), using the MATLAB (R2017a, the MathWorks, Inc., Natick, MA, United States.) package software tool COVAIN (v. 2019) (Sun and Weckwerth, 2012).




RESULTS


Cork Quality Discrimination by the Soluble and Immobilized Phenolic’s of the Cork Producing Cells

Total phenolics, as estimated with the Folin-Ciocalteau method, were more abundant in N-SQC than in SQC, regardless the extraction time (Figure 1). However, this method typically overestimates soluble phenolics content, since it detects also a range of reducing compounds, such as ascorbate and reducing sugars (Georgé et al., 2005; Seruga et al., 2011). Therefore, the method is a better proxy for the reducing capacity of the sample (to which phenolics contribute), showing that N-SQC had a higher reducing capacity than SQC (around 40%).
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FIGURE 1. Folin-Ciocalteu based quantification of the total soluble phenolic compounds extracted from stoppable quality cork (SQC) and non-stoppable quality cork (N-SQC) producing cells. Extraction times between 7 h and 216 h were assayed. The remaining soluble phenolics after 216 h of extraction were also quantified. Data show the means ± standard error (n = 5). Significance levels between cork quality groups were assessed via Mann–Withney U-test (*p < 0.05; ∗∗p < 0.01).



Single phenolic compounds were quantified with HPLC-DAD. A higher content of soluble phenolic compounds was found in N-SQC producing cells (fourfold higher) than in SQC producing cells. As expected, HPLC-DAD analysis revealed a much lower content in total soluble phenolics compared to the Folin-Ciocalteau quantification method (it represents circa 3.3 and 1.2%, for N-SQC and SQC, respectively, Supplementary Figures S1A,B).

The soluble phenolics fraction comprised two main phenolic classes: hydrolysable tannins and hydroxybenzoic acids. Hydrolysable tannins were the main component in both N-SQC (96%) and SQC (90%, Figure 2). However, hydrolysable tannins content was much higher in N-SQC than in SQC producing cells (40.03 vs. 8.95 mmol g–1 DW, respectively). N-SQC and SQC cells also differed for the main hydrolysable tannins: monogalloyl-glucose, the main component in N-SQC (around 56% of all phenolics detected) while in SQC, the isomers castalagin, vescalagin and their derivatives were the main compounds (∼70% of all phenolics detected). Hydroxybenzoic acids (ellagic acid, gallic acid, valoneic acid-dilactone), the second most represented class, were also more abundant in N-SQC than in SQC producing cells (1.35 mmol g–1 DW vs. 0.18 mmol g–1 DW, respectively). On the other hand, the amount of flavanol catechin and the hydroxy-cinnamyl-aldehyde coniferaldehyde in SQC producing cells was much higher (8.6%) when compared to N-SQC samples (0.8%). Catechin is the building block of condensed tannins, but in our dataset this class of phenolics was not detected.
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FIGURE 2. Quantification of soluble phenolic compounds extracted from stoppable quality cork (SQC) and non-stoppable quality cork (N-SQC) producing cells using HPLC-DAD. (A) Hydrolysable tannins. (B) Hydroxybenzoic acids belonging the class of phenolic acids (ellagic acid, gallic acid, and valoneic acid-dilactone), flavanols belonging to the flavonoids class (catechin) and hydroxycinnamaldehydes belonging to other polyphenols class (coniferaldehyde). Polyphenol classes and sub-class as described in the Phenol-Explorer database. Data show the means ± standard error (n = 5). Significance levels between cork quality groups were assessed via Mann–Withney U-test (∗∗p < 0.01).



On the other hand, cell wall-bound phenolics were 2.25 times more abundant in SQC than in N-SQC producing cells (Figure 3), albeit the lack of differences between the type of phenolics detected. The cell wall bound phenolics consisted of 90% of hydroxycinnamic acids (ferulic, isoferulic, p-coumaric, and caffeic acid derivatives) and about 6% of hydroxybenzoic acids (vanillic acid derivatives). An unknown compound representing 4% of the cell wall-bound phenolics was also detected (Figure 3).
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FIGURE 3. Quantification of immobilized phenolic compounds extracted from stoppable quality cork (SQC) and non-stoppable quality cork (N-SQC) producing cells after alkaline hydrolysis. (A) Major components are phenolic acids of the sub-class hydroxycinnamic acids (derivatives of ferulic acid, isoferulic acid, and caffeic acid). Six isoform candidates of caffeic acid were found and the quantification for each isoform is available as Supplementary Table S2. (B) Minor components are hydroxycinnamic acids (p-coumaric acid derivative) and hydroxybenzoic acids (vallinic acid derivative), hydrolysable tannin (galloyl-HHDP-glucose) and an unknown compound putatively assigned as a ferulic acid derivative (CWB_unknown). Polyphenol classes and sub-class as described in the Phenol-Explorer database. Data show the means ± standard error (n = 5). Significance levels between cork quality groups were assessed via Mann–Withney U-test (∗∗p < 0.01).



The PCA of the phenolic compounds (both soluble and cell wall-bound) allowed to clearly discriminate between SQC and N-SQC producing cells along the 1st component (77% of variation explained, Supplementary Figure S1C). Several metabolites involved in the phenylpropanoid pathway, including caffeic acid, ferulic acid and vanillic acid were positively related to SQC producing cells. In contrast, several metabolites of the hydrolysable tannin pathway were found positively related with N-SQC producing cells. The exceptions were catechin and coniferaldehyde that positively discriminated SQC.



Cork Producing Proteome

Stoppable quality cork and N-SQC producing cells did not differ in the amount of solubilised protein (Supplementary Figure S2). The two-dimensional gel-based proteomics approach allowed the detection of 355 reproducible polypeptide spots, and these spots were found in both cork quality groups.

The high quality functional annotation of peptides described in the section “Materials and Methods” allowed us to retrieve the biological processes most represented in cork producing cells (Figure 4). These cells are characterized by possessing high glycolysis and energy production (37%) and amino acid metabolism, protein synthesis and turnover (39%), which is compatible with actively growing phases of the cell cycle. Considering the number of putative isoforms detected, the most represented enzymes involved in aerobic respiration were ATP synthase (EC 3.6.3.14), enolase (EC 4.2.1.11), fructose-bisphosphate aldolase (EC 4.1.2.13) and glyceraldehyde-3-phosphate dehydrogenase (EC 1.2.1.12). Enzymes involved in amino acid metabolism were detected, with a large preponderance of S-adenosylmethionine synthetase (EC 2.5.1.6) detected as 16 putative isoforms. Proteins involved in pyrimidine and purine nucleoside triphosphates biosynthesis, the activated precursors of DNA and RNA, were also largely represented (16 putative isoforms) along with proteins involved in protein turnover via the proteasome pathway (14 putative isoforms).
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FIGURE 4. Relative distribution of proteins by reaction/process. The set of activities found for each spot after functional annotation was expertly assessed for relevant cellular reactions or processes, and here they are depicted by representation in terms of spots found. The glycolysis slice was further expanded for the sake of clarity on its individual component representation.



Fatty acid metabolism and lignin and lignan biosynthesis represented 13.4% of the annotated proteome, suggesting an active synthesis of secondary cell wall components. This percentage could be higher as six additional acyl-carriers proteins were identified (fatty acid metabolism) but the peptide annotation did not allow to securely add them to the proteome. Lignan biosynthesis was represented by proteins with NmrA-like domains (IPR008030) matching isoflavone reductase. Lignin biosynthesis was represented by caffeoyl-CoA O-methyltransferase, which belongs to the superfamily SAM-dependent O-methyltransferase (IPR029063). This enzyme is involved in the synthesis of feruloylated polysaccharides and in the formation of cell wall-bound ferulic acid polymers (i.e., secondary cell wall assembly and defense response). ROS metabolizing enzymes (catalase and peroxidases) represented 9% of the annotated proteome.



Cork Quality Discrimination by the Proteome of Cork Producing Cells

A PCA analysis of the proteome discriminated the cork quality groups (Supplementary Figure S2D) with 16% and 14% of the variation being explained along the 2nd and 3rd PCA axis. The integrative analysis of proteome and phenolic data was suitable to discriminate the examined cork quality groups (PC1 68%, Figures 5, 6). In detail, the groups largely differed for the phenolics component and less for the proteome component. Only 14 protein spots, a small fraction of the 355 spots detected (ANOVA statistics, Figures 5, 6 and Table 2) allowed discrimination. Unique protein identification was available for only 10 spots (Table 2 and Supplementary Table S3). Consistently, only a small fraction of the polypeptide spots differentially accumulated in cork quality groups (Supplementary Figure S2 and Supplementary Table S3). Similarly to previous reports (Pinheiro et al., 2013), the assessment of a given polypeptide spot as differently expressed accumulated was univariate test dependent. In the present work, we considered a gel spot signal to be distinct between cork quality groups when simultaneously assessed by the two non-parametric tests (p < 0.05 for MW; p < 0.08 for KS). In the proteome data set, 22 protein spots fulfilled this criterion with unique identification being achieved for 16 spots (Supplementary Table S3). This list largely overlapped with protein spots ascribed as discriminators between cork quality groups through the integrative proteomics and phenolic analysis (Table 2). Exceptions were verified for protein spots 425 (no protein identification achieved) and for 1777 (identified as cyclophilin). Altogether, our analysis identified 18 proteins as having quantitative differences between the quality groups, 14 of them having bigger volumes in N-SQC.
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FIGURE 5. Integrative PCA of significantly different metabolite and protein abundance levels (ANOVA p < 0.05, n = 5, z-transform data, using COVAIN), distinguishing cork quality groups. Only significant variables are shown. All the phenolics were significantly associated with a cork quality group. The PCA loadings were used to build the plot (x- and y-axis).
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FIGURE 6. Integrative hierarchical cluster analysis of all statistically significantly changed metabolites and proteins (ANOVA, p < 0.05, n = 5, using COVAIN). Blue color means variables accumulated in N-SQC; red color indicates accumulation of compounds of SQC. All the phenolics were significantly associated with a cork quality group.



TABLE 2. Summary table of cork quality discriminant proteins following integrative data analysis (Inferno RDN tool) and peptide annotation.
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One putative isoform of cyclophilin (spot 1777) was 35% more abundant in N-SQC. This was only one of four candidate cyclophilin isoforms and when all the presumed isoforms were considered, cyclophilin was found 53% more abundant in N-SQC producing cells.

Three isoforms candidates of isoflavone reductase were significantly more abundant in N-SQC, altogether representing 50% more volume when compared with SQC. Considering all the nine putative isoforms detected in our dataset, N-SQC producing cells exhibited 20% more volume of isoflavone reductase. These proteins were included in the lignan biosynthesis category due to its identification as isoflavone reductase that catalyzes the NADPH-dependent reduction of phenylcoumaran benzylic ethers. However, the detailed peptide analysis only confirms the identification of NmrA-like family domain containing proteins (IPR008030), described as negative regulators of the transcription factor AreA. NmrA-like proteins are a subgroup of the NAD(P)-binding domain (IPR016040) that overlaps with the NAD(P)-binding domain superfamily (IPR036291). Among the 33068 proteins that present the NmrA-like domain, 65 are from Viridiplantae – Arabidopsis and Oryza6. This superfamily includes many reductases (e.g., isoflavone reductase homolog P3 or pinoresinol -lariciresinol reductase 3 from Arabidopsis) and, in plants, this function seems to overlap with the role of negative regulator of transcription that is recognized in fungi.

One isoform of glutathione S-transferase dehydroascorbate reductase-like (spot 1354), was significantly more abundant in SQC (15 %). Considering all seven putative isoforms detected, no quantitative changes were found between the cork quality groups.

The protein detected in spot 1163 (40% more abundant in N-SQC) was identified as calcium-binding protein. Additionally, in three other spots, proteins were also identified as calcium-binding protein. These proteins share the EF-hand domain (IPR002048), which is detected in 473 and 344 proteins, respectively, in Arabidopsis and rice. The EF-hand motif is an evolutionary related calcium-binding domain exhibited by many calcium-binding proteins7. The biological role is diversified and the lack of additional information only permits to consider a potential calcium sensor role.

One putative isoform of annexin (spot 1044), a calcium-dependent phospholipid-binding protein, was differently abundant between the cork quality groups (40% more spot volume in N-SQC). When considering all three isoforms detected, N-SQC producing cells exhibit 30% more of this protein. Recent reports suggest multiple roles for annexin, including signal transduction, exocytosis and endocytosis and organization of the extracellular matrix8.

Spot 1870 was found to be differently accumulated in N-SQC (45%), the protein being identified as RNA-binding protein. This protein exhibits the RNA recognition motif domain (IPR000504), the same motif was detected within five other spots. Taking into consideration their similarity, three different proteins were most likely detected. Proteins of spots 1870, 1905, and 1928 were seen as potential isoforms and when considered together, they were significantly more abundant in N-SQC than in SQC (30% more). Proteins from spots 1694 and 1697 were also regarded as potential isoforms and were also detected in higher abundance in N-SQC (25%). A similarity analysis conducted against proteins with the same functional annotation pointed toward mitochondria as their subcellular location. Proteins with this RNA recognition motif domain are described to play different roles including binding to heterogeneous nuclear ribonucleoproteins, small nuclear ribonucleoproteins, regulation of alternative splicing and regulation of RNA stability and translation. Polyadenylate-binding proteins are also RNA binding proteins, and one isoform was found to be more abundant in N-SQC (40%, spot 724). This protein was detected in four spots and all to be considered putative isoforms with no quantitative changes between the cork quality groups found.

One regulatory subunit of the 26S proteasome (superfamily IPR035263) was found to be differently abundant, showing a two-fold increase in N-SQC producing cells. This regulatory subunit is an ATPase with an AAA+ domain. The AAA+ superfamily of ATPases is involved in protein processing, transport and degradation9.

Two isoform candidates for ATP synthase were found to accumulate 30% more in N-SQC than in SQC. Additional 7 possible isoforms were identified as ATP synthase, and when all potential isoforms were considered in N-SQC producing cells, it exhibited 15% more of this protein. Once again, the similarity analysis pointed out for mitochondria as the most probable subcellular location for these isoforms candidates. The transport across the mitochondria outer membrane via porins also showed differences between the cork quality groups. Several porins were detected in our dataset, and a detailed analysis indicated the presence of the domain IPR027246. This feature supports a role as a translocator channel (Tom40) for unfolded protein across the outer mitochondrial membrane. One Tom40 isoform was found to be differently expressed (40% more abundant in N-SQC, spot 1220). The same trend was observed when all the ten putative isoforms were considered, with N-SQC producing cells exhibiting 25% more of this protein translocator.

Detailed peptide analysis allowed to confirm the identity of spots 1687 and 1709 as an acyl-carrier proteins (ACP), the volume of spot 1687 being 30% higher in SQC. Several other acyl-carrier-proteins (reductases and dehydrases) were identified. When the volume of the four acyl-carrier proteins was considered, no quantitative changes were found between the cork quality groups. These proteins function as cofactors in the de novo synthesis of fatty acids major constituents of suberin, cutin, and cellular membranes (Huang et al., 2017).

Stoppable quality cork also showed higher abundance of one Caffeoyl-CoA O-methyltransferase putative isoform (25% higher, spot 2856). But, when the volume of the five isoform candidates detected were considered, no quantitative changes could be found between the cork quality groups. Caffeoyl-CoA O-methyltransferase (EC 2.1.1.104) is a S-adenosyl-L-methionine-dependent enzyme (IPR029063) involved in the synthesis of different monolignols which are components of lignin (Zhong et al., 2000). Similarly to caffeoyl-CoA O-methyltransferase, no quantitative changes were found between the cork quality groups for S-adenosylmethionine synthetase (involved in cysteine and methionine metabolism as well as in the biosynthesis of secondary metabolites).

One presumed isoform, 2,3-bisphosphoglycerate-independent phosphoglycerate mutase, an enzyme involved in glycolysis, was assessed as differently accumulated in SQC (40 % higher volume, spot 513). But when considering the volume of all the three isoform candidates, no quantitative changes were found between the cork quality groups. Also, when all the glycolytic enzymes (and its several putative isoforms) were considered, no quantitative changes were found between the cork quality groups, the same trend was observed for the ROS metabolizing enzymes.




DISCUSSION

At the debarking, the proteome of the Q. suber cork producing cells showed high demand for energy and metabolic building blocks (carbon and amino acids; Figure 4), as previously observed by Ricardo et al. (2011). Quercus proteomes are largely under-represented in the literature (fewer than 25 papers by March 2013; Pinheiro et al., 2014) and to the best of our knowledge, only our study and that of Ricardo et al. (2011) have analyzed the cork producing proteome literature survey in December 2018 using the same sources and search criteria as Pinheiro et al. (2014).

The direct comparison of the proteome (this study) and the transcriptome (Teixeira et al., 2014) of cork producing cells showed differences between the two scales of analysis (Supplementary File S1 and Supplementary Figure S3), namely for the molecular function. The functional annotation of the proteome and transcriptome dataset showed a large preponderance of enzymes (catalytic activity) and binding. Proteome analysis, but not the transcriptome analysis, revealed high abundance of oxidoreductases (26%) and metal ion binding (16%) proteins The enzymes annotated under these functional categories included several dehydrogenases and enolases (involved in glycolysis and respiration) and signaling related proteins, such as annexins and other Ca2+ binding proteins.

Our study showed that proteome of recently formed suberized and un-suberized phellem, in combination with quali-quantitative analysis of soluble and cell wall-bound phenolics, can be used as proxy for the quality grade of the cork plank. Considering the relative costs of analysis, phenolics seems to provide a more accessible proxy of cork quality. Our study, showed that SQC producing cells made greater investment to the synthesis of cell wall-bound phenolics compared to N-SQC cells. It also revealed a large association of hydroxycinnamic acids and ferulate esters to cell wall polymers (via covalent bonds). The extent of ferulate oxidative cross-linking has been reported to influence the extensibility of cell wall and, consequently not only cell growth, but also pathogen accessibility (Mathew and Abraham, 2004). Consistently, our results, especially the content of coniferaldehyde, which represents a branch point of the biosynthesis of coniferyl and sinapyl alcohol (Pereira, 2007; Marques et al., 2016), was higher in SQC than in N-SQC, thereby indicating a more active lignin biosynthesis. On the contrary, N-SQC producing cells invested mostly in the biosynthesis of soluble phenolics, mainly hydrolysable tannins, consistently exhibiting a higher reducing capacity (more 40% compared to SQC producing cells; Figures 1, 2). Soluble phenolic compounds can play multiple cellular functions, from free radical scavenging (antioxidants) to the regulation of enzyme activity. Hydrolysable tannins (gallic acid esterified with sugars and forming oligomers or polymers) are effective antioxidants (Santos et al., 2010; Khoddami et al., 2013), with strong impact on ROS homeostasis and redox sensing, and hence, on the integration of external stimuli (Mhamdi and Van Breusegem, 2018; Waszczak et al., 2018). In addition, hydrolysable tannins have a role in the cross-linking and aggregation of proteins, contributing to biotic defense via anti-microbial activity (Dixon et al., 2002; Vogt, 2010). In our study, quantitative, but not qualitative differences were observed in both proteome and phenolic metabolism, therefore suggesting that the distinct cork quality is related to a fine metabolic pathway regulation. We speculate that cells integrating external stimuli to synthesize soluble hydrolysable-tannins at expenses of cell wall-bound phenolics, produce N-SQC, though the matter deserves further investigation.

The significance of phenolic metabolism on cork quality was further illustrated by group discrimination achieved when using protein, phenolic compounds or a combination of both (30% vs. 86% vs. 79%, respectively; Supplementary Figures S1C, S2D and Figure 5). The lower discrimination driven by proteomic analysis was likely due to low proteome polymorphism, since differences in the proteome were quantitative. Additionally, less than 10% of detected protein spots showed significant changes between quality groups. Our study revealed mitochondrial metabolism as one of the most distinctive feature of different quality groups, at the proteome level. Indeed, the abundance of several proteins with putative mitochondrial location was higher in N-SQC: these included ATP synthase, RNA-binding proteins, and unfolded protein translocation to the mitochondria, i.e., import of proteins synthetized de novo via Tom40, a membrane protein essential for import of protein precursors into mitochondria.

Albeit we have used dry weight as unit basis, equivalent number of cells couldn’t be assessed in the present work. In addition, cell wall thickness per cell also emerged as a relevant trait. It is, therefore, necessary to establish the correlation between cell division and elongation, as well as between cell wall composition and thickness. Microscopic evaluation of cell shape and dimension could provide useful information on G × E effects on cork growth. Cell number (phellogen activity) and cell height (cellular expansion) are under genetic control (Powell and Lenhard, 2012; Miguel et al., 2016) but are also strongly dependent on environmental conditions (Pereira, 2007). The local combination of temperature and soil water availability largely impacts cork growth (Costa et al., 2016), with differences in cork annual growth being observed between and within geographical regions (Lauw et al., 2018). The basis for such phenotypic plasticity relies on both cork oak genetic diversity and local adaptations (Elena-Rossellö and Cabrera, 1996; Coelho et al., 2006; Modesto et al., 2014; Eriksson, 2017; Lauw et al., 2018).

Our sampling occurred in two distinct geographical areas and, therefore, our data reflected G × E interactions. Trees in each “montado” originated from spontaneous sowing and most likely share the same genetic pool. As a consequence, the impact of environmental factors on both population fitness (evolutionary record) and individual performance (short-term effect) should influence the cork quality.

It is suggested that the analysis of recently formed phellogen from individuals grown in the same geographical area, with known cork quality production and genetic provenance, is crucial to solve the complex matter. This should allow to specifically disclose cork-quality related traits in the same environment and to further test the relative abundance of soluble hydrolysable tannins and cell-wall immobilized phenolics and how they related with cork-quality groups.



CONCLUSION

Cork producing cells show a large preponderance of glycolysis, respiration and protein synthesis and degradation pathways, consistent with their meristematic nature. This observation is compatible with active cell growing phases, in which many proteins are produced and degraded according to the cell cycle phase. Active growth is further supported by a high respiratory demand. Redox regulation is also found relevant in cork producing cells, having the potential to regulate enzyme activity (e.g., glycolysis) and several other cell functions, including cell wall assembly and suberization. SQC and N-SQC producing cells exhibit similar protein patterns, suggesting fine regulations of the phellogen metabolic activity. One possible mechanism is through post-translational modification of the phellogen proteins, with impact on the meristematic activity, cell expansion and differential cell wall immobilization of phenolics. SQC producing cells exhibit a higher amount of cell wall-bound phenolics (hydroxycinnamic acids and hydroxybenzoic acids), which contrasts with N-SQC producing cells. N-SQC not only exhibits a higher amount of hydrolysable tannins but also differs in the type of most abundant component. Secondary metabolites confer a better hint to where we might find the actual key control mechanisms. In our study, distinct patterns of immobilized and soluble phenolics were observed concurrent with highly similar proteomes. We hypothesize that the observed differences in cork quality originates from: (i) regulation and activity of the enzymes involved in cell wall assembly and extracellular matrix dynamics, with strong impacts on cork thickness (ii) higher synthesis, transport and exocytosis of the cell wall components. The possibility to discriminate between SQC and N-SQC at molecular level provides a valuable diagnostic tool. Our study highlights hydrolysable tannins as promising metabolic markers. The validation of these metabolites would be very useful for the screening of individuals, especially if used early in selection.



DATA AVAILABILITY

All datasets for this study are included in the manuscript and the Supplementary Files.



AUTHOR CONTRIBUTIONS

CP, CR, and RT designed the project. RT selected the trees and collected the samples. CP, MT, and CB supervised the protein and metabolic extraction as well as data analysis. SP and JR were responsible for the proteomic mass spectrometry. OZ, MT, CB, and AG performed the phenolic extraction and HPLC-MS/MS analysis. CP, SP, CB, JdA, and SW were involved in data curation, validation, and analysis. CP, CR, and RT were involved in funding acquisition. CP, CR, MT, JR, and SW provided the necessary resources. All authors contributed to the manuscript writing, and read and approved the final manuscript.



FUNDING

This work was supported by the Fundação para a Ciência e a Tecnologia, Ministério da Educação e Ciência, Portugal (PTDC/AGRAAM/100465/2008) and by the COST action FA1306. JR and SP acknowledge the “Fonds National de la Recherche” of the Grand Duchy of Luxembourg, project SMARTWALL ref. C15/SR/10240550/SMARTWALL.



ACKNOWLEDGMENTS

The Q. suber samples were kindly provided by two producers associations: Associação de Produtores Florestais do Concelho de Coruche e Limítrofes (APFC) and Associação de Produtores Florestais da Serra do Caldeirão. Adelaide Machado is acknowledged for their valuable technical support.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2019.00944/full#supplementary-material



GLOSSARY

Phellem – aka as cork. Protective tissue composed of non-living suberized cells. It is produced by phellogen; Phelloid – unsuberized phellem; Phellogen – meristematic cell layers.
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N-SQC, non-stoppable quality cork; SQC, stoppable cork quality.
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Cowpea is a warm-season legume, often characterized as an orphan or underutilized crop, with great future potential, particularly under the global change. A traditional cowpea landrace in Cyprus is highly valued for fresh pod consumption in the local cuisine. In order to improve the yield potential of the landrace, the long-term response to direct selection for fresh pod yield and the associated changes in fodder and root biomass were investigated in a variety of fertility regimes under real field conditions. The non-stop selection process employed comprehensive pod, fodder, and root phenotyping at the level of the individual plant and resulted in the creation of a range of highly improved sibling lines with differential adaptation to micro-environments and with an improved ratio of pod to shoot and root biomass. The average rate of increase per year for fresh pod yield is at the level of 180 g per plant despite the relatively narrow genetic base of a single landrace and it is seemingly inexhaustible testifying to the great plasticity of the cowpea genome and the potential of the methodology to capture it. The corresponding high genetic gain was also confirmed under dense stands where the difference in pod yield between the best selection and the control amounted to 31.37%. Thus, the new focus apart from the simple variety maintenance should also include the continuous improvement and exploitation of micro-adaptation processes specific for individual fields that allow quick responses to environmental and climatic changes. This work presents also a novel approach to the multiple challenges encountered in root phenotyping and a method to meaningfully associate it with whole-plant performance in field conditions.

Keywords: prognostic breeding, Honeycomb selection designs, phenotyping equations, interplant competition, G×E interaction, climate change, spatial heterogeneity, root phenotyping


INTRODUCTION

Cowpea (Vigna unguiculata L. Walp.) is a warm-season legume, traditionally very important as a food staple and source of fodder for the African continent, India, the Americas, and other semi-arid regions (Timko and Singh, 2008), increasingly gaining importance in other parts of the world, including Europe. As cowpea is well adapted to drought-prone areas and has higher heat tolerance compared to other species (Lucas et al., 2013; Spriggs et al., 2018), its cultivation boundaries are expected to be shifted away from the tropics and sub-tropical areas in response to climate change (Draghici et al., 2016) and its status as a valuable crop is being elevated.

This trend is further significant for Europe where a shortage in crop protein sources has recently been addressed (Schreuder and Visser, 2014) and the significance of legumes is persistently being highlighted in recent years (Foyer et al., 2016). As a legume, cowpea provides an inexpensive source of protein, possessing a tremendous potential to contribute to the alleviation of protein deficiency. Its nutritious grains contain about 21–31% protein and 64% carbohydrate (Bressani, 1985; Timko and Singh, 2008; Gerrano et al., 2019), while it has been reported that cowpea fodder could contain up to 18.6 g protein per 100 g dry weight (Duke, 1990). In addition, cowpea contributes to the sustainability of cropping systems and improvement of soil fertility in marginal lands by providing ground cover and plant residues, nitrogen fixation, and weed suppression (Inaizumi et al., 1999). Cowpea is highly self-pollinated with experimental work suggesting that the pollination process in cultivated cowpeas is complete before the flower opens, while the occasional cross-pollination has been estimated to <1 or up to 2% (OECD, 2016).

The geographic location of Cyprus in the southeastern Mediterranean area provides a rather ideal environment for the cultivation of cowpea. Cowpea landraces occupy an important place in local cuisine, consumed both as immature fresh pods and as dry beans, whereas traditional animal farmers appreciate their fodder, usually what remains after the pod or grain consumption by humans. Cyprus landraces exhibit a highly prostrate habit with trailing plants possessing a large above ground biomass (Figure 1A) and are distinguished in two main types by their capacity to produce fresh pods in multiple (5–7), sequential harvests during spring and early summer (Figure 1B) or by their capacity to produce dry beans once or twice in early fall. Due to the plant morphology, the harvest of fresh or dry pods is performed manually.


[image: image]

FIGURE 1. Selection field of the local cowpea landrace “Argaka.” It is arranged as the Honeycomb selection design D19 for evaluation of 19 different entries at ultra-wide distances that exclude any interplant interference with the equal sharing of resources and permit the unhindered expression of the phenotype (A). Cowpea plants of the “Argaka” landrace in bloom after several consecutive harvests of fresh pods. The stem projections below the flowers indicate the attachment points of already harvested pods (B).



One of the most widely cultivated landraces in Cyprus is broadly called “Argaka” after a village bearing the same name in the west of the country and it is used for fresh pod production. In an effort to investigate reported productivity differences among various farmers, we undertook a long-term study of this landrace spanning the period 2009–2017.

It has been discovered (Fasoula, 1990) that when varieties are propagated under the dense stands of commercial production regimes in order to produce seed for the next sowing season, the negative correlation between yielding and competitive ability, measured for the first time, favors plants that possess lower yielding, but higher competitive ability. Those plants are propagated preferentially at the expense of higher yielding plants with lower competitive ability. As this common propagation practice under dense stands and visual selection is repeated over successive years, it gradually leads to the tangible degeneration of the variety and to the subsequent increase in non-uniformity within (Fasoula, 2011; Fasoula and Omirou, 2018b). The notion of the negative correlation between yielding and competitive ability has been further corroborated in cowpea (Kumar and Mishra, 2000).

As an antidote to the above, the concept of non-stop selection (Fasoula and Fasoula, 2000; Fasoula, 2012) has been proposed and successfully implemented in additional crops for both yield and quality traits (Fasoula and Boerma, 2005). The concept entails the year-to-year propagation of plants destined to produce seeds for the next sowing season under conditions that exclude any interplant interference (Fasoula and Fasoula, 1997), i.e., ultra-wide plant-to-plant distances and thorough eradication of weeds, as well as under conditions that effectively account for the masking effects of field heterogeneity in the selection process through the use of the Honeycomb selection designs (Fasoulas and Fasoula, 1995). No visual selection occurs at any stage.

When the practice of non-stop selection is combined with the principles of the prognostic breeding paradigm (Fasoula, 2013) the results are quite profound (Greveniotis and Fasoula, 2016). In prognostic breeding, the entries after the first cycle of selection consist of sibling families or lines, representing a group of plants having the same mother. This permits the simultaneous evaluation of individual plants on the basis of the two components of the crop yield potential, i.e., the plant yield potential and the stability index (SI), and greatly increases the efficiency of selection, since plant yield and stability are assessed concurrently in the same generation through each plant’s siblings, rather than through progeny testing in successive generations and years.

The aim of this study has been to investigate the long-term results of the application of non-stop selection and the prognostic breeding paradigm to the productivity and plant morphology of the local cowpea landrace “Argaka” exploring the limits of genetic progress that can be achieved within the relatively narrow genetic base of a single landrace of a highly selfing species and the possibility to continuously isolate superior genotypes with improved adaptation targeted at each specific micro-environment representing farmers’ fields.



MATERIALS AND METHODS


Site Characteristics and Selection Principles Outline

The study was initiated in May 2009 with seeds from the local cowpea landrace “Argaka” derived from farmers of the west Cyprus village bearing the same name. The landrace is characterized by its prostrate habit and the capacity to flower in multiple flushes producing fresh pods in five to seven sequential harvests performed by hand during a period of about 3 months in late spring and summer (Figure 1B). All trials (2009–2017) were conducted at the Zygi Experimental Station (34°44′30″N 33°19′42.5″E) of the Agricultural Research Institute. The field soil consisted of 22% sand, 36% silt, and 42% clay with pH (1:2.5 soil:water slurry) value of 8.2. The total organic C (Walkley–Black method) and N (Kjeldahl method) was 1.62 and 0.092%, respectively. During all years, plants were transplanted to the field at the two-leaf stage. The practice of transplantation is commonly used by local farmers and was therefore adopted for all trials. Each plant was individually irrigated through drip irrigation according to standard practices, while plant nutrients were applied by fertigation on a weekly basis depending on the irrigation needs and the growth stage of the plants using 19-19-19 as fertilizer except during 2009, where only basal fertilization was applied using 20-20-20 as fertilizer. Pest control was achieved following standard farming practices in the area and according to pest populations and disease incidences.

The arrangement of individual plants in the field (Figure 1A) followed one of the multiple Honeycomb selection designs (Fasoulas and Fasoula, 1995), as described under each year. During the first 3 years (2009–2011) the distance between the individual plants was 1 m within row and 0.9 m between rows to exclude any interplant interference. However, during the subsequent years and because of the trailing habit of the landrace, the distance between individual plants was increased to 1.8 m between rows and 2 m on the row. This distance facilitated pod harvest and was also most appropriate to perform individual root biomass measurements after Year 4. Each trial included a design code assigned to the control, i.e., bulked remnant seed from the original farmer source, except for years 2011 and 2017, when the control included progenies of a single control plant of the previous year and not the remnant bulk. The design code numbers assigned to sibling families during each year are independent of those used in other years, i.e., the line with design code 1 during 2010 is not the same with lines assigned the code 1 in subsequent years.

Selection of superior plants was based on the values of the plant phenotyping or plant prognostic equation, pPE, of fresh pod weight:
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The first component of the equation is the plant yield potential, measured by the plant yield index [image: image] which is unique and specific for each individual plant through the special arrangement of the Honeycomb selection designs (Figure 2). Each plant in every field position occupies the center of a complete and moving replicate and the yield value x of each central plant is expressed as a fraction with the denominator [image: image] being the average yield of all plants that form the moving replicate (Figures 2, 3). The second component of the equation is the plant stability of performance, measured by the coefficient of homeostasis or [image: image], where [image: image] and s are the mean plant yield and standard deviation, respectively, of the sibling line to which each plant belongs. Sibling plants of each line are allocated in a moving triangular grid (Figures 2, 4) spreading symmetrically across the field, thus [image: image] is the mean plant yield of each moving grid.
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FIGURE 2. The D7 Honeycomb selection design for the evaluation of seven different entries with design codes 1–7. Every plant belongs to the center of a complete and moving replicate, exemplified by the gray circles (moving complete blocks – MCB) across all field gradients. Plants with the same code numbers belong to the same entry and form a symmetrical and moving complete triangular grid across the field.
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FIGURE 3. The D19 Honeycomb selection design for the evaluation of 19 different entries with design codes 1–19. The derivation of the first component of the plant phenotyping equation and the principle of the moving complete block (complete and moving replicates) are exemplified with entry code 8 in the center. Notably, the unique equation value that characterizes each individual plant in all Honeycomb designs encompasses the stability of yield across environments through the stability index (SI).
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FIGURE 4. The D19 Honeycomb selection design for the evaluation of 19 different entries with design codes 1–19. The principle of the moving complete grids spreading across the selection field is illustrated for entries 3 and 4 and is valid for all design codes.



Further, the sibling line phenotyping or prognostic equation (sPE) was used to evaluate the sibling lines in each trial.
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where the first parameter is the sibling line’s SI, as in pPE, and the second parameter is the mean plant yield index of all plants belonging to this sibling line. In addition to the use of moving complete replicates, the action of the two equations in reducing the masking effect of soil heterogeneity on single-plant yields is further enhanced by the moving triangular grids (Figures 2, 4) spreading symmetrically across the field to ensure effective sampling of soil heterogeneity and select for stability.

As the trials were progressing over the years, the individual plants were also phenotyped for their fodder and root biomass. During certain years and in order to cover as many variations as possible of those encountered in the farmers’ fields, the studies included some adjustments in the amount of water and fertilizer each plant received, as well as the use of plastic ground cover in the field (Figure 1A), a common practice among many local farmers in order to conserve water. Details of the yearly trials are provided below.



Details of the 2009–2017 Trials

Year 1, 2009: A total of 315 cowpea plants were transplanted to the field on 14/05/2009 according to the layout of the D0 Honeycomb selection design that handles entries with no replications, since each plant of the 315 is considered to represent a unique entity. Twelve plants were selected and advanced to the next year’s trials based on their superiority regarding the pPE index of fresh pod yield after a total of five harvests. Each plant received a total of 72 L of irrigation water and 95 g of fertilizer (20-20-20), corresponding to 19 g N, 15.71 g K, and 8.21 g P.

Year 2, 2010: Seedlings of the 12 selected cowpea plants of the previous year were transplanted to the field on 09/06/2010 in two sub-trials, named A and B, according to the layout of two D7 Honeycomb selection designs (Figure 2) each capable to evaluate seven entries. Code numbers 1–6 in both sub-trials were occupied by the selected entries, while codes with number 7 by seed of the original landrace as a control. All codes comprised 36 individual plant replications for a total of 504 plants (7 × 2 × 36). Thirteen plants were advanced for the next year’s trials based on their superiority concerning the pPE index of fresh pod yield after a total of five harvests. Each plant received 78 L of irrigation water and 33 g of fertilizer (19-19-19) corresponding to 6.27 g N, 5.21 g K, and 2.69 g P. For the purposes of the present paper, only the sub-trial A is considered, since none of the lines included in the sub-trial B managed to out-yield others so as to reach the comparative trials of the final years (Supplementary Table S1).

Year 3, 2011: Seedlings of the 13 selected cowpea plants of the previous year were transplanted to the field on 19/05/2011 in two sub-trials, A and B, according to the layout of two D7 Honeycomb selection designs. Code numbers 1–7 in both sub-trials were occupied by the selected entries, with 45 replications of individual plants for all codes. Total number of plants in the trials was 630 and 13 were advanced in the next year based on their pPE index of fresh pod yield after a total of four harvests. Each plant received throughout the growing season 82 L of irrigation water and 42 g of fertilizer (19-19-19) corresponding to 7.98 g N, 6.62 g K, and 3.43 g P. For the purposes of the present paper, only the sub-trial A is considered, since none of the lines included in the sub-trial B managed to out-yield others so as to reach the comparative trials of the final years (Supplementary Table S1).

Year 4, 2012: Seedlings of the 13 selected cowpea plants of the previous year, along with seedlings of five plants of the 2010 trials that were deemed worth to be further advanced, were transplanted to the field according to the layout of the D19 Honeycomb selection design (Figures 3, 4) on 02/05/2012. Code numbers 2–18 were occupied by selected plants, while code number 1 was occupied by the control, with 30 replications of individual plants for all codes. Plastic cover was used across the whole field in order to study the effect of this practice on conserving water and the selection process. Total number of plants in the trial was 570 and 18 were advanced in the next year’s trials based on their pPE index of fresh pod yield after a total of seven harvests. Each plant received 46 L of irrigation water and 62 g of fertilizer (19-19-19) corresponding to 11.78 g N, 9.77 g K, and 5.06 g P. For the first time this year and throughout the remaining years, data from all individual plants included also the weight of the fodder biomass, in addition to the fresh pod weight.

Year 5, 2013: Seedlings of the 18 selected cowpea plants of the previous year were transplanted to the field according to the layout of the D19 Honeycomb selection design on 19/06/2013. Code numbers 1–18 were occupied by the selected plants, while code number 19 was occupied by the control, with 30 individual plant replications for all codes. Total number of plants in the trial was 570 and 18 were advanced in the next year’s trials based on their pPE index of fresh pod yield after a total of seven harvests. During this year, the Honeycomb trial was divided in three treatments, called “1,” “2,” and “3,” without affecting the plant arrangement in the field. In Treatment “1,” one-third of the plants, i.e., 190 plants, were placed under plastic cover receiving 43 L and 87 g of water and fertilizer (19-19-19) per plant corresponding to 16.53 g N, 13.71 g K, and 7.1 g P. The remaining two-thirds, i.e., Treatments 2 and 3, were placed in regular soil without cover, receiving 64 L of water per plant throughout the growing season. In Treatment “2,” plants received 45 g of fertilizer (19-19-19) corresponding to 8.55 g N, 7.09 g K, and 3.67 g P while plants grown under Treatment “3” received 34 g/plant of fertilizer by fertigation corresponding to 6.46 g N, 5.36 g K, and 2.77 g P throughout the growing season. For the first time this year and throughout the remaining years, the experimental handling of all plants included root biomass weighing after the last pod harvest. Thus, the dataset for each individual plant comprise its pod, fodder, and root weight.

Year 6, 2014: Seedlings of the 18 selected cowpea plants of the previous year were transplanted to the field according to the layout of the D19 Honeycomb selection design on 28/05/2014. Code numbers 1–18 were occupied by plants of the selected entries, while code number 19 was occupied by the control, with 30 replications for all codes. Total number of plants in the trial was 570 and 8 plants were advanced in the next year’s trials based on their pPE index values of fresh pod yield after a total of six harvests. Similar treatment arrangement to that of the 2013 Honeycomb trial was established. In detail, in Treatment “1” one-third of the plants, i.e., 190 plants, were placed under plastic cover receiving 24 L and 85 g of water and fertilizer (19-19-19) per plant corresponding to 16.15 g N, 13.40 g K, and 6.94 g P. The remaining two-thirds were placed in regular soil without cover, receiving 32 L of water per plant. In Treatment “2,” plants received 85 g of fertilizer (19-19-19) by fertigation, while plants grown under Treatment “3” received 16 g per plant of fertilizer by fertigation (19-19-19) corresponding to 3.04 g N, 2.52 g K, and 1.31 g P throughout the growing season.

Year 7, 2015: Seedlings of the eight selected cowpea plants of the previous year were transplanted to the field according to the layout of the D9 Honeycomb selection design on 27/05/2015. Code numbers 1–8 were occupied by the selected plants, while code number 9 was occupied by the control, with 21 replications for all codes. Total number of plants in the trial was 207 and 8 plants were advanced in the next year’s trials based on their pPE index of fresh pod yield after a total of seven harvests. During this year, the Honeycomb trial was divided in two treatments, called “1” and “2.” One half of the plants, i.e., 190 plants, were placed under plastic cover receiving 35 L of water and 90 g of fertilizer (19-19-19) per plant throughout the growing season corresponding to 17.10 g N, 14.93 g K, and 7.35 g P. In Treatment “2” plants were grown in uncovered soil, receiving 35 L of water and 90 g of fertilizer (19-19-19) per plant by fertigation corresponding to 17.10 g N, 14.93 g K, and 7.35 g P.

Year 8, 2016: Seedlings of the eight selected cowpea plants of the previous year were transplanted to the field according to the layout of the D9 Honeycomb selection design on 10/05/2016. Code numbers 1–8 were occupied by selected plants, while code number 9 was occupied by the control, with 40 replications for all codes. Total number of plants in the trial was 360 and 2 plants were advanced in the next year’s trial based on their pPE values. All plants were grown in regular soil without cover, receiving 70 L of water and 36 g of fertilizer (19-19-19) per plant in total during the growing period corresponding to 6.84 g N, 5.67 g K, and 2.94 g P.

Year 9, 2017: Seedlings of the two selected plants along with those of a single superior plant of the control were grown in the field following the arrangement of the D3 Honeycomb selection design on 11/05/2017. Ground cover was used and each plant received 30 L of irrigation water and 52 g fertilizer throughout the growing season corresponding to 9.88 g N, 8.2 g K, and 4.24 g P. Total number of plants were 234, corresponding to 78 single plant replications per code.



Whole-Plant Phenotyping for Fodder and Root Biomass

As trials were progressing over the years, the individual plants were also phenotyped for their fodder (years 2012–2017) and root biomass (years 2013–2017) in order to study the lateral, indirect impact of the direct fresh pod selection process on those plant parts. After the final pod harvest and having secured at least few dry seeds of all individual plants to be used in further trials, the remaining above ground biomass (fodder) of each individual plant was cut and weighted, while at the same time all individual roots were excavated, thoroughly rinsed, and weighted on the spot.



Evaluation of Selected Materials Under Dense Stands in Year 7 (2015)

The local “Argaka” landrace is valued for its fresh, long pods with harvesting performed by hand. In the farmer’s field, manual harvesting necessitates the adoption of wide distances among rows to allow the free movement of personnel. Thus, it is common among farmers to maintain a 2 m row-to-row distance, while adjusting the within row planting density, using 2 or even more seedlings around each drip of the irrigation tubing. To test the fresh pod yield performance of our selections at the commercial density used by farmers, a randomized complete block design was employed during 2015 to evaluate three superior entries selected during 2014, i.e., the families with design codes 7, 8, and 15, against the control. Bulk seed of the three entries and of the original seed source (control) was used in plots with four replications. Each plot consisted of a 22-m long row with 2 m distances between rows and two seedlings positioned around each drip every 60 cm.



Statistical Analysis

During all years, selection of superior plants was based on the unique and specific value of the plant prognostic equation corresponding to each individual plant using appropriate JMP scripts (Fasoula et al., 2019). Selection pressures were generally maintained at ultra-high levels, starting from a 3.8% in the first year of selection and increasing up to 1.3% in subsequent years. Where appropriate, pairwise comparisons between means of different genotypes were performed using Student’s t-test at a significance level p < 0.05. Analysis of variance (ANOVA) was performed only during the densely grown trials of 2015. Regression analysis was used to evaluate the rate of pod yield increase of selected families during time. These analyses were performed using the RStudio environment (R Studio Team, 2016).




RESULTS


Progress of Selection Through Whole-Plant Phenotyping of Fresh Pod Yield

The substantial progress achieved during the 9 years of selection for higher fresh pod yield in the local cowpea landrace “Argaka” is reflected in the change of frequency distributions of pod yields of individual plants between the first (2009) and the last year (2017) of the trials (Figure 5A). The negatively skewed distribution of 2009 with a maximum of 505 g pod weight of a single plant evolved to a completely different distribution with multiple novel yield classes and a maximum of 3,963 g pod weight of a single plant. The gradual transition of the distribution is evident in Figure 5B, when the intermediate selection year 2012 is considered against the last year.
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FIGURE 5. Distributions of total cowpea pod yield (g/plant) during the 2009 and 2017 growing seasons (A), cowpea pod yield (g/plant) during the 2012 and 2017 growing seasons (B), total fodder yield (g/plant) during the 2012 and 2017 growing seasons (C), and root biomass (g/plant) during the 2013 and 2017 growing seasons.



The evolution between the first and last years of observations of the distribution of fodder and root biomass for which no direct selection was applied is demonstrated in Figures 5C,D, respectively. The movement of these distributions toward negative skewness highlights the indirect adaptive response of the plants directly selected for higher pod yields towards reduced fodder and root biomass.

Table 1 presents a summary of the analysis based on the properties of the Honeycomb selection designs and the sibling phenotyping equation (sPE) concerning the three best families selected each year versus the control for all years of selection. The data are also expressed in % of the best family in each year. The design code numbers in Table 1 do not represent the same lines across the different years, i.e., the line with design code 1 during 2011 is not derived from the line with code 1 during 2010, and so on. The highlighted lines in each particular year represent those that led to the best selection with design code 2 in the final year.

TABLE 1. Comparative values of the mean pod yield, the stability index (SI), and the sibling phenotyping equation (sPE) for three of the selected lines each year, signified by their corresponding Honeycomb design code numbers, along with the corresponding control during the years of selection.
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The progress across years of the individual progeny plants that led to the best line with design code 2 in 2017 is also presented in Figure 6A, using the respective data of total pod yield in grams. The histograms depict the % increase relative to the average control yield of the first trial year 2009 (level 0, corresponding to 112 g). Figure 6B depicts the parallel path and fate of another sibling plant that was derived from exactly the same sibling lines as the one in Figure 6A until the seventh trial year (2015), but diverged during 2016 becoming line with design code 1 and whose inferior performance based on the lower SI index and sPE values compared to line with design code 4 in Figure 6A prevented its inclusion in the 2017 final trial. This differentiation potential among sibling plants was observed throughout the years with all entries. Additional such cases are exemplified in Figures 6C,D. Figure 6C follows the selection fate of another individual plant derived from the same mother plant in 2010 whose progenies failed to continue after 2016, while Figure 6D follows the fate of a plant originating from a different mother plant in 2010, that failed to continue after selection year 2014. Notably, many lines with transiently higher pod yields in grams, but with lower SI index values, were not able to sustain their superiority through the environments and years of selection. Consequently, they were not advanced in the final trials.
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FIGURE 6. Tracing the advancement of selected sibling lines through the years. Numbers within bars represent the design code of each line in the corresponding year. Panels (A,B) depict the parallel fate of sibling plants derived from exactly the same lines until 2015 but diverged in 2016. Panel (C) shows the selection fate of another individual derived from the same mother plant in 2010. Panel (D) follows the fate of an individual derived from a different line in 2010 that failed to continue after 2014. Additional information provided in the text.



The summary statistics of the trials for each year are presented in Supplementary Table S2. The data are the collective output of the total pod yield of the year and do not discriminate among individual entries. The rate of pod yield increase across years is derived as customary (Falconer and Mackay, 1996; Tefera et al., 2009) from the slope of the linear regression of pod yields of the selections on the corresponding year of the trials, representing the average rate of increase per year. It is at the level of 180 g per plant per year, highly significant (p < 0.001) with R2 = 0.64 (Supplementary Figure S1, depicting all the individual plant replications of the selected families, as well as the corresponding frequency distributions of each year).

The relative genetic gain can be estimated from the slope of the linear regression (Tefera et al., 2009) as the ratio of increase to the corresponding mean values of the control and expressed as a percentage. Considering that the mean value of all the individual control plants across years and environments is 655.3 g per plant, the relative annual genetic gain is estimated at 27.46%. This result is also in agreement with the 31.37% superiority of the best selected family vs. the control in the densely grown trials (Figure 12).



Whole-Plant Phenotyping for Fodder and Root Biomass

Figure 7 depicts the relative differences in % of the total plant biomass comprising pods, fodder, and roots between the control and selected lines with the respective design codes presented within each histogram for years 2013–2016. The actual values in grams corresponding to 100% are the following: for 2013, 1,476 and 1,387 g for family 8 and the control, respectively; for 2014, 1,204 and 1,123 g for family 7 and the control, respectively; for 2015, 2,644 and 2,875 g for family 3 and the control, respectively; and for 2016, 1,847 and 1,887 g for family 4 and control, respectively.
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FIGURE 7. Stacked bar graph of the relative differences in % of the total plant biomass comprising pods, fodder, and roots between the control and selected lines with the respective design codes presented within each histogram for years 2013–2016. Asterisks denote significant differences between the selected genotypes and the control within the same year by paired t-test for each plant part (pod, fodder, and root biomass). NS, not significant; *p < 0.05; ∗∗p < 0.01.



The results in Table 2 demonstrate the big differences in sPE values for pod, fodder, and root biomass among families selected for their pod yield. For example, in 2016, family 4 has the highest sPE values for pod yield and fodder biomass, but one of the lowest regarding root biomass. These results are complementary to Figures 9–11.

TABLE 2. Comparative values of the sPE for pod, fodder, and root biomass among the selected lines of Table 1 during the years of selection.
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Ground Cover and Fertigation Treatments

During the years 2013–2015 the trials included treatments comprising the use or not of plastic ground cover, as well as differential fertigation regimes described in the section “Materials and Methods.” These artificially created microenvironments within the selection field were used to derive a comprehensive SI for each family incorporating all responses of the individual plants across the field. This is possible since the response of each plant is not affected by its neighbors due to the wide distances employed. The multiple replicates, ranging from 30 to 78 across years, permit accurate selection in all fertility gradients. This is further supported by the t-test comparisons between the best family and the control within each year of selection (Supplementary Figure S2). During the final year 2017, the best family, selected under the various microenvironments described, exhibited a statistically significant difference compared to the control. This acquires additional importance, since the control of 2017 was derived from the single best control plant of 2016 instead of the bulk control seed.

Figure 8 shows the comprehensive picture of the individual plant frequency distributions across treatments and years. Treatment 1 consists of the use of ground cover with reduced fertigation, whereas Treatments 2 and 3 have no cover, with Treatment 3 receiving the least fertigation. The more stressful environment represented by Treatment 3 within years 2013 and 2014 is consistently reflected in the negatively skewed distributions of pod yield for which direct selection was applied and to a lesser degree in the fodder and root biomass for which there was no direct selection. When examining the trends across years for pod yield, there is a clear trend toward positive skewness of the relevant distributions, indicating that selection is effective regardless of the starting year or imposed treatments. Within 2015, the differences in the frequency distribution concern only the use or not of plastic ground cover with the same fertigation between treatments.
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FIGURE 8. Distributions of total pod yield (A–C), fodder (D–F), and root biomass (G–I) of cowpea plants (g/plant) grown under different treatments (Treatments 1, 2, and 3) across years 2013, 2014, and 2015. Dashed vertical lines denote the mean value of each parameter, details in the text.



Figure 9 depicts the response of each sibling family or line to the differential treatments within each year for pod, fodder, and root biomass. During years 2013 and 2014, 19 families were evaluated in a D19 Honeycomb selection design, whereas in year 2015, 9 families were evaluated in a D9 design. A striking observation is the fact that there are sibling families that are less affected by the differential treatments, as for example, families 3 and 11 in 2014 and family 7 in 2015. The various degrees of stability across treatments demonstrated by sibling lines, i.e., derived from the same mother plant, are notable. Again, pod biomass production is higher in Treatment 1 (ground cover) and the same is true for root biomass production across years. The latter was not necessarily anticipated since the response of root biomass to ground cover has not been previously documented.
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FIGURE 9. Mean pod yield (g/plant) of the different lines examined during (A) 2013, (B) 2014, and (C) 2015 under the different treatments (Treatments 1, 2, and 3). Spreads in the bar plots denote the standard error of the mean of each line.





Performance Under Commercial Densities

During the seventh year of the trials (2015), a parallel comparative trial was performed in order to evaluate the families selected based on their higher sPE with the control under the commercial planting densities used by local farmers. The results are depicted in Figure 12. All three sPE-selected families have significantly higher total pod yields compared to the control with the highest differences amounting to 31.37%. Further, they have significantly higher pod yields during certain of the individual and consecutive harvests with most notable and of high relevance the significant differences in the first two harvests that define the earliness of the variety. Interestingly, the control appears superior during the 3rd, 4th, and the last harvest, but this temporal superiority is not sustained when the overall pod yield is considered taking into account all consecutive harvests.




DISCUSSION

In conventional breeding schemes the entries under consideration for selection are traditionally evaluated in as uniform soil and environmental conditions as possible in order to extract reliable information about potential superiority. Otherwise, the Genotype × Environment (G×E) interactions interfere and minimize progress through selection. This standard knowledge about uniformity requirements is not of concern when evaluation is performed at the individual plant level as described in this series of trials. The properties of the Honeycomb selection designs permit the identification of superior plants in all fertility and moisture gradients within the selection field (Figures 2–4). Further, in all years after year 1 when the initial farmer germplasm was evaluated, the entries consisted of sibling lines derived from a small number of corresponding mother plants with the majority of them derived from a single, superior mother plant identified during the 2010 evaluation (Supplementary Table S1). Comparison among sibling lines offers significant advantages, including the possibility to evaluate plants concurrently on the basis of the two components of the crop yield potential expressed as unique individual values of the plant phenotyping equation assigned to each single plant, and the possibility to predict performance in the same generation of selection without the need to await results from the progeny testing in subsequent years (Fasoula, 2006, 2008, 2013; Greveniotis and Fasoula, 2016).

The partitioning of crop yield potential into components that can be reliably evaluated at the single plant level under the conditions ensured by the Honeycomb selection designs (Fasoula and Fasoula, 2000, Fasoula and Fasoula, 2002, 2018a) is a major step in improving progress through selection, especially considering the early segregating generations of a breeding program as well as the landrace-type of materials, where each seed has a unique genetic profile and there is not enough seed for conventional replications. This lack of adequate seed supplies is the main reason behind the very common practice of visual selection until enough seed is secured to allow replications, commonly between 3 and 6, of the densely grown plots. The obvious result of this postponement in evaluation is the irretrievable loss of potentially valuable genotypes. In the Honeycomb trials the number of replicates is commonly 30–100 and can easily increase as necessary since the unit of evaluation and selection is the individual plant grown in the absence of any interplant interference and not the densely grown plot. The relevance of the above in the present work is the results in Figure 12, where the comparison between the control original material and the selected lines is performed under the usual commercial densities. Figure 12 is also discussed below.

The results in Figure 5A highlight the novel classes of yield variations that appeared in the last year of direct selection for fresh pod yield compared to the original control material and the tremendous increase in yield, where the highest yielding individual plant during 2017 had a fresh pod yield of 3,963 g, i.e., almost 4 kg. Of interest are also the results in Figures 5C,D showing the adaptive responses in fodder and root biomass demonstrated by the selected families through the years, in order to be able to sustain the increased pod yield for which direct selection was applied at ultra-high selection pressures (percentage of selected individual plants each year ranges from 3.8 to 1.3). The progress to selection or genetic gain in a breeding program is directly proportional to the selection intensity (Falconer and Mackay, 1996), and the higher the selection intensity, i.e., the less plants advanced in the next generation of selection, the greater the progress. The average selection pressure in a conventional breeding program is commonly around 10% so as to avoid loosing potentially valuable materials due to imprecise evaluation (e.g., lack of enough seed for replications, visual evaluation). To estimate the rate of genetic gain in plant breeding, there exist various approaches, commonly using the linear regression of yield on different time points of the period under consideration comparing the new selections to the controls, where the slope of the line corresponds to the average increase per year (Tefera et al., 2009). In the current series of trials, the average rate of increase in pod yield per year is 180 g per plant (Supplementary Figure S1).

The results in Table 1 demonstrate that lines with the highest pod yield values are not necessarily those with the highest sPE values, as the SI can greatly differentiate the outcome. This is particularly evident when considering the control that has consistently lower SI and equation values since it has not been selected for stability. For example, during 2015, the control has a much lower sPE value due to decreased stability, although it has the highest mean pod yield compared to other years.

For a more direct perception of the progress through selection, the histograms in Figure 6 are presented, derived from the actual yields in grams of each sibling family across years, and not from the corresponding pPE values. The pPEs of each family represent unitless values that take into consideration the yields in grams within each moving replicate (Figures 2–4) and the SI of each sibling family based on the performance of family members within their own triangular grid extending across all field gradients. Figure 6 shows how sibling plants derived from the same mother plant and belonging to the same sibling line for a number of selection years can greatly diverge through the years and through exposure to the various, even if only slightly different, soil and environmental conditions encountered in this particular field. Cowpea is a highly self-fertilizing species with cross-pollination <2% (OECD, 2016) and this capacity for differentiation concerns both the higher yielding families and the lower yielding ones during all years in the trials. In no case a family with a low comparative sPE value produced progenies that gave rise during the next years to families with high comparative pPE values. The above testify against the occasional random cross-pollination effects. Further, the ultra-wide distances (2 × 1.8 m) employed in the trials are not conducive to cross-pollination by insects.

The ability for clear differentiation among sibling plants derived from seeds of the same mother plant whose superiority persists through the years highlights the great resolving power of the methodology toward uncovering the untapped genetic or even epigenetic potential among very close relatives. This opens the way to the possibility to derive closely related materials with differential adaptation to micro-environments within a single growing season and is particularly relevant when considering climate change effects and the need for quick adaptation to those (Singh et al., 2013). The results in Figures 5C,D are further elaborated in Figure 7 where the relevant proportion of pod, fodder, and root biomass is depicted for 2013–2016 for a series of selected families against the control. The progression of the selection process created a clear trend where the selected materials have a significantly higher proportion of pod compared to fodder biomass, and a consistently lower, although not significantly different, root biomass. It is noteworthy to mention that the ultra-wide distances employed in the Honeycomb designs are ideal to perform phenotyping studies of roots under real field conditions as the roots do not become entangled and the within-field variability is effectively controlled. Root phenotyping is a procedure fraught with difficulties and is rightly described as a phenotyping bottleneck (Fiorani and Schurr, 2013). Over the years, the comprehensive and labor-intensive process of phenotyping individual plants in terms of fodder and root biomass was performed in a total of 2,511 plants, corresponding to >5,000 weighing cases in total, whereas the pod phenotyping was performed in >4,000 plants in multiple harvests during each growing season, corresponding to >27,000 cases in total.

Importantly, since the direct selection process did not concern fodder and root biomass, their measurements reflect the indirect changes sustained by the plants selected for higher pod yields relative to the unselected control. During all years the same trend is observed, i.e., control plants have consistently lower pod and higher fodder and root biomass compared to the selections, pointing to the fact that the effects of indirect selection led to plants with differential allocation of resources within. Differences are statistically significant as indicated in Figure 7.

Cyprus cowpea farmers use a variety of irrigation and fertilization regimes to produce their crop. The common element in most cases is the use of drip irrigation in varying amounts. The use of plastic ground cover is known to conserve irrigation water and is preferred by many. However, it requires special equipment and not all farmers are using it. Further, not all farmers agree on the amount and mode of fertilization to be used, although it is recognized that the application of fertigation vs. ground fertilizer requires a more progressive mindset and some basic equipment.

In the trials reported here, we experimented with a variety of combinations, as described under the individual years. This is another important and flexible option allowed by the Honeycomb selection designs, since the consumption of resources of each individual plant in its own micro-environment is not affected by its neighbors and can be precisely monitored and evaluated without the masking effects of competition and soil heterogeneity. These micro-environments are created because of the native field heterogeneity, as well as because of the artificially imposed ground cover and fertigation treatments. The collective performance of the micro-environments corresponding to each family line is used to derive the unitless SI, a comprehensive measure of stability of performance leading to the identification of the most stable entries. Further, the conditions in the Honeycomb trials allow the application of very precise nutrition and irrigation regimes on a per plant basis, creating conditions that exactly correspond to the ideal of precision agriculture. Thus, in our approach, the environmental differences are not to be avoided, but to be exploited in order to select for stability of performance across years and environments. In further testament to the success of selection for stability exploiting the different microenvironments, the comparisons of the results between years 2012 and 2017, where the ground cover was used across the whole field, are most interesting. In particular, during 2012, each plant received 46 L of irrigation water and 11.78, 9.77, and 5.06 g of N, P, and K nutrients, respectively, whereas in 2017 the corresponding values were only 30 L of irrigation water and 9.88, 8.20, and 4.24 g of N, P, and K nutrients per plant. This further testifies to the high rate of increase achieved and the corresponding high genetic gain.

Further, the use of ground cover demonstrated the capacity to increase pod yield and identify individual plants with increased ability to exploit resources reaching an extremely high pod yield potential (Figures 8–11 and Supplementary Figure S1). This is in agreement with the use of ground cover by the farmers to conserve water without sacrificing yield. The fact that we used both ground cover and uncovered soil in the selection process, along with differential fertigation treatments, led to the creation of lines that perform very satisfactorily in different environments covering a wide range of farmer practices. When examining the trends across years for pod yield in Figure 8, there is a clear trend toward positive skewness of the relevant distributions as in Figure 5, indicating that selection was effective regardless of the starting year or the imposed treatments.

During the different treatments in 2013–2015 (Figures 9–11), large crossover effects became evident (Table 2), where there are sibling lines performing very different under the contrasting regimes. In Figure 9, this is the case for the pod yield of the lines with design codes 15 and 16 in 2013 that are sibling lines derived from the same plant during 2012. Similarly, in 2014, the sibling lines with design codes 5 and 6 exhibit rather contrasting performance among treatments. In Figure 10, where the fodder biomass is depicted, the lines with design codes 17 and 18 in 2014 are sibling lines derived from the same plant of 2013. In the case of root biomass in Figure 11, analogous example is the differences in 2013 between sibling lines 6 and 7, which have been derived from the same mother plant in 2012. There are also cases where certain lines are differentially affected by the treatments in their pod yield vs. fodder and root biomass (2015 line with design code 7, Figures 9–11, where the treatments did not affect as much the pod yield). Our approach demonstrates that cross-over effects can be successfully exploited to identify lines with increased stability of performance.
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FIGURE 10. Mean fodder biomass (g/plant) of the different lines examined during (A) 2013, (B) 2014, and (C) 2015 under the different treatments (Treatments 1, 2, and 3). Spreads in the bar plots denote the standard error of the mean of each line.
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FIGURE 11. Mean root biomass (g/plant) of the different lines examined during (A) 2013, (B) 2014, and (C) 2015 under the different treatments (Treatments 1, 2, and 3). Spreads in the bar plots denote the standard error of the mean of each line.



The results in Table 2 further demonstrate the high discrimination potential of the sPE and the fact that lines with the highest sPE values for pod yield are not necessarily the same with those having the highest sPE values for fodder or root biomass. Root phenotyping is of paramount importance for agriculture, including low-input systems and marginal environments (Fiorani and Schurr, 2013). Breeding efforts that select for specific root traits are limited despite the importance of the root systems (Paez-Garcia et al., 2015). This series of trials describes a whole-plant root phenotyping method, readily transferable to other crops, concurrently connecting the results with the above ground biomass and commercial yield under real field conditions and under a variety of irrigation and fertilization regimes.

The results in Figure 12 show the pod yield superiority of three lines from the selection process against the control both in terms of total pod yield and pod yield of the individual harvests under commercial planting densities. The selected lines have significantly higher total pod productivity with the difference from the control amounting to 31.37%. Further, they are more productive during certain of the consecutive harvests with most notable and of high relevance the differences in the first two harvests that define the earliness of the variety and the time that the first fresh pods of the year will reach the market commanding the highest prices. This fact is of great interest to farmers who commonly use low plastic tunnels to raise the soil temperature and protect the seedlings in early spring in order to be able to produce the early pods of the season. Thus, this management practice can be further enhanced by the genetic improvement toward earliness as evidenced in the superior selections. Notably, the accomplishment of earliness was another indirect consequence of the direct selection for yield, and not for secondary traits related to yield.
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FIGURE 12. Mean pod yield (g/plant) of lines selected on the basis of their high spE values and the control under commercial planting densities (A) and the mean pod yield after each harvest event (B). Spreads in the bar plots denote the standard error of the mean of each genotype. Asterisks denote significant differences between the selected line and the control by paired t-test. Lack of asterisk, not significant; *p < 0.05; ∗∗p < 0.01.



In addition to the direct applications towards increasing cowpea pod yields and enhancing farming practices, this long-term series of trials produced a range of valuable and contrasting genotypes, comprehensively characterized for quantitative traits at the whole-plant level that are available to the community for additional genomic studies. The overall cowpea genomic resources available today can further elucidate the underlying causes of our observations. A whole-genome shotgun (WGS) assembly was reported for cowpea (Muñoz-Amatriaín et al., 2017), while most recently, the whole cowpea genome was sequenced (Lonardi et al., 2019).



CONCLUSION

In this work, we demonstrate a continuous progress to selection with high shifts in the progeny mean compared to the parental mean that starts from the first generation of selection. To ensure that this progress is continuous and reproducible, we used many years and environmental conditions, while including the original farmers seed as a control. In addition and of relevance to this project, cowpea pod yield is sensitive to the heat conditions encountered each year that can affect flowering and pod setting. In the particular Cyprus landrace that we work with, this critical period is encountered up to seven times per year, since the fresh pod harvest takes place continuously for up to 3 months. So, each selected plant in the trials has responded successfully to multiple environmental screenings and outyielded its siblings. And yet, this hard-earned superiority can sometimes be overcome during the next generation of selection. Owing to the precision of our approach, we demonstrate that sibling lines get continuously differentiated and despite the very similar genetic background and common origin from the same mother plant, not all of them are advanced with equal success during the 9 years of selection. This by itself is a very interesting outcome.

The series of trials described here demonstrate the great plasticity of the cowpea genome and an apparently inexhaustible potential for high response to selection under ultra-high selection pressures during a decade. The key to this impressive outcome is the focus of phenotyping and selection on the individual plant grown at field distances that exclude any interplant interference with the equal sharing of resources (i.e., there is no interplant competition) using innovative selection designs that precisely account for all aspects of the native field heterogeneity, as well as of the artificially imposed treatments. The analysis of crop yield potential to two components that can be accurately and precisely estimated at the level of the individual plant is a key element to the success of the process. Direct selection for yield was successfully implemented at all stages using no indirect selection for secondary traits related to yield.

The possibility to identify within a single growing period divergent sibling lines from seeds of the same mother plant in a highly selfing species and at any point during the long-term selection process, further testifies to the potential of the approach. These lines show quick differential adaptation to micro-environments, an important fact especially when considering climate change and the urgent need for efficient methods to respond to it. Thus, the new focus, apart from the simple variety maintenance should include their continuous improvement and exploitation of micro-adaptation processes for different fields. Last but not least, this work presents a novel approach to the multiple challenges of root phenotyping and a means to meaningfully associate it with whole-plant performance in the field. The precisely characterized individual plants in terms of their quantitative responses to contrasting environments will be useful to deeper investigate the notion of one individual whole-plant phenotype corresponding to one individual genome through the currently available cowpea genomic resources and will also serve to feed modeling approaches in the future.
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FIGURE S1 | Relationship between cowpea pod yield of individual plants of selected lines of the local landrace “Argaka” and year of selection. The corresponding pod yield frequency distributions are depicted below the regression graph. The slope of the linear regression represents the average rate of annual increase in pod yield (180 g/plant).

FIGURE S2 | T-test comparisons between the best family and the control within each year.

TABLE S1 | Tracking the progenies of selected sibling lines in the course of 9 years of selection as described under the section “Materials and Methods.” Notably, the final exceptional Line 2 in the last year of selection (2017) was derived from one exceptional plant of the original farmer’s seed in 2009 that gave Line A2 during 2010 in yellow. However, not all progenies of Line A2 were able to outperform other plants and lines and thus, they were not advanced with equal success during the subsequent years. This is also the case with the progenies of other lines that were formed during the years of selection highlighting the sensitivity of selection achieved when using the phenotyping equations.

TABLE S2 | Summary statistics per year of all trials during the selection considering the total output of the trial, not the individual lines.
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The Mediterranean climate is characterized by hot dry summers and frequent droughts. Mediterranean crops are frequently subjected to high evapotranspiration demands, soil water deficits, high temperatures, and photo-oxidative stress. These conditions will become more severe due to global warming which poses major challenges to the sustainability of the agricultural sector in Mediterranean countries. Selection of crop varieties adapted to future climatic conditions and more tolerant to extreme climatic events is urgently required. Plant phenotyping is a crucial approach to address these challenges. High-throughput plant phenotyping (HTPP) helps to monitor the performance of improved genotypes and is one of the most effective strategies to improve the sustainability of agricultural production. In spite of the remarkable progress in basic knowledge and technology of plant phenotyping, there are still several practical, financial, and political constraints to implement HTPP approaches in field and controlled conditions across the Mediterranean. The European panorama of phenotyping is heterogeneous and integration of phenotyping data across different scales and translation of “phytotron research” to the field, and from model species to crops, remain major challenges. Moreover, solutions specifically tailored to Mediterranean agriculture (e.g., crops and environmental stresses) are in high demand, as the region is vulnerable to climate change and to desertification processes. The specific phenotyping requirements of Mediterranean crops have not yet been fully identified. The high cost of HTPP infrastructures is a major limiting factor, though the limited availability of skilled personnel may also impair its implementation in Mediterranean countries. We propose that the lack of suitable phenotyping infrastructures is hindering the development of new Mediterranean agricultural varieties and will negatively affect future competitiveness of the agricultural sector. We provide an overview of the heterogeneous panorama of phenotyping within Mediterranean countries, describing the state of the art of agricultural production, breeding initiatives, and phenotyping capabilities in five countries: Italy, Greece, Portugal, Spain, and Turkey. We characterize some of the main impediments for development of plant phenotyping in those countries and identify strategies to overcome barriers and maximize the benefits of phenotyping and modeling approaches to Mediterranean agriculture and related sustainability.

Keywords: heat and water stress, crop selection and performance, high-throughput, phenotyping technology, phenotyping infrastructures



Introduction



Major Agricultural Crops in Mediterranean Europe

Mediterranean countries are important producers of vegetables, legumes, cereals, fruits, olives and olive oil, grapes, and wine. Vegetable production accounts for 13.7% of the EU’s agricultural output with 63.9 million tons of vegetables grown in 2016 (EUROSTAT, 2017). Spain and Italy were the leading producers, contributing 24.1% and 17.4% of EU vegetable production, respectively. Tomatoes, carrots, and onions were the most widely produced vegetable crops. In 2016, 18 million tons of tomatoes were produced, 60% originating from Italy and Spain (EUROSTAT, 2017). Italy, Portugal, and Spain are also major centers for processing tomato and tomato paste production (Costa and Heuvelink, 2018). The largest EU fruit producers are Spain (33.4%), Italy (18.7%), and France (11.4%). Olives, grapes, apples, oranges, and peaches are the main components of EU fruit production and are mainly grown in Mediterranean countries such as Italy, Spain, Portugal, and Greece (Avni et al., 2017, EUROSTAT, 2017; OIV, 2019). Regarding processed grapes, the EU is the leading global wine producer, with about 50% of the world’s vine-growing area (3.2 million ha) and sustaining about 65% of wine production by volume (EUROSTAT, 2017; OIV, 2019). Spain, France, and Italy account for 81% of the cultivated area of grapevines within the EU. They are followed by Germany, Portugal, Romania, and Greece (EUROSTAT, 2017). The EU accounts for 75% of global olive oil production (10 million tons in 2016), and about 95% of the world’s cultivated area of olive trees is located in Mediterranean countries. Leading EU producers of olives are Spain (65.6%), Italy (19.4%), Greece (9.5%), and Portugal (4.8%) (EUROSTAT, 2017).

Total cereal production (rice included) in the EU reached 309 million tons in 2017, representing 12% of global production (EUROSTAT, 2018). According to the same source, wheat is the most cultivated cereal in EU, making up about 50% of total production. Of the remaining half, two-thirds correspond to maize and barley (EU Commission, 2019a). Other cereals grown in smaller quantities are rye, triticale, oats, and spelt. Cereal production represents 54% of arable land (55.5 million ha) within the EU and is economically important in Mediterranean countries, under irrigated and non-irrigated conditions. France has the greatest area devoted to cereal production with 9.5 million ha and is followed by Germany (6.3 million ha), Spain (6.0 million ha), and Italy (3.1 million ha) (EUROSTAT, 2018). In Greece and Portugal, cereals are also economically important, due to their resilience to drought under the harsh climatic conditions. Rice is also a significant crop in European countries such as Greece, Spain, Portugal, and Italy, where there are ongoing breeding programs. In contrast to wheat, which is largely exported from the EU, rice is mainly imported. Several breeding programs for cereals are being implemented in EU (e.g., WHEALBI—improving European wheat and barley production), targeting selection for more resilient cultivars to the demands imposed by climate change, as a result of greater attention from breeders, traders, and governments (Kahiluoto et al., 2019).

Outside the EU, Turkey is a major contributor to European and global agricultural production. In 2017, Turkey accounted for approximately 70% (12.6 million tons) of EU tomato production (TURKSTAT, 2018). Moreover, cereal production in Turkey accounts for approximately 50% of the country’s total arable area (38 million ha) with a production output of 34.5 million tons. The most important crops are wheat (20.6 million tons), barley (6.7 million tons), and maize (6.4 million tons) (TURKSTAT, 2018). Turkey is also a major global producer of fruits and vegetables (Güneş et al., 2017), specifically, grapes (4.2 million tons), apples (3 million tons), olives (2.1 million tons), oranges (1.9 million tons), hazelnuts (0.7 million tons), and green tea (1.3 million tons) (TURKSTAT, 2018).

Forestry is another economically crucial sector for Europe, in addition to providing environmental sustainability and key ecosystem services. European forests can also help to mitigate the impact of climate change and enable adaptation policies. Indeed, EU forests absorb the equivalent of about 10% of the total annual greenhouse gas emissions from the EU (EU Commission, 2019b). Forest species are thus another phenotyping target in a Mediterranean context, with its own needs and specifications (e.g., selection traits), but our focus will be on agricultural crops and related phenotyping issues in the Mediterranean.




Challenges and Limitations in Mediterranean Agriculture

The Mediterranean region typically experiences long periods of drought and abrupt rainstorms and floods that negatively impact on crop performance as well as the available water and soil resources. The region has typical dry periods combined with high temperatures and a marked inter-annual weather variability, which results in a large and a highly variable demand for irrigation and in higher incidence of pests and diseases (Iglesias et al., 2012; Bebber et al., 2014; Giorgi, 2006; Giorgi and Lionello, 2008). Spain, France, Italy, Greece, and Portugal account for 86% of the total irrigated land in the EU (EU, 2015). Increased inter-annual weather variability makes it more difficult to predict drought periods and successfully implement mitigating measures (e.g., improved irrigation management). Decreased precipitation and extended drought spells tend to cause salt intrusion in coastal areas, reducing the quality of water resources and increasing soil degradation (EEA, 2012; IPCC, 2014; Hart et al., 2017; EASAC, 2018). Soil quality and health are obvious matters of concern worldwide (Bai et al., 2018; EASAC, 2018), and EU directives are focused on a more sustainable use of soil, water, fertilizers, and biocides. There is a wide variation in terms of Mediterranean agricultural systems, in the allocation of arable land percentage for each crop, farm size, and the area of farmland that is irrigated (Supplementary Table 1). The EU’s farming production system is based on small-sized farms, particularly in the Mediterranean (Supplementary Table 1), which poses additional challenges to the agro-food sector. As compared to larger enterprises, small agricultural operations are more susceptible to climate change and prone to economic variation due to limited funds and/or capacity to invest (Campbell and Thornton, 2014; Hart et al., 2017). In parallel, increased urbanization, excessive land fragmentation, climate change, and shortage of natural resources (e.g., water), all contribute to increased vulnerability in the Mediterranean region, specifically, Portugal, Greece and Turkey (Supplementary Table 1; Costa et al., 2016, Yucer et al., 2016).

A more comprehensive understanding of the specific agricultural environment found in the Mediterranean region is required to support rural development and to meet the goals of the EU-Common Agriculture Program of CAP 2014-2020 (EU, 2015; EU Commission, 2017a). More productive and sustainable agriculture depends on up-to-date knowledge and use of modern technologies, preferably at low cost, to enable more precise use of inputs and to promote circularity (EIP-AGRI, 2019). Technologies that improve data acquisition, interpretation, and management to enhance logistic organization in the food chain can help to boost EU agri-food supply chains (EU Commission, 2017b).

Digitization of agriculture and expansion of precision farming can reduce costs and minimize the environmental impact of agriculture (EU, 2015). For example, geo-location technologies could be used by farmers to comply with the Nitrates Directive, which concerns water protection against nitrates pollution from agricultural sources (EPRS, 2017). In parallel, novel agronomic strategies for canopy and soil management, alongside the development of genotypes that are more resilient to drought and heat stress, are in great demand from the Mediterranean agricultural sector (Mhadhbi et al., 2015; Zivy et al., 2015; Ollat et al., 2016, EPRS, 2017; Haworth et al., 2018a; Novara et al., 2018; Reynolds et al., 2019).





Crop Phenotyping in the EU



Different Scales and Approaches

Plant phenotyping, based on non-destructive image analysis, data management, and modeling, has emerged as a cutting-edge technology playing an important role in plant and agronomic sciences, namely, to design new crops, characterize the responses of genetic resources to the environment, and improve the breeding and management of crops (i.e., precision agriculture). Therefore, implementation of such technologies is crucial for sustainable agro-food operations, while optimizing the use of natural resources such as water and soil.

Investments in phenotyping facilities have taken place across the globe over the last decade including in Europe (see https://eppn2020.plant-phenotyping.eu/EPPN2020_installations#/). These high-throughput platforms are generating considerable volumes of data that provide valuable insights for plant/agronomic sciences and plant/crop breeding as evidenced by the increasing number of publications derived from these phenotyping facilities (Costa et al., 2019).

Plant phenotyping can be carried out at different levels of biological organization (Figure 1) with similar aims and outputs. At one extreme is molecular phenotyping (proteomics, metabolomics, etc.) and the related areas of cellular and tissue phenotyping (the latter less common in plants (Schiefelbein, 2015)), and at the other extreme is whole-plant/ecosystem phenotyping (Figure 1).
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Figure 1 | Phenotyping at different scales and levels of plant biological organization: from the molecular level (A) until the plant (E) and ecosystem level (F). Arrows indicate the complementarity between different phenotyping levels and the need of integrating phenotyping outputs for improved practical application e.g., in crop selection and breeding. Different plant species were used as examples (Quercus suber L., Fontinalis antipyretica Hedw., Arabidopsis thaliana L., Oryza sativa L., and Vitis vinifera L.).




Organ phenotyping (e.g., leaves, roots, fruits) is most commonly used in high-throughput screening, with structural phenotyping (number of fruits, leaf area, leaf shape, leaf color, shoot elongation, plant architecture, etc.) and functional phenotyping (e.g., leaf gas exchange, volatile organic compounds, etc.) being investigated in both model species and crops (Costa et al., 2015; Ghanem et al., 2015; Walter et al., 2015; Tardieu et al., 2017; Reynolds et al., 2019). Top-down and bottom-up phenotyping approaches can be therefore designed, depending on research and application goals (Figure 1). Whole-plant phenotyping is closely related to breeding and biotechnology programs to deliver improved cultivars that are able to cope with environmental stresses. Molecular/cellular phenotyping is directed toward the investigation of gene function and biochemical pathways underpinning physiological mechanisms affecting development, productivity, and stress responses (Dhondt et al., 2013).

Phenotyping requires networks and interactions of sensor and data bases (e.g., new sensors, automation, machine learning, big data) with biological and agricultural sciences (integration of physiology with omics at different time and space scales in diverse environments). Phenotyping is also increasingly linked to modeling studies. Phenotyping should ideally be conducted at maximal throughput (number of units processed per unit time), resolution (distance between two spatial or time points), and dimensionality (number of captured traits). However, in practice, a trade-off between these three phenotyping descriptors must occur due to economic, technological, time, and personnel constraints (Dhondt et al., 2013). The integration of information across different levels of biological organization is impaired because of such trade-offs. Due to technological limitations, phenotyping at organ and cellular levels is undertaken at low throughput but (potentially) high dimensionality. In contrast, whole-plant phenotyping, is increasingly operated on a high-throughput but low dimensionality basis. To overcome the existing gap between the molecular and the whole-plant levels, we need increased dimensionality in high-throughput plant phenotyping (HTPP) alongside increased throughput in molecular and cellular phenotyping. The establishment of shared plant phenotypic ontologies (Coppens et al., 2017) will produce “computable phenotypes” (Deans et al., 2015) and progresses in modeling will facilitate data and knowledge integration (e.g., Tisné et al., 2008; van Eeuwijk et al., 2019).

To support and accelerate plant improvement, plant phenotyping must be based on more cost-effective technologies and sensors (Reynolds et al., 2019; Roitsch et al., 2019). In this context, remote-sensing methods based on imaging are increasingly used in multiple applications: (a) eco-physiology studies and crop breeding (Costa et al., 2013; Deery et al., 2014; Sankaran et al., 2015), (b) decision-making for precision agriculture (Zhang and Kovacs, 2012; Costa et al., 2013; Gago et al., 2017), (c) yield prediction (Son et al., 2013), and (d) prediction of spatial field variability in experimental sites (Araus and Cairns, 2014; Zaman-Allah et al., 2015). Remote-sensing techniques are non-destructive, non-invasive, fast, cost-efficient, and well-correlated with several agronomical and physiological crop traits (Marino et al., 2014; Reynolds et al., 2015; Condorelli et al., 2018). Moreover, remote sensing can provide an idea of spatial variability through time. Cheaper approaches (e.g., unmanned aerial vehicle [UAV]–based imaging technologies) can support field-phenotyping trials in plant-breeding programs, but simpler and more cost-effective image analysis and processing are required (Holman et al., 2016; Santesteban et al., 2017). The role of modeling as a tool to integrate knowledge on crop phenotyping is also crucial. Integrating phenotyping and modeling approaches can help to screen and identify complex traits in plants e.g., transpiration efficiency in cereals (Chenu et al., 2018) or in grapevine (Gago et al., 2017).




Plant Phenotyping in Europe: A Heterogeneous Panorama

Plant phenotyping remains largely heterogeneous in Europe, with a greater investment in facilities in countries such as France, Germany, or the Netherlands (Table 1), followed by lower levels in Spain, Portugal, Greece, and Turkey. Developments regarding infrastructure, technology, knowledge, and training and application have been occurring at different speeds and intensities when we compare Northern and Southern EU countries. In particular, budget limitations commonly experienced by research and academic institutions in Southern European countries may preclude construction of plant-phenotyping infrastructures. Plant phenotyping in Europe is also heterogeneous in regards to the requirements of phenotyping (field vs. greenhouse crops, traits of interest) (see Table 1). Technological developments in precision and digital farming, alongside crop-phenotyping and phenomics, could provide valuable information regarding crop/cultivar adaptability to abiotic and biotic stress targeted toward more sustainable crop production (Araus and Cairns, 2014; Araus 
et al., 2018; Reynolds et al., 2019). Yet, due to the high costs in the short term, establishment of farm-based phenotyping infrastructures is unachievable for many EU countries. The economic crisis, the generally small size of companies involved in this sector (i.e., breeding), lack of perception by growers/officials, and delayed public and private investments in phenotyping infrastructures have limited plant-phenotyping capabilities in Southern Europe. The lack of pilot-phenotyping infrastructures in public institutions and universities makes it more difficult to identify and meet the technological challenges associated with precision breeding and farming systems, as well as restricting public awareness about the advantages of phenotyping infrastructures. Within Mediterranean countries, France and, to a lesser extent, Italy remain as exceptions (Table 1). France and Germany are pioneers in plant phenotyping, with a higher number of facilities and publication output in this domain (Costa et al., 2019). In 2018, the French Phenotyping Network (www.phenome-fppn.fr/) congregated nine phenotyping platforms, including controlled conditions (two units), semi-controlled conditions (two units), field conditions (three units), and molecular platforms (two units). This panorama contrasts with other Southern Mediterranean countries (Table 1).





Table 1 | Summary of the major characteristics of phenotyping activities developed in EU countries analyzed in this study (Portugal, Spain, Italy, and Greece) and in Turkey. Data on French, Dutch, and German situations is provided as examples of advanced levels of phenotyping approaches/technology and to enable a more robust comparison between Northern and Southern EU countries.
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Improved integration of phenotyping and genetic and genomic platforms and resources should facilitate increased understanding of crop performance for the development of more effective breeding strategies and also guarantee improved big data management (Lopes et al., 2014; Coppens et al., 2017; Reynolds et al., 2019). To accomplish these aims within the EU, the European Plant Phenotyping Network (EPPN) (supported by the H2020 Programme) has been created. It will provide the European public and private scientific sectors access to a wide range of modern plant-phenotyping equipment and methodologies and promote efficient exploitation of genetic resources for crop improvement 
(http://www.plant-phenotyping-network.eu/eppn). The EPPN established a pan-European infrastructure that includes the whole phenotyping pipeline (involving sensors and imaging techniques), data analysis, and interpretation in a biological context and meta-analyses of experiments carried out on different organs and at different scales of plant organization. The EPPN currently operates in 10 countries providing access to 36 different plant-phenotyping facilities to the users. Furthermore, the European Strategic Forum for Research Infrastructure (ESFRI) has recognized plant phenotyping as a priority for the European research area to achieve food security in a changing climate context. Consequently, EMPHASIS (European Infrastructure for Multi-Scale Plant Phenomics and Simulation—https://emphasis.plant-phenotyping.eu) was included in the ESFRI Roadmap 2016 (https://www.esfri.eu/roadmap-2016) as a project to develop and implement pan-European plant phenotyping facilities available to the user community. EMPHASIS aims at increasing the integration of major players and users involved in data acquisition, management, storage, and sharing, to provide a more practical use of the available phenotyping data to analyze genotype performance in diverse environments (EMPHASIS, 2018). EMPHASIS is organized to permit fair access to phenotypic, environmental, and meta-analysis data sets for genetic analysis and modeling. This process is currently under development in the EMPHASIS PREP and EPPN2020 projects (EMPHASIS, 2018, Figure 2). The EU COST Action FA1306 (The quest for tolerant varieties—phenotyping at plant and cellular level) has further contributed to improve networking by facilitating the exchange of researchers, knowledge, skills, and training across countries, thus leveraging the absence of phenotyping facilities within some EU countries.
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Figure 2 | Data flow from trials to genetic analyses and dissemination considered within the EMPHASIS and ELIXIR which are two ESFRI infrastructures, dedicated to phenomics and data sharing and integration, respectively. ESFRI is the European Strategy Forum on Research Infrastructures, aiming at developing scientific integration of Europe and to strengthen its international outreach. The relation between data production/analysis and modeling will be promoted by the interaction of the academic/industrial communities focused on phenomics (e.g., EMPHASIS) as well on crop modeling (e.g., AgMIP project—Agricultural Model Intercomparison and Improvement Project, http://www.agmip.org/) (adapted from EMPHASIS, 2018).







To further enhance the sustainability of agriculture in Mediterranean countries, the establishment of phenotyping facilities remains a timely and indispensable issue. In the following section, we provide a short overview of the major characteristics of the existing phenotyping infrastructure and the knowledge and networks available in Southern Mediterranean countries.





Plant Phenotyping in the South European Mediterranean Region



The Situation of Greece and Portugal

Greece and Portugal share rather similar constraints in terms of agricultural production, related to climate change vulnerability and limited investments in innovation and technology. The recent economic crisis had a marked impact on the development and use of modern technologies in the agriculture and agri-food sectors. Therefore, the panorama for plant/crop phenotyping is closely identical in the two countries and will be discussed in parallel.

Greek agriculture is based on a large number of annual and perennial crops including grains, pulses, vegetables, fiber, and olive and fruit orchards. A significant number of local landraces are present and cultivated in islands and marginal lands. During the last 50 years, breeding efforts and programs provided an increased number of registered varieties. Plant breeding in Greece is achieved mainly by conventional methodologies, because acquisition of molecular technologies was initiated recently. Consequently, phenotyping target traits such as leaf gas exchange, chlorophyll a (chl a) fluorescence, nutrient deficiencies, and infections have most commonly been assessed (Yol et al., 2015) by visual observations in combination with a range of chemical analyses. Nonetheless, modern technologies are being currently incorporated in breeding and to monitor crop performance. Significant efforts have been made in utilizing modern technologies to improve agricultural competitiveness (Koutsos and Menexes, 2019). In this respect, the emerging digitization of the Greek agricultural sector targets enhanced sustainable use of resources and inputs. The use of precision farming technologies can help to maximize farming output, in association with the use of the EU’s Copernicus system data by allowing farmers to receive warnings of extreme weather events and specific information on crop management (e.g., irrigation, fertilization). Several companies and associations are already providing digitized services to farmers for open field crops in Greece (Barnes et al., 2019), but the engagement of both the academic and research communities is crucial to train agronomists and scientists in the use of new technologies for data collection and processing.

For most crops in Portugal, selection and breeding work remains modest. However, similar to many other Mediterranean countries, Portugal is rich in ancient landraces and crop wild relatives that are relevant for breeding programs and germplasm collections. For instance, yield and quality traits of grapevine varieties and respective clones are currently under field evaluation, exploiting the large Portuguese collection of ancient grapevine varieties (30,000 genotypes held by the Portuguese Association for Grapevine Diversity, PORVID) (Gonçalves and Martins, 2012; Martins and Gonçalves, 2015). In grain legumes, a breeding program started in 1986, and 30 years of activity have resulted in 16 new varieties of pulses registered in the Portuguese National Catalogue of Varieties. The breeding program has contributed to an increase in the area of cultivated land in Portugal. As a result, highly adapted cultivars such as the chickpea “Elvar” have become the predominant chickpea cultivar in Portugal and southern France (I. Duarte, INIAV, pers. comm.). An intensive breeding program is also going on for rice (Negrão et al., 2013; Pires et al., 2015; Almeida et al., 2017) and other cereals; pastures and fodders, are also being targeted by the National Institute of Agrarian and Veterinary Research (INIAV).

In Portugal, phenotyping research targets are focused on both model species and crops, at the molecular/cellular level and at the whole-plant level. However, it is still predominantly low-throughput phenotyping, based for example on leaf gas exchange (Cruz de Carvalho et al., 2011; Ribeiro et al., 2016) or thermography (Costa et al., 2016) and medium-throughput phenotyping utilizing rapid chl a fluorescence induction transients (Silvestre et al., 2014). Portugal lacks a phenotyping network and HTPP infrastructures capable of supporting rapid speed characterization of relevant crop traits (e.g., growth, yield, quality, stress resilience). Such HTPP infrastructures should result from a joint effort of academic institutions and private agribusiness partners. Growers and officials have limited perception of the relevance of such infrastructures for improving crop productivity and harvest quality. Although the EPPN provides fully controlled environment facilities, phenotyping trials performed in climate-specific locations (in open field facilities) could increase complementarity between laboratory-based work and “real-world” scenarios. These facilities should preferentially be located in different bioclimatic Mediterranean zones to increase the coverage of more extreme conditions (e.g., high temperature trials). Therefore, investment in Mediterranean region countries is needed at three major levels:

(1) open-field facilities to study the eco-physiological dynamics of plant species and specific crops in their natural environment (this is relevant for grapevine, olive, legumes, cereals, and forest species);

(2) semi-controlled climate conditions within modern glasshouse facilities equipped with both contact and remote-sensing phenotyping tools to assess crop physiological performance;

(3) fully controlled climate conditions (climate chamber facilities) for molecular phenotyping (e.g., identification of key genes related to crop developmental traits and response/adaptation to stress); these facilities would complement the existing EPPN network, thus increasing the number of European facilities with fully controlled environmental conditions (in the entire EPPN network, only two facilities are currently able to perform heat stress experiments).

To optimize experimental design of trials and data analysis/processing, a web-linked computational facility for data management and modeling should be installed in parallel; this would also require standardization of the procedures used in data acquisition. Modern phenotyping procedures would increase the characterization of important crops, such as grapevine, where research currently extends from molecular physiology to crop eco-physiology and agronomy, including precision viticulture and remote sensing. Nonetheless, machine learning techniques alongside spectroscopic approaches are currently employed in Vitis phenotyping (Gameiro et al., 2016; Fernandes et al., 2018). The wine sector could particularly profit given the large inter and intra-varietal collections of Vitis vinifera L. available (Martins and Gonçalves, 2015) and the fact that the Iberian Peninsula is considered a secondary centre of grapevine domestication (Cunha et al., 2015). Improved conservation and characterization of germplasm collections would empower the competitiveness of Portuguese and Mediterranean viticultures. Tools to quantify the phenotypic impact of intra-varietal genetic variability and the means to carry out large-scale selection/breeding in both greenhouse and field conditions are required. Likewise, improved phenotyping facilities and tools at greenhouse and field levels for fruit, cereals (e.g., rice, maize), and legume crops (e.g., beans, chickpea) would assist in the characterization of regional genotypes/landraces and in the identification of putative adaptations to low-input farming systems, thus supporting the development of varieties with improved biotic and abiotic stress resistances.

For Greece and Portugal, the exploitation of current plant phenomics and crop-phenotyping technologies and strategies could provide valuable data for improved management of biodiversity resources, fostering crop/cultivar adaptability to climate and resistance against pests and diseases. However, field-phenotyping infrastructures are still unviable due to high costs. Some initiatives have been instigated to implement the use of phenotyping strategies in crop management, particularly using thermal and multispectral imaging alongside ground-based and aerial approaches see projects INTERPHENO http://interpheno.rd.ciencias.ulisboa.pt/, WineClimAdap or, VINBOT http://vinbot.eu/). For both Portugal and Greece, low-cost phenotyping approaches (and/or platforms) would be the most feasible way to move forward on the short to medium term, considering current financial constraints.




The Situation of Spain

Spanish agriculture is highly competitive at both the European and global levels. The country is a major exporter of both fresh and processed agricultural and horticultural goods/products (MAPA, 2018). Nevertheless, drought and heat stress alongside increasingly vulnerable soil water resources due to climate change make the present scenario more negative especially for Southern provinces (AEMET, 2018). Spanish agriculture and horticulture have, over the last decades, experienced large investments in innovation and technology, specifically directed to irrigation and modern management systems (precision farming, remote sensing, etc.) (Giannakis et al., 2016; Lainez et al., 2018). The financial support of both central and regional governments to the agribusiness has favored the competitiveness of Spanish agriculture/horticulture (Alarcón and Arias, 2018; https://europa.eu/european-union/topics/agriculture_en).

Spanish research groups are working at the whole-plant-phenotyping level mainly through the use of imaging techniques for stress detection at the lab and field levels. Laboratory-based phenotyping research in Spain has been focused on biotic plant stress (parasitic plants and pathogens e.g., viruses, fungi and bacteria) using low-throughput imaging sensors for chl a fluorescence, UV induced-multicolor fluorescence (MCF: blue, green, red, and far-red), and thermography (Pineda et al., 2011; Pérez-Bueno et al., 2015; Pineda et al., 2017; Ortiz-Bustos et al., 2017). Some groups are focused on field-phenotyping approaches and precision agriculture, stress detection, and irrigation management by making use of hyperspectral and thermal sensors at the field and plant levels (Calderón et al., 2013; López-López et al., 2016; Zarco-Tejada et al., 2016; Gago et al., 2017).

Plant and ecosystem functions are also evaluated by mean of proximal and remote sensing, as well as diverse ecophysiological measurements (Gamon et al., 2016; Zhang et al., 2017). This research is focused on climate change, atmospheric pollution, and emission of biogenic volatile organic compounds (VOCs). Plant phenotyping methods are used in breeding programs and to improve the understanding of the ecophysiological and metabolic mechanisms of abiotic stresses responses in Mediterranean crops. Phenotyping technology has been tested in both controlled and field conditions. For example, the performance of UAV and field-based HTPP approaches have been compared using RGB and multispectral and thermal aerial imagery in combination with ground-based sensors to assess varieties of barley and maize under different nitrogen and phosphorus treatments (Araus and Cairns, 2014; Gracia-Romero et al., 2017; Kefauver et al., 2017).

The relationship between photosynthesis and production under drought conditions in Mediterranean crops is of special interest. The production of high-quality wines in Protected Designation of Origin Areas under a full range of climate conditions is particularly important in Spain (Resco et al., 2016). In grapevine studies, UAV technology using thermal sensors has been employed to monitor the physiological status of plants subjected to different irrigation treatments alongside ground-based physiological stress measurements at the leaf-and-stem level (Gago et al., 2017). Researchers and private wine cellars from different wine-producing regions of Spain are working together with companies specialized in robotic research. The main goals of this collaboration are the application of unmanned mobile robots (aerial and ground vehicles) to optimize precision farming to reduce the input of phytosanitary products in vineyards and help farmers in decision-making.

The use of phenotyping techniques in the early detection of emerging pathogens is of particular interest in Spain and other South European countries. Xylella fastidiosa is a quarantine pathogen in the EU, and it has been detected in Spain, Italy, France, and Germany https://www.eppo.int/ACTIVITIES/plant_quarantine/shortnotes_qps/shortnotes_xylella. X. fastidiosa is a threat to multiple crops (e.g., the olive, almond trees, grapevine, citrus, and ornamentals) across the whole Mediterranean (Olmo et al., 2017; Zarco-Tejada et al., 2018). Phenotyping tools (e.g., thermography and multispectral sensors) can help to rapidly assess symptoms and identify novel resistant cultivars while supporting controlling measures of the pathogen (Parisi et al., 2019).

The economic crisis had, and still has, a major impact on public investment in research in Spain (Alarcón and Arias, 2018). Similar to Portugal and Greece, financial constraints may explain the lack of HTPP platforms in Spain. Therefore, research efforts have been mainly directed in the development of low-cost phenotyping strategies and establishment of synergies in the country to create interdisciplinary teams/networks, combining expertise in robotics, imaging sensors, big data, plant physiology, breeding, and precision farming. Integration of Spanish phenotyping research within the existing European Networks is needed. For example, no Spanish group has yet joined the EPPN, although some research groups are present in the EMPHASIS-PREP project that is preparing the coordination of the EU plant-phenotyping infrastructures and programs.




The Situation in Italy

Research in Italy has focused on phenotyping for selection of crop and fruit tree varieties with improved tolerance to environmental stresses, in particular heat stress and drought (e.g., Lauteri et al., 2014; Chakhchar et al., 2017; Haworth et al., 2018b). However, interest in different applications of plant phenotyping has also emerged recently. For example, the impact of higher winter temperatures on impaired dormancy and yield in high-value fruit trees, such as almonds (Hoeberichts et al., 2017), and the development of drought tolerant biomass crops for cultivation on rain-fed marginal lands that are not currently utilized for food production (e.g., Haworth et al., 2017) have formed the basis for phenotyping studies. The majority of this phenotyping work has involved “low-cost” or “low-throughput” methodologies such as biometry, photosynthetic gas exchange, and carbon isotope discrimination (δ13C) analyses (e.g., Centritto et al., 2009; Haworth et al., 2018b). However, automated screening (Minervini et al., 2014) and more in-depth biochemical and genetic investigations within controlled environment facilities have commenced and are working in collaboration with key phenotyping infrastructures in Europe (Danzi et al., 2019). The on-going goal for phenotyping in Italy and much of Europe is to be able to characterize the phenome of large numbers of individuals, including those for which the genetic bases have been investigated, under conditions representative of current and future challenges to plant growth and production.

Policy makers and researchers in Italy have acknowledged the necessity to address the challenges posed by the delay in matching current progress in genotyping and breeding with adequate phenotyping for assisted selection. There is wide political and scientific consensus that developing the capacity and capability of plant phenotyping will be a formidable tool in mitigating the impact of climate change and land degradation, and their consequences on agricultural production and the overall farming economy. The Italian Plant Phenotyping Network (PHEN-ITALY: www.phen-italy.it) was established in 2017 to coordinate and develop plant-phenotyping research within Italy. The PHEN-ITALY network consists of 13 research organizations, universities, and regional agencies led by the National Research Council of Italy (CNR) and Agenzia Lucana di Sviluppo e di Innovazione in Agricoltura (ALSIA) where a large HTPP infrastructure is operating. CNR is a partner within the EMPHASIS-PREP. PHEN-ITALY aims to become the Italian infrastructural node of EMPHASIS. PHEN-ITALY also participates in the EPPN and the activities and projects of the International Plant Phenotyping Network (IPPN). Following the main principles of plant phenotyping (non-invasive and high-throughput measurements), the PHEN-ITALY infrastructure is based on optical systems (LemnaTec GmbH Scanalyzer Laboratory and Greenhouse models) that include a conveyor system, two imaging stations (fluorescence, NIR, and RGB sensors), and three computer stations to study: (i) the phenotypic background of genetically characterized crops of interest in Italy (durum wheat, tomato), (ii) the root to shoot architecture of plants, and (iii) the VOCs emitted by plants as markers of biodiversity and stress. For example, 3D scanning and chlorophyll fluorescence technology have been used to non-destructively assess the physiological and molecular responses to drought of tomato sprayed with a commercial mixture of amino acids and nutrients (Petrozza et al., 2014) and genetic differences in nitrogen assimilation in Lotus japonicus (Parlati et al., 2017). Moreover, PHEN-ITALY supports public–private partnerships focusing on the development of innovative diagnostic and analytic technologies based on the interaction of plant genes, nutrition, and environmental stress (Figure 3) (Santaniello et al., 2017).
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Figure 3 | The ALSIA greenhouse phenotyping facility (Basilicata, southern Italy) consisting of Scanalyzer 3D-systems which include conveyor belts (0.3 km and 500 cars) and image chambers: (A, B) the robot system for randomization of pots, consistent monitoring of pot weight, accurate application of water and imaging of plants; (C) phenotyping of tomato seedlings; and (D) phenotyping of root architecture.








These collaborations between publically funded research organizations and commercial partners will enhance the applicability of phenotyping to “real-world” scenarios through enhanced genetic and molecular crop development. The identification and development of crop varieties that are not only tolerant to stress, but with high nutritional quality, can ensure the future economic and ecological viabilities of European agriculture. In Italy, the value of precision agriculture has been recognized by allocation of national funds to phenotyping technologies as part of the trans-disciplinary drive toward “digital agriculture.” Increased automation and digital scanning technologies will facilitate non-invasive HTPP (Minervini et al., 2014; Scharr et al., 2016). In conjunction with transcriptomic and gene expression analysis, these HTPP screening approaches can be developed to remove the “phenotyping bottleneck” and enable a greater understanding of the GxExM interaction of genes (G), their environment (E), and the management (farming) practices (M) crop experience. Diverse collections of food (for example, the extensive CNR olive collection at the IVALSA Santa Paolina Azienda Sperimentale, Follonica, Tuscany—GPS coordinates: 42°56’02’’N 10°45’52’’E—which is made up of over 1,000 genotypes) and biomass (for example, collections of perennial grasses at the Universities of Catania and Bologna—Cosentino et al., 2006; Valli et al., 2017) crop varieties will provide platforms to develop “innovative facilities” where traditional phenotyping technologies can be integrated with novel approaches such as online analysis of the VOCs emitted during abiotic and biotic stress (i.e., VOC phenotyping), or remote spectroradiometry conducted by the growing number of unmanned aerial vehicles. The combination of expertise and biological resources available in Italy will maximize the potential of phenotyping technologies to address many of the challenges facing Mediterranean agriculture.




The Situation of Turkey—A Non-EU Member

Although there has been a major effort to adopt modern agronomic practices and technologies in Turkey, the low education levels of many farmers act as a barrier to disseminate such technologies. Plant phenotyping in Turkey is mostly based on quantitative description of anatomical, physiological, and biochemical properties of plants (Demirel et al., 2014; Kahriman et al., 2016; Kandemir et al., 2017). Turkey is not keeping pace with rapid developments in the field of automated, non-destructive image analysis or sensor-based phenotyping, and in most cases, phenotyping is performed manually. It is therefore difficult to undertake phenotyping in a high-throughput manner, especially at the physiological and biochemical levels. In addition, a national framework is needed to increase cooperation between scientists working in the field (determination of traits, yield, and performance) and those working in the lab (cellular- and molecular-level phenotyping). This is insufficient at present. Phenotyping is usually performed by agricultural research institutes funded by the government and private sectors to select breeding material. In addition, universities undertake phenotyping in basic and applied research for breeding purposes; none of which is high-throughput.

There are some individual efforts to adopt and/or develop new phenotyping technologies in Turkey that are limited to academia (e.g., Kurucu et al., 2004; Genc et al., 2011; Ustuner et al., 2014; Kahriman et al., 2016; Ünal et al., 2017). In recent years, the main scientific funding agency in Turkey, the Scientific and Technological Research Council of Turkey (TUBITAK), announced grant calls to support selection of new breeding materials and development of new cultivars for various crop species, which provides an opportunity to establish facilities for HTPP. However, another bottleneck for the use of high-tech phenotyping techniques in Turkey is insufficient human resources, especially people educated in software and computer engineering willing to work with and assist plant biologists. Therefore, strategies and plans to provide sufficient skilled personnel must be adopted by the government, universities, and private sector. To solve these problems and to explain the need of HTPP approaches to both public and private institutions, a national phenotyping network should be established to support individual efforts within the country. Turkey would gain additional benefit from HTPP due to its large genetic diversity. The south eastern region of Turkey is known as the “fertile crescent,” where the early domestication of many crop plants occurred (Abbo et al., 2010). For example, archaeological findings suggest that einkorn wheat (Triticum monococcum) was grown around Sanliurfa between 10,000 and 12,000 years ago (Kilian et al., 2007).

Due to its rich diversity in landraces and wild relatives of crop plants, Turkey has great potential to contribute toward the development of abiotic or biotic stress–resistant crops. However, this would be only possible by utilization of HTPP techniques to elucidate new traits and catalogue phenotypes of these genotypes.





Discussion

The increasing constraints imposed by declining water quality/quantity, soil erosion, loss of soil fertility, and climate change with the associated increase in the incidence of extreme events poses significant strategic challenges for Mediterranean agriculture. This fosters the need of the agricultural sector to develop new agronomic practices and select novel varieties/cultivars for crops and orchards. Plant phenotyping has emerged as an indispensable tool to support precision agriculture and crop breeding for the benefit of crop production and agricultural development. In fact, plant phenotyping will increasingly play a vital role in the sustainability of Mediterranean agriculture in the context of climate change and scarcity of resources such as soil and water. Identification and development of novel crop varieties resilient to heat and drought stresses will help to minimize the agronomic, ecological, and socio-economic vulnerabilities to climate change in the Mediterranean region (e.g., Killi et al., 2016; Fraga et al., 2018). Therefore, it is of the outmost importance to improve the coordination of plant-phenotyping activities in Mediterranean countries to deliver the greatest benefit in terms of value and research outputs for the region. In addition, phenotyping may also enhance education and technological innovation, providing employment opportunities for highly skilled professionals.



Integrating Information Across Biological Levels

The ability to integrate information across different levels of organization (molecules, cells, tissues, organs, whole plants, canopies) is crucial to understand crop/plant responses to the environment, but such integrated information remains comparatively limited. Moreover, we must identify which traits to phenotype, and at which moment of the plant’s life cycle this should be done in a fast but robust way. These major questions must be addressed along with more specific issues during any investigation. The lack of integrated phenotyping data is a general drawback in plant phenotyping but is of particular importance in the Mediterranean region and related agriculture due to the structural complexity of field cropping systems (e.g., size and architecture of vineyards, olive trees, and orchards). The use of non-invasive methods facilitates more objective and repeatable measurements of traits such as plant architecture, fruit quality, and/or the impact of biotic or abiotic stress under field conditions. Moreover, improvements in phenotyping imaging technology are resolving limitations associated with variable backgrounds and light conditions (Kicherer et al., 2017). To effectively integrate complex information from contrasting biological organization levels, an increase in the dimensionality of HTPP is required alongside an increased capacity for molecular and cellular phenotyping. Large-scale investments in research capacity and staff training are thus needed. Phenotyping of Mediterranean crops could also be enhanced by increased knowledge of crop physiology. Currently, several EU Mediterranean countries such as Portugal, Spain, Greece, and Italy (as well as countries outside EU, like Turkey) integrate within international networks that provide access to phenotyping facilities established in other EU countries and also benefit from specific support in networking and expertise (EPPN, EMPHASIS, COST).

Other relevant topics are data handling and modeling to accurately describe complex traits relevant to plant productivity and responses to biotic and abiotic stresses. New advanced bioinformatics tools for data integration are required to process large sets of complex data produced through phenotyping pipelines to generate new knowledge on crop phenotypic plasticity in response to climate change. Meanwhile, and in contrast to experimental platforms, models have unlimited access and can be run independently by users. To this extent, the EMPHASIS infrastructure is able to provide the data/model quality policy that facilitates articulation between experimental platforms and models (https://emphasis.plant-phenotyping.eu/modelling). HTPP platforms and tools offer a new avenue in the parameterization of models to scale up data from molecular and morphological levels to breeding. Integration of phenotyping data with crop growth models can provide the means to evaluate and quantify the usefulness of agronomic practices [e.g., irrigation, (bio-)fertilizer, pesticide, etc.] to optimize resource use, as well as generate genotypes for different environmental contexts such as resilience to climate change. To this end, different classes of G2P (genotype-to-phenotype) models have been shown to help predict complex phenotypic traits as functions of GxExM interaction (van Eeuwijk et al., 2019).




Overcoming Barriers

The EPPN already provides both field and greenhouse facilities to assess crop performance in the Northern climate zone of Europe. Breeding programs for Mediterranean agriculture (and horticulture) demand improved selection criteria and phenotyping strategies for both field and greenhouse conditions. To achieve this, we must: (1) define selection criteria for crop and phenotyping traits, according to the specific breeding needs of each country/region; (2) optimize the practical implementation of phenotyping efforts, as a function of the specific conditions of each country; (3) raise financial support among public and private stakeholders, and (4) include HTPP in national research policies for agriculture.

Increasing integration of information across HTPP facilities (indoor, greenhouse or field) or different biological levels (as depicted in Figure 1) is crucial for more efficient phenotyping (Coppens et al., 2017). In parallel, it also allows improved data analysis/processing and enhanced modeling capabilities by combining different types of expertise.

The use of field-phenotyping technologies to monitor plant/crop responses should be expanded to enhance assessment of larger numbers of varieties/replicates under natural growth conditions at a lower cost. Moreover, successful phenotyping strongly depends on the recruitment of multidisciplinary teams involved in research programs and projects, especially where there is still a lack of skills and educational background for phenotyping issues. This demands time and investment in training in Mediterranean countries.

Each country should identify the main developers and users of infrastructures, the main benefits, and the beneficiaries. This would guarantee a more effective allocation of national and EU funding and available resources as well as a more efficient and sustainable operation and maintenance of such infrastructures. This requires political awareness and support because it depends on financial resources and investment.

Within the EU, a major aim should be improved training and support through COST actions focused on crop phenotyping. This has shown excellent results in the promotion of networking, between academia, companies, and governments on different phenotyping topics, as well as providing short-term training opportunities for researchers, and thus bridging the gaps that may possibly appear due to the heterogeneity in training and facilities described in this review.

Data-driven strategies can help the breeding industry to define better strategies for selection and using fewer resources. Developing models to identify robust patterns of experimental data may help breeders and agronomists to more accurately choose individuals with improved productivity. More active involvement of the private sector can also develop phenotyping strategies in Mediterranean countries. The contribution of these companies can be useful to support educational programs in the use of big data for agriculture.

More integrated political action is required at different levels (local, regional, national, and European) to bring together farmers, the agro-industry, government, and consumers to identify the most adequate strategies to face the adversities associated with climate change in Mediterranean countries (Aguiar et al., 2018). The roles of local, regional, and central governments can be crucial to support investments related to the adaptation of agriculture to climate change and crop phenotyping.




Conclusions and Prospects

The rapid (and expensive) development of phenotyping technologies can partly explain the heterogeneous panorama of phenotyping infrastructure within Europe. Indeed, differences in the establishment of infrastructure, budget, knowledge, and technological capacities are apparent when comparing Northern and Southern European countries. There are further differences amongst Mediterranean countries as well. The major ones are apparent in the available infrastructure, availability of qualified labor, dimension of the companies (breeders, phenotyping technologies), and priorities of national and international networks. Solutions to the lack of financial resources, a problem common to Mediterranean countries (Portugal, Greece, and Turkey) are needed. Public–private partnerships could assist in resolving this lack of investment and foster political will. This public–private approach is already being implemented in some countries through the close cooperation of academic research institutes and commercial-breeding companies.

The establishment of phenotyping and phenomics facilities and infrastructures in Southern EU member states is crucial to meet the EU 2020 targets of smart specialization, sustainable growth, and the development of an inclusive and circular economy. Particularly in light of the budget limitations, commonly experienced by Southern European countries, phenotyping infrastructures should rely on simple, lower cost, and rapid methods, which are user-friendly, reliable, and robust. Improved phenotyping approaches will enhance our understanding of crop responses to Mediterranean climate conditions (combinations of high air/soil temperature, drought, increased CO2, etc.). In this way, it will be possible to properly assist breeding and selection of genotypes/phenotypes better suited to the prevailing and forthcoming climatic conditions in the Mediterranean. In parallel, the development of image processing, analysis, and modeling is also crucial to ensure relevant outputs. Interdisciplinary education of young researchers and technicians, from both public and private sectors, will also benefit from the establishment of phenotyping infrastructures.

Improved networking to avoid excessive duplication of EU phenotyping facilities must be guaranteed to ensure that phenotyping facilities are complementary. However, Mediterranean countries will not solve their regional problems by only making use of facilities installed elsewhere. Phenotyping of Mediterranean crops must take place where breeding is performed and in the environments where they are/will be cultivated if adaptation to climatic variables is the target. Therefore, the investments and facilities that exist in different countries must be analyzed, so that efficient EU policies may be designed to secure EU funding for Mediterranean countries, to serve the phenotyping needs and preserve the technological sovereignty of member states. In parallel, efforts should be directed to develop low-cost phenotyping strategies and promote synergies between different Mediterranean countries by creating transnational and interdisciplinary teams or networks that combine expertise in robotics, imaging, big data, plant/crop eco-physiology, and genetics.

We urge policy makers in the Mediterranean region to promote investments in plant phenotyping to cope with ongoing and predicted climate change. Plant phenotyping can play a central role in climate change adaptation and mitigation strategies in the Mediterranean region. Partnerships between public research organizations and the private sector (including breeding or technology companies) should be encouraged to implement phenotyping technologies in agricultural and  climate change scenarios and to further incorporate genetic and molecular approaches to improve crop productivity.
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Plant phenotyping platforms offer automated, fast scoring of traits that simplify the selection of varieties that are more competitive under stress conditions. However, indoor phenotyping methods are frequently based on the analysis of plant growth in individual pots. We present a reproducible indoor phenotyping method for screening young barley populations under water stress conditions and after subsequent rewatering. The method is based on a simple read-out of data using RGB imaging, projected canopy height, as a useful feature for indirectly following the kinetics of growth and water loss in a population of barley. A total of 47 variables including 15 traits and 32 biochemical metabolites measured (morphometric parameters, chlorophyll fluorescence imaging, quantification of stress-related metabolites; amino acids and polyamines, and enzymatic activities) were used to validate the method. The study allowed the identification of metabolites related to water stress response and recovery. Specifically, we found that cadaverine (Cad), 1,3-aminopropane (DAP), tryptamine (Tryp), and tyramine (Tyra) were the major contributors to the water stress response, whereas Cad, DAP, and Tyra, but not Tryp, remained at higher levels in the stressed plants even after rewatering. In this work, we designed, optimized and validated a non-invasive image-based method for automated screening of potential water stress tolerance genotypes in barley populations. We demonstrated the applicability of the method using transgenic barley lines with different sensitivity to drought stress showing that combining canopy height and the metabolite profile we can discriminate tolerant from sensitive genotypes. We showed that the projected canopy height a sensitive trait that truly reflects other invasively studied morphological, physiological, and metabolic traits and that our presented methodological setup can be easily applicable for large-scale screenings in low-cost systems equipped with a simple RGB camera. We believe that our approach will contribute to accelerate the study and understanding of the plant water stress response and recovery capacity in crops, such as barley.

Keywords: amino acids, antioxidative enzymes, canopy height, fluorescence, Hordeum vulgare, indoor phenotyping, polyamines, red, green, blue (RGB) imaging



Introduction

Abiotic stresses, in particular water deficit, constrain the global production of crops, affecting both the vegetative and reproductive phases of development (Wang et al., 2003). Not all water stress scenarios are equivalent; however, because the severity, frequency, duration, and timing of the stress can vary, and with them the impact on the plant (Chen et al., 2014). A robust and reliable analysis of phenotypic traits is, therefore, essential for each context to shed light on the basic tolerance mechanisms and develop strategies for breeding crops that are more tolerant to adverse environments.

Barley is the fourth most cultivated crop worldwide (http://www.fao.org/faostat/en/#data/QC). As a diploid organism, it is considered to be a suitable model for studying the more complex polyploid species belonging to the Triticeae tribe. Under water stress conditions, barley displays reduced growth and adaptations of other physiological parameters, such as chlorophyll (Chl) content, net photosynthetic rate, and water content (Ahmed et al., 2013; Saade et al., 2018). However, the mechanisms that confer water stress tolerance and recovery capacity in this crop species are still not fully understood.

Plant phenotyping platforms provide the potential for automated, fast scoring of several traits related to stress tolerance over a time-course, using non-invasive sensors (Granier et al., 2006; Chen et al., 2014; Humplík et al., 2015; Awlia et al., 2016; De Diego et al., 2017). Until now, published indoor protocols have been based on the response of individual plants often restricted by pot growth, whereas in the field, plant growth results in a canopy (Araus and Cairns, 2014). Nevertheless, in the field, plant growth is seasonally dependent, often reducing the number of possible experiments to one per year, whereas indoor phenotyping allows continuous repetition of experiments. Furthermore, screening for specific tolerance traits under controlled conditions is often necessary to manage the complexity of interactions between genotype and environment on the phenotype (Ghanem et al., 2015). The specific metric being monitored, therefore, needs to be defined, and its relationship with the physiological trait of interest has to be resolved and validated. The plant phenotype is also determined by complex genome–environment–management interactions: the sum of the complex interactions between metabolic pathways and intracellular regulatory networks are reflected in internal, physiological, and biochemical phenotypes (Großkinsky et al., 2015). Thus, a characterization limited only to a detailed description of a set of image-based traits remains incomplete for understanding plant responses to drought. An integration of data from phenomics with other “-omics” (e.g., metabolomics and genomics) may help dissect the plant response and clarify the key traits involved in the mechanisms of stress tolerance and acclimation. As an example, the combination of phenomics with metabolomics can help to identify metabolites that are mainly accumulated under water stress conditions. Particularly, some metabolites, such as polyamines (PAs) and some amino acids (AAs) involved in glutamate metabolism like γ-amino butyric acid (GABA) and l-proline (Pro), play an essential role regulating stress tolerance like compatible solutes contributing to osmotic potential, mediators of antioxidant responses or signal molecules (De Diego et al., 2013; Podlešáková et al., 2019). Concretely, GABA, Pro, and l-arginine (Arg) have been described as metabolites involved in plant recovery and hardening under drought stress conditions (De Diego et al., 2015).

We present a non-destructive method for studying the water stress tolerance and recovery on a population of barley based on image analysis of canopy height using a simple red, green, blue (RGB) camera. To introduce the method, we used barley cultivar Golden Promise as a good representative of the varieties with agronomical interest due to its semi-dwarf with low lodging problems (Thomas et al., 1984) and stress tolerance (Forster et al., 2000). Besides, this cultivar is highly transformable (Harwood, 2012), so it is very interesting for studying the stress response in barley. Moreover, we focused on profiling the primary and secondary metabolites, AAs, and PAs, which play a dual role as tolerance indicators and signal molecules (Muscolo et al., 2015; Urano et al., 2010) to study further the involvement of these molecules regulating plant water stress response and recovery capacity. We show that, in combination with other -omic approaches, such as metabolomics, followed by multivariate statistical methods, the experimental procedures for studying stress response can be made more efficient. The result is a simple and highly reproducible method for studying the stress response and recovery in barley populations, which is applicable for breeding programs to select and characterize potentially successful varieties.




Materials and Methods



Plant Material and Growth Conditions

Barley (Hordeum vulgare) cultivar Golden Promise was used for the study. Seeds were surface-sterilized by soaking in 70% ethanol for 30 s, and then washed three times with sterilized water, and immediately after that with a 4% solution of sodium hypochlorite for 4 min followed by an additional four washes with sterilized water. The sterile seeds were placed on wet tissue paper inside square plastic plates (120 × 120 mm) and maintained for 2 days at 4°C in the dark for imbibition, as schematized in Figure 1. The plates were then transferred into a growth-chamber, under controlled conditions of a 22°C, 16:8-h light/dark cycle with a photosynthetically active radiation (PAR) light intensity of 120 µmol photons m−2 s−1 for 2 days, to induce germination (Figure 1).
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Figure 1 | Scheme of the protocol used for non-invasive phenotyping of barley (Hordeum vulgare) seedlings growing under water stress conditions. (A) Barley seeds were germinated on filter paper and 50 seedlings of similar radicle size were transplanted into soil in standardized PlantScreen™ measuring trays. (B) The trays were transferred to an XYZ PlantScreen™ chamber with a conveyor system for automatic image acquisition. (C) The canopy height was analyzed using an in-house software routine implemented in MatLab R2015, and the data were evaluated by multivariate statistical analyses using Phyton version 3.6.5 and R version 3.5.1. 




To demonstrate the applicability of the method, three different transgenic lines with silenced gene A (transgenic lines 1, 2, and 3) were characterized and compared with wt grown under water stress conditions and after rewatering. A construct generating a hairpin RNA structure (hpRNA) was prepared to silence the candidate gene. Two copies of the same 196-bp fragment from the gene A were inserted in the antisense and sense orientation in the vector pBract207 (provided by John Innes Centre, Norwich, United Kingdom), downstream of the maize ubiquitin-1 promoter. The final silencing cassette contained the hygromycin (hyg) phosphotransferase gene (conferring hyg resistance) driven by the cauliflower mosaic virus 35S promoter at the left border, and the terminator of the nopaline synthase gene adjacent to the right border. The final vector was sequenced (SeqMe, Czechia) to confirm the right orientation of both copies of the targeted gene and then electrotransformed into Agrobacterium tumefaciens strain AGL1 together with the helper vector pSoup. Transgenic barley plants were prepared according to Harwood (2012) using A. tum.-mediated transformation of immature embryos. All obtained transgenic lines were screened for the presence of sense and antisense components of the silencing cassette in successive generations. Moreover, the DNA ploidy levels of the obtained transformants were determined by flow cytometry, and the number of T-DNA insertions was assessed by DNA Southern hybridization, as described in Holubová et al. (2018).




Non-Invasive Plant Phenotyping



Phenotyping Platform, Experimental Setup, and Assay Conditions

To develop the barley screening method, first, we performed and analyzed reproducibility of two independent assays using well-watered conditions (1st experiment—December 2017 and 2nd experiment—June 2018; Supplementary Table 1). After that, we performed a final experiment to evaluate the growth of barley seedling population under water deficit (3rd experiment—Supplementary Table 1). In all experiments, the barley seedlings were planted in plastic containers (32 × 19.5 × 10 cm, with a volume of 4 l) filled with 2.8 kg of a 2:1 mixture of substrate (Substrate 2; Klasmann-Deilmann GmbH, Geeste, Germany) and sand. A total of 50 seedlings per container was sown, distributed in five rows containing 10 plants each, with a final density of 1000 plants m–2 (Figure 1). Two containers with 50 seedlings each were then placed together in a standard PlantScreen™ measuring tray (Photon Systems Instruments, Brno, Czech Republic).

For the image analysis, the tray with two containers housing 50 plants each was transferred onto an OloPhen platform (http://www.plant-phenotyping.org/db_infrastructure#/tool/57). In the water deficit experiment a metal mesh was installed for better separation of the leaves from the variants [well-watered (W) and water stress-drought (D)] in each container (Figure 1). The trays were located into the PlantScreen™ conveyor system installed in a growth chamber with a controlled environment and LED lighting (Photon Systems Instruments). The growth conditions were set to simulate a long day, with a regime of 22°C to 20°C in a 16:8-h light/dark cycle, a PAR irradiance of 320 μmol photons m−2 s−1 and a relative humidity of 40%.




Imaging Acquisition

The PlantScreen™ system is equipped with a top-view and side-view RGB camera and top-view FluorCam (Figure 1). The RGB and FluorCam images were automatically stored in a database server. The images were then evaluated. The side-view RGB images were analyzed using an in-house software routine implemented in MatLab R2015 that was developed and validated by the authors of this study. The application can be used without charge by obtaining a license from Palacký University, by emailing Tomáš Fürst (tomas.furst@upol.cz) and agreeing not to use the application for commercial purposes.

To provide a comparative view, we analyzed Chl fluorescence-related parameters throughout the experiments using a top-view FluorCam. A standard protocol was used for the measurement of Chl fluorescence quenching using the Chl fluorescence imaging (CFIM) part of the PlantScreen™ platform using the same protocol described by Humplík et al. (2015). Image data were processed, and Chl fluorescence parameters were calculated using software FluorCam 7 (Photon Systems Instruments). Thus, we estimated: (a) the maximum quantum yield of photosystem II (PSII) photochemistry for a dark-adapted state, ΦPo; (b) the actual quantum yield of PSII photochemistry for a light-adapted state, ΦP; (c) the quantum yield of constitutive non–light-induced (basal or dark) dissipation processes consisting of Chl fluorescence emission and heat dissipation, Φ(f,D), quantum yield of regulatory light-induced non-photochemical quenching, ΦNPQ. It is worth mentioning that ΦP + Φ(f,D) + ΦNPQ = 1, and ΦP = qP ΦPSII, where qP = ((FM′ − F(t))/(FM′ − F0′)) is the coefficient of photochemical quenching, which estimates a fraction of the so-called open PSII reaction centers, and that ΦPSII = ((FM′ − F0′)/FM′) is the maximal quantum yield of the PSII photochemistry for a light-adapted state.




Watering Regime

In each container, the substrate water content (%) was calculated as follows; the substrate was weighted and then watered to full capacity, and the top was covered with plastic bags for reducing evaporation losses. When the water stopped draining from the container (c. 10 h later) the weight was again measured. The substrate was then dried for 48 h at 105°C until complete dryness, and the weight was also determined. The three weights of the substrate water moisture status were used for calculating the gravimetric water content (θg) and substrate maximum water holding capacity. All containers were watered with tap water (average conductivity c. 56 mS m−1) at 100% of field capacity after sowing. Then, the control plants were irrigated every second day to maintain 80% of field capacity until the end of the experiment. In the 3rd experiment, the irrigation was stopped in the water stress variant when the plants presented the first fully expanded leaf. When the substrate water content decreased to 65% (day 15), the water limited variants were rewatered at full water capacity (100%).





The Assay Workﬂow

To study water deficit and recovery in barley populations using imaging acquisition approaches, we established the protocol schematized in Figure 1. The protocol takes a total of 3 weeks, including seed germination (2 days), seedling growth under water stress conditions (16 days) and subsequent rewatering (4 days). After imbibition, a total of 50 germinated seeds were transferred to plastic containers (Figure 1). The selection of germinated seeds at a similar developmental stage (radicle length) is important to reduce within-population variability. Two randomly selected containers were then placed in standardized trays and transported within the PlantScreen™ on conveyor belts. Automated RGB imaging from two optical projections (top- and side-view) was performed every day for the next 19 days. The daily RGB measurements of 16 trays (1600 seedlings) took 20 min in total. When the top-view fluorescence intensity measurement was included (every third day), the total process time increased to 4 h. The PlantScreen™ Analyzer software processed the raw data automatically. Raw data were automatically stored in PlantScreen database from where they were subsequently exported for further image processing and analysis.

Side-view imaging allowed separation of the plants from the background and the differentiation between the left and right containers using a pre-defined vertical line in the image based on the metal mesh installed between them (Figure 1). To define and evaluate the canopy height in each container (or variant) automatically, the green mask of the plant was found using a thresholding algorithm. A line was then placed above the upper most pixel of the mask. The line was gradually lowered (each step by one pixel) and the following criterion evaluated for each possible position of the line:

crit = A/B

where A is the number of pixels on a line that also belong to the mask, and B is the length of the line (in pixels). Thus, the criterion represents the fraction of the line that intersects the mask. Once this fraction exceeded a user-defined threshold, the process was stopped, and the position of the line was recorded. This position was then used as a proxy for canopy height.




Manual Parameters



Biometric Parameters

The aerial biomass of the seedlings was determined from the fresh weight (FW, g) by cutting the shoots 1 cm above ground level from eight or five plants per replicate and variant at the end of the water stress period and after 4 days of rewatering, respectively. The developmental stage of each plant at the same time points, according to the Biologische Bundesanstalt, Bundessortenamt and CHemical industry (BBCH) scale (Earth Observation and Research Branch Team, 2011), and the size (length and width) of the youngest and fully expanded leaf were also evaluated.




Plant Water Status

The relative water content (RWC, %) was measured in five individual plants per variant and replicate. The measurement was performed using 2 cm from the middle part of the last youngest mature leaf collected at the end of the water stress period and after rewatering. RWC was calculated using the following equation: RWC (%) = (FW − DW)/(TW − DW) × 100, where FW is the fresh weight at harvesting time, TW is the total weight as total turgor estimated after 24 h of imbibition, and DW is the dry weight after 48 h at 85°C.




Chl Content

The index of relative Chl content or “greenness” of leaves was measured in vivo using a portable SPAD-502 Plus Chl meter (Konica Minolta Inc.). Six measurements were taken in the last youngest mature leaf in five individual plants per replicate and variant at the end of the water stress period and after rewatering.




Antioxidant Enzymes

For the enzymatic analysis, three groups of five plants per replicate and variant after water stress and rewatering were collected and immediately frozen in liquid nitrogen. Before extraction, the five plants per each group were grounded by mortar and pestle using liquid nitrogen. The resulting pool from each replicate and variant was divided into three analytical replicates for quantification of antioxidant activity. One hundred milligrams of grounded material was homogenized at a ratio of 1:5 with extraction buffer [50 mM Tris (pH 7.6), containing 2 mM magnesium sulphate, 1 mM ethylenediaminetetraacetic acid (EDTA), 1 mM ascorbic acid, 1 mM phenylmethylsulfonyl fluoride and 0.5% (v/v) Triton X100] in the presence of polyvinylpolypyrrolidone. After centrifugation at 19,000g for 20 min at 4°C, the supernatant was collected and centrifuged under the same conditions for an additional 10 min. The concentration of proteins in the crude extract was evaluated using the method described by Bradford (1976). Catalase (CAT) activity (µmol min–1 mg–1 total protein) was measured according to Aebi (1984). Briefly, the decrease in absorbance at 240 nm of a reaction mixture consisting of 25 μl enzymatic extract in a final volume of 1ml reaction mixture containing 50 mM potassium phosphate (pH 7.0) and 25 mM H2O2 was measured. The molar extinction coefficient of 38 M–1 cm–1 was used to calculate CAT activity.

Ascorbate peroxidase (APX) and guaiacol peroxidase (POX) activity was determined according to Prochazkova et al. (2001). APX activity was deduced from the decrease in ascorbate concentration, seen as a decline in the optical density at 290 nm. A value for the activity was calculated using an extinction coefficient of 2.8 mM–1 cm–1 for the ascorbate during 30 s. The assay was performed in a final volume of 1 ml containing 50 mM potassium phosphate (pH 7.0), 1.7mM H2O2, 0.3mM ascorbic acid, and 85μl enzymatic extract. POX activity was determined from the increase in formation of tetraguaiacol, seen as an increase in the optical density at 470 nm. The activity was calculated using an extinction coefficient 26.6 mM–1 cm–1 during 30 s. The assay was carried out using a reaction mixture consisting of 4 μl extract, 150 mM potassium phosphate (pH 6.1), 8 mM guaiacol and 2.2 mM H2O2.




Metabolite Quantification

For the free AA analysis, three groups of five individual plants per replicate and variant were collected after water stress and rewatering. All individuals from each group were pooled together using liquid nitrogen. Five milligrams FW of the pooled material was measured and extracted. The extraction procedure was performed using a AccQTag Ultra derivatization kit (©Waters). All extracted samples were analyzed using an ACQUITY UPLC® System and a XevoTM 122 TQ-S triple quadrupole mass spectrometer (©Waters) according to the annotation note of Waters Corporation (Milford, MA, USA) (Gray and Plumb, 2016). Calibration curves were constructed for each component analyzed using internal standards: γ-aminobutyric acid (GABA), l-alanine (Ala), l-arginine (Arg), l-asparagine (Asn), l-aspartic acid (Asp), l-citrulline (Cit), l-glutamine (Gln), l-glutamic acid (Glu), l-glycine (Gly), l-histidine (His), l-ileucine (Ile), l-leucine (Leu), l-methionine (Met), l-phenylalanine (Phe), l-proline (Pro), l-serine (Ser), l-tryptophan (Trp), and l-tyrosine (Tyr), and the deuterium-labeled compounds l-glutamic acid-2,3,3,4,4-d5, γ-aminobutyric acid-2,2,3,3,4,4-d6 and dl-leucine-2,3,3,4,5,5,5,5′,5′,5′-d10, all purchased from ©Sigma-Aldrich Inc. (Germany).

Free PAs [agmatine (Agm) as precursor, cadaverine (Cad), 1,3-diaminopropane (DAP), putrescine (Put), spermidine (Spd), spermine (Spm) tyramine (Tyra), and tryptamine (Tryp)] were isolated and derivatized by slightly modified method of Taibi et al. (2000). Diaminohexane (DAH) was used as internal standard. All the chemicals were purchased from Sigma Aldrich chemical company (St. Louis, MO, USA). Briefly, samples were dissolved in 50 µL of mobile phase (20% methanol in 15mM formic acid solution, pH 3.0) and analyzed immediately. UHPLC-MS/MS was performed on Nexera X2 UHPLC (Shimadzu Handels GmbH) coupled with a MS-8050 (Shimadzu Handels GmbH). Chromatographic separation was performed on an Acquity UPLC BEH C18 (100 × 2.1 mm; 1.7 µm particle size) column (Waters, Milford, MA, USA) with appropriate pre-column kept at 40°C. The mobile phase consisted of the mixture of aqueous solutions of 15mM formic acid, pH 3.0 (Solvent A) and methanol (solvent B). The analytes were separated via a binary gradient starting at 20% of B for 1 min, then increased to 50% for 0.1 min, isocratic at 50% for next 1.9 min, increased to 60% B for next 0.1 min, isocratic at 60% B for next 3.4 min, increased to 100% B for next 0.3 min, isocratic at 100% B for next 1.0 min, and decreased to 20% B for next 0.2 min. The equilibration to the initial conditions took an additional 4.0 min. The flow rate was 0.4 ml/min, and the injection volume was 5 µl. Benzoylated polyamines were detected in positive ionization mode ESI+ using appropriate MRM transitions. The mass spectra were obtained via electrospray ionization in positive mode with the following operating parameters: capillary voltage, −3 kV; interface voltage, 4 kV; interface temperature, 300°C; heating and drying gas ﬂow, 10 l min–1; nebulizing gas ﬂow, 3 l min–1. The concentration of AAs and PAs per dry weight (DW) was then calculated using the absolute water content of the plants.





Statistical Analysis and Data Representation

To assess the differences between the variants of each non-invasive trait extracted from the image analysis, the non-parametric Kruskal Wallis one-way analysis of variance (ANOVA) was performed. For the validation of the method and to evaluate the influence of a tray position and the effect of the treatment (well-watered or water limited variant) in the morphological and physiological measurements at a particular timepoint, the two-way ANOVA was used. Different letters mean significant differences between variants. One-way ANOVA was used to analyze significant differences between the metabolites differed between the variants. Represented values annotated with ns indicate non-significant differences, and means annotated with asterisks indicate significant differences (*P ≤ 0.05; **P ≤ 0.01; ***P ≤ 0.001). Tukey HSD test was used for multiple comparison after ANOVA. All analyses were performed in R 3.5.1 software using multcomp package.

For multidimensional analyses, a principal component analysis (PCA) was carried out using the packages factoextra, corrplot, PerformanceAnalytics, and ggpubr, and the results were displayed in a biplot. The Pearson’s linear correlation coefficients between all pairs of studied variables and the significance were also represented in the correlation matrix and scatter plots.





Results



Phenotyping Method- Screening of Barley Population Using Simple RGB Imaging



(A) Experiment 1 and 2- Analysis of Projected Canopy Height in Barley Population at Control Conditions

Applying the aforementioned approach, the side-view RGB images of the barley seedling canopy from two independent experiments (Experiment 1 in December 2017 and Experiment 2 in June 2018) were analyzed (Supplementary Table S1). Two randomly distributed trays containing 50 plants each were used per experiment. The reproducibility of the bioassay was corroborated, as the canopy height from both experiments presented the same trend line (Figure 2A).
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Figure 2 | Analysis of the reproducibility of canopy height estimation in barley (Hordeum vulgare) seedlings from two independent experiments. (A) The reproducibility of projected canopy height dynamics (in pixels) in barley seedlings (n = 100) grown under control conditions in December 2017 and July 2018. (B) The correlation between canopy height and fresh aerial biomass (g) (n = 5) determined for replicates measured at day 16 and day 19 in barley seedlings from the two independent experiments. The regression curve and significance calculated from three independent trays is shown. ***P ≤ 0.001.




A manual assessment of plants was then performed to complement and validate the traits derived from the automated plant imaging and image analysis, including the functionality of the hardware and software components. The aerial biomass in fresh weight (FW, g) from five seedlings randomly selected from the two different trays of each experiment was determined manually at days 16 and 19. A Pearson correlation-based comparison between the canopy height (pixels, from 50 plants) and the aerial biomass (the average of the five measured plants) revealed a highly significant correlation, with an R2 of 0.90 (P < 0.001) (Figure 2B). This result provided clear evidence of the reliability of the method for analyzing shoot growth in the population of barley cv. Golden Promise.




(B) Experiment 3—Analysis of Projected Canopy Height in Barley Population Under Water Deficit and Subsequent Rewatering

For studying water stress response and recovery capacity in barley at a population level, we performed a final Experiment 3 (Supplementary Table S1). In this case, the projected canopy height of five randomly distributed trays containing two plastic containers; a water-stressed variant (D, left) and a well-watered variant (W, right) with 50 plants each (with a final number of 500 barely seedlings), was recorded over the time-course of 15 days (Figure 1 and Supplementary Figure S1). Three biological replicates with five plants (3 × 5 = 15 plants) were taken from two randomly selected trays in each variant (D and W) and then, they were used for validation and reproducibility of the method. The three remaining trays were collected at the end of the rewatering period. First of all, we determined the substrate water content of all the trays during the experiment. For the first 6 days, the substrate water content of the irrigated and non-irrigated variants was very similar, with no differences between treatments (Figure 3A). At day 9, the substrate water content of non-irrigated variants started to decrease with significant differences compared to W variants (P < 0.05). At day 15, the substrate water content of the D variant reached 65%. In this point, the containers with the D variant were rewatered to 100% full capacity (Figure 3A).
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Figure 3 | Dynamics of soil moisture and projected canopy height in barley seedlings growing under water stress conditions with subsequent rewatering. (A) Changes in substrate water content (%) of non-stressed (W, continuous lines) and stressed (D, discontinuous lines) barley seedlings (n = 50) from three independent trays (Barley 1, 2, and 3) grown for 13 days under water deficit conditions (with the endpoint at day 16) and subsequently rewatered for 4 days (with the endpoint at day 19). The watering regime consisted in an initial 100% field capacity (FC) after sowing and subsequent constant 80% FC for W variants, and irrigation interruption from day 3 to day 16 for the D variants and posterior rewatering for 4 days. Blue arrows represent the watering regime and red arrow the stop of the irrigation moment in the D variant. (B) Changes in projected canopy height (in pixels) and (C) side view images of the D and W variants from the three independent replicates along the experiment. Asterisks indicate the significance level relative to the control variant after Kruskal-Wallis test. *P≤ 0.05.




The automated RGB imaging yielded curves with the same pattern for the five independent trays until the end of the water deficit period (Supplementary Figure 1) and for three trays through the whole experiment (Figures 3B, C). For the first 7 days after water withdrawal, the stressed plants retained projected canopy height kinetics similar to the well-watered plants, but they were significantly reduced from day 11 to day 15 (Figure 3B and Supplementary Table S2). After rewatering, the D variant from each independent tray similarly recovered the projected canopy height but the values were still significantly smaller than the W variants (Figure 3B and Supplementary Table S2). From the obtained dynamic changes in the projected canopy height of the barley seedling population, we created a model curve different for the stressed and non-stressed variants, as represented in Figure 4A. From each curve, we extracted several traits; the maximum canopy height on the days when watered and non-watered curves separated (Max), water loss as the slope of line obtained for the reduction in canopy height, the minimum canopy height for the water stress period (Min), the water recovery capacity as the slope of the line obtained for the increase of canopy height after rewatering, and the maximum canopy height after rewatering (MaxR). As an example of the potential use of our bioassay, we calculated the slope of the line for the water deficit period and after rewatering from the two trays selected for the posterior manual measurements (Figures 4B, C). In all linear curves, a highly significant correlation (R2 > 0.90; P < 0.001) was obtained for both growth conditions. Together with the slopes, the Max, Min, and MaxR are shown in Table 1; similar values were obtained in both replicates for these traits. These results confirmed the reproducibility of the method, which was later validated using destructive parameters.
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Figure 4 | Linear curve of the projected canopy height and the extracted traits. (A) The average canopy height, regression curve and significance calculated from three independent trays (with 50 plants each) growing under water deficit conditions for 13 days (with the endpoint at day 16) and with subsequent rewatering for 4 days (with the endpoint at day 19). (B) Max is the maximum and Min the minimum canopy height reached by the stressed plants from replicate 1 or 2 (n = 50) under water deficit conditions, and the slope of the linear model curve is shown. (C) MaxR is the maximum canopy height from replicate 1 or 2 (n = 50) attained after 4 days of rewatering, and the slope of the line (SlopeR) is also shown in the equation.







	
Table 1 | Traits related to water deficit and recovery. Traits were extracted from the linear regression of the canopy height in two randomly selected trays. 





	

	
Water stress


	
Rewatering





	

	
Day


	
Max


	
min


	
Slope


	
MaxR


	
SlopeR





	
Tray 1


	
8


	
1041


	
680


	
-69.514


	
1218


	
153.2





	
Tray 2


	
8


	
1018


	
707


	
-71.429


	
1136


	
148





	
Day is the day when treated and not treated plants are different; Max is the maximal canopy height reached in the stressed plants under drought; min is the minimal canopy height at the end of the drought period; Slope of the linear curve from the canopy height in the drought period; MaxR is the maximal canopy height reached in the stressed plants after rewatering; and SlopeR of the linear curve from the canopy height in the rewatering period.










Our phenotyping system is also equipped with a FluorCam unit for the analysis of Chl fluorescence parameters. In our study it was clear that water deficit significantly changed all the Chl fluorescence parameters, albeit with different dynamics and intensity (Figures 5A, B). Some parameters responded quickly and had already changed by day 11, e.g., ΦPo and qP had decreased, and Φ(f,D) had increased. Other parameters, such as decreasing ΦPSII and ΦP, and increasing ΦNPQ, had occurred by day 16 as late stress response parameters (Figure 5B). After rewatering, the stressed variants recovered to control values for qP and ΦP. However, ΦPo, ΦPSII, Φ(f,D) and ΦNPQ maintained significant differences compared with the well-watered plants (Figure 5B). The results indicated that these last four parameters were potential indicators for evaluating the recovery capacity of plants, at least in barley.



[image: ]

Figure 5 | Variation in chlorophyll parameters in barley (Hordeum vulgare) seedlings grown under water stress conditions and after subsequent rewatering. (A) Imaging of chlorophyll fluorescence (ΦPo and ΦPSII) in barley seedlings under well-water, water stress, and rewatering. Stressed and non-stressed plants labeled as D (left) and W (right), respectively. (B) Chlorophyll fluorescence parameters from three independent trays (Barley 1, 2, and 3) (n = 50) and the average values. D and W variants are represented by discontinuous and continuous lines, respectively. Statistical analyses were performed via ANOVA. Asterisks indicate the significance level relative to the control variant; *P≤ 0.05.







Validation and Reproducibility of the Phenotyping Method



(A) The Reproducibility of Morphometric and Physiological Parameters Between Biological Replicates and Trays Confirmed the Reliability of the Method

We performed a manual evaluation of several morphological and physiological parameters in two independent trays to integrate and validate our results obtained by imaged-based measurements. First, we evaluated the developmental stage of the plant population by analyzing the last emerging leaf in eight and five randomly selected plants per variant at the end of the water stress period and rewatering, respectively (Figure 6). We observed differences among variants (treated and non-treated) and not between trays. Whereas in the watered control at day 16 the fifth leaf had appeared, the stressed plants were still expanding the third leaf at this point of the assay (Figure 6). After rewatering, the differences were reduced to one leaf less, with the fourth and fifth leaf in expansion for stressed and non-stressed plants, respectively (Figure 6).
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Figure 6 | Developmental stages of barley seedlings (Hordeum vulgare) under water stress and after subsequent rewatering. Developmental stages of leaves in stressed (D) and non-stressed (W) plants from two independent trays (1 or 2) at the end of the water stress period (n = 8) (Left panel) and after rewatering (n = 5) (Right panel).




The aerial biomass (FW, g) of full expanded (FE) leaves, the length and width (cm) and the ratio between length and width of eight plants per variant and tray were individually collected and measured at the end the water stress period and after rewatering, respectively (Figures 7A-C). In almost all the cases, the changes were due to the treatment and not because of the tray position effect (Supplementary Table S3). Regarding biomass, the seedlings from the D variant were significantly smaller than the W plants in both trays (Figure 7A). After recovery, D plants were still only half the weight of the well-watered variants (Figure 7A). When the length and width of the last fully expanded leaf were evaluated, we observed that the seedlings from the same variant showed the same profile for both traits (Figures 7B, C); the length and width were significantly reduced under water stress conditions. After rewatering, only the width recovered to control values (Figure 7C), affecting the length/width ratio (Figure 7D).



[image: ]

Figure 7 | Morphometric and physiological changes in barley (Hordeum vulgare) seedlings under water stress conditions and after subsequent rewatering. (A) Aerial biomass (FW, g), (B) leaf length (cm) and (C) width (cm) of the last fully expanded (FE) leaf, (D) the ratio between length and width, (E) the relative water content (%), (F) the index of the chlorophyll content, and the activity of the antioxidative enzymes (G) guaiacol peroxidase (POX, μmol s–1 mg–1 protein), (H) catalase (CAT, mmol s–1 mg–1 protein) and (I) ascorbate peroxidase (APX, μmol s–1 mg–1 protein), in stressed (D, color bars) and non-stressed (W, black bars) barley seedlings from two independent trays at the end of the water stress period (n = 8) and after subsequent rewatering (n = 5). Three independent pools containing five plants each were used for the quantification of the antioxidant enzyme activity. Different letters mean significant differences according to Tukey HSD test after ANOVA.




There was also no effect of the tray position recorded for the RWC and total Chl content between the trays (Supplementary Table S3).The water deficit treatment caused 50% decrease in plant RWC, and rewatering returned the plant water status to 95% in only 4 days (day 19) (Figure 7E). Total Chl content showed a similar pattern (Figure 7F). The values were significantly lower in stressed plants than in the controls, indicating that the Chl content and N status of the plants were significantly affected by water stress conditions but were recovered after 4 days of rewatering (Figure 7F).

Altogether, the high reproducibility of the individual biometric and physiological parameters among the trays corroborated the reproducibility of the method for studying water deficit and recovery capacity at least in barley cv. Golden Promise.




(B) The Reproducibility of the Antioxidative Response Between Trays Validated the Method to Study Water Deficit and Recovery in Barley Population

It is well known that plants activate their antioxidative machinery as a response to stress. Hence, we quantified the activity of the three antioxidant enzymes CAT, POX, and APX (Figures 7G-I). The same profile was observed between trays as stress response and subsequent recovery (Figures 7G-I, Supplementary Table S3). Interestingly, only CAT and POX increased significantly in the stressed variants, and then recovered to control values after rewatering (Figures 7G, H). In contrast, APX kept increasing during the recovery period, resulting in values four times higher in the stressed seedlings than in the controls (Figure 7I). These results indicated that each type of antioxidant enzyme plays a different role in the barley cv. Golden Promise stress response.




(C) Different Free AAs and PAs Regulated Plant Stress Response and Recovery

Free PA and AAs are typical metabolites involved in the plant water stress response (Podlešáková et al., 2019) (Figure 8). As expected, both groups of metabolites accumulated significantly under stress, and the profile of the fold change between treated and non-treated plants was similar (Figure 8).
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Figure 8 | Metabolic profiles of barley (Hordeum vulgare) seedlings under water deficit and after subsequent rewatering. Fold changes (presented as log2 ratio) in the content (pmol mg-1 DW) of free polyamines (PAs) and amino acids (AAs) between stressed (D) and non-stressed (W) barley seedlings (three independent pools containing five plants from two independent trays, n = 6) at the end of the stress period (red bars) and after subsequent rewatering (gray bars).




Water deficit induced a significant accumulation of AAs (pmol mg−1 DW) (Figure 8 and Supplementary Table S4), with the highest increases in Pro and OH-Pro. After rewatering, many of the AAs kept significantly higher in the stressed plants than in the controls, except for Arg and GABA which did not show significant differences between treatments (Figure 8). Interestingly, at this timepoint, the accumulation of Cit in stressed plants was 11.7-fold (log2 = 3.55), which is higher compared with the control levels (Figure 8).

For the PAs, Tyra and Cad were the most accumulated compounds, and Spd was the only PA that did not change in stressed plants compared with the non-stressed ones (Figure 8 and Supplementary Table S4). After rewatering, water-stressed plants kept higher content of Tyra, Cad, and Put compared with the well-watered plants, Spd accumulated to higher levels, whereas no significant differences between variants were found in the case of DAP, Spm, and Tryp (Figure 8 and Supplementary Table S4). Based on these results, we could classify the metabolites into three groups, water stress-related compounds (e.g. Pro, OH-Pro, Tryp, and Spm), a group involved in the recovery of the plants after rewatering (e.g. Cit and Spd), or those compounds that were in high levels in both conditions (e.g., Cad, Tyra, or Put).





Data Analysis—Multivariate Statistical Analysis for Understanding the Physiological Basis of the Image-Derived Traits and Water Stress Response in Barley Populations

To integrate all parameters measured and confirm the reliability of the traits derived from our method based on the canopy height of barley populations, we performed a PCA in which trays 1 and 2 were evaluated for two different growth regimens, water-stressed (D) and well-watered (W) plants, at two timepoints, at the end of the stress period or after 4 days of rewatering (RD and RW, respectively). To facilitate visualization, the results were projected onto a biplot representing the scores (variants) and the loadings (analyzed traits) (Figure 9A). The first two principal components (PC1 and PC2), which together captured 89.7% of the variance, explained the experimental model almost completely (Supplementary Figure S2). We could see that the trays with the same variant and timepoint were closely located. PC1 accounted for 80.2% of the total variation, and included almost all the traits and metabolites, except Chl, qP, Φ(f,D) (Phi_f,D), APX, CAT, Cit, and Spd. The accumulation of metabolites was positively correlated with the water deficit conditions (D) (Figure 9A). In contrast, they showed a negative correlation with the controls from the water stress and rewatering period, which were positively correlated with the canopy height, slope, development, ΦPo (Phi_Po), ΦPSII (Phi_PSII), ΦP (Phi_P), biomass, leaf length and width, and RWC. PC2 captured an additional 9.7% of the total variance, and was positively dominated by CAT, Cit, and Spd in the rewatered trays (RD) (Figures 9A, B). This analysis demonstrated the reproducibility of the measurements performed, as the independent trays were grouped together in all analyzed situations. In addition, the separation of the loadings allowed us to identify possible traits related to water stress and rewatering responses in the barley cultivar used in this study.
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Figure 9 | Multivariate statistical analyses of the traits in barley seedlings related to the water stress response and subsequent rewatering. (A) Principal component (PC) analysis (B) contribution of the loadings to each PC (Dim) and (C) a correlation matrix of 47 variables, including 15 traits and 32 biochemical metabolites obtained from different biological replicates of two independent trays with barley seedlings at the end of the water stress period and after subsequent rewatering.




Finally, to reduce the number of possible traits observed in the PCA, we performed a linear correlation across all traits. The outcome helped us to (a) validate our non-invasive method with other traditionally invasive parameters and metabolites and (b) determine the collinearity among them for identifying the most representative traits of the water deficit response. For better visualization of the results, we created a correlation matrix and four scatter plots (Figure 9B and Supplementary Figures S3–S6). The correlation matrix was constructed based on Pearson correlation coefficients, which is represented by circles with different intensity colors and sizes, blue (positive) or red (negative) (Figure 9C). Similarly, we prepared four scatter plot matrices from the most correlated traits that included sloped linear regressions, Pearson correlation coefficients, and significance (Supplementary Figures S3–S6). We found that canopy height had the strongest positive correlation with aerial biomass and leaf length, with an R2 of 0.99 and 0.98 (P*** ≤ 0.001), respectively (Figure 9C and Supplementary Figure S3). The correlation of canopy height versus RWC was also positive (R2 = 0.88, P** ≤ 0.01), showing that this non-invasive parameter integrated both the growth and water status of the plants. Canopy height was positively correlated with ΦPo, ΦPSII, and ΦP, and negatively with ΦNPQ, APX, and POX, several AAs and PAs, except for Cit and Spd (Figure 9C and Supplementary Figures S3–S5). Interestingly, these two compounds showed a very different response compared with the rest of the metabolites and presented a significant correlation from each other (R2 = 0.77, P* ≤ 0.05) (Supplementary Figure S6). Besides, Cit showed linear correlation with the antioxidant enzyme APX (R2 = 0.72, P* ≤ 0.05). Another phenotype-derived trait, the slope of the curves, did not show any linear correlation with the morphometric traits related to canopy height and was directly correlated with ΦPSII (R2 = 0.92, P** ≤ 0.01) and inversely with ΦNPQ (R2 = 0.97, P*** ≤ 0.01) (Supplementary Figure S4). These results suggested that the slope or plant water turgor was influenced by the light intensity and showed that the side-view traits of canopy height and slope provided additional useful information for studying and understanding the water stress response of barley populations.




Demonstration of the Method Applicability

To demonstrate the method applicability, wt and three different transgenic lines with different levels of a gene A silencing were phenotyped under water stress conditions and after rewatering. As presented further, the transgenic lines 1, 2, and 3 with the 1, 10 and 4 T-DNA insertions, respectively, reacted differently to the water stress and rewatering. Interestingly, our method was sensitive enough to discriminate between lower and higher sensitive lines and recorded different behaviors of the individual lines pointing to the number of T-DNA insertions as the determinant of the lines’ performance. As shown in Supplementary Figure S7, canopy height and aerial biomass presented a highly significant correlation. Different growth curves were obtained for each line; we observed that plants of the transgenic line 2 were able to maintain optimum growth under water stress conditions up to day 9, whereas the rest of the lines have already stopped growing at day 7 (Figure 10). After rewatering, the plants from this line and line 1 recovered faster compared with the wt and the transgenic line 3 that showed worse performance. We also analyzed the content of PAs in these barley lines to corroborate their involvement regulating plant stress response and/or recovery capacity (Supplementary Figure S8). The lines have a clear alteration in the PA metabolism compared to wt. In general, the transgenic lines accumulated less Put and more Tryp and DAP under water stress conditions. After rewatering, they reduced the total PA content almost to control; however, some metabolites, such as Cad and Agm, were maintained high, especially in the genotypes with lower recovery capacity, wt, and Line 3 (Supplementary Figure S9A).



[image: ]

Figure 10 | Projected canopy height in barley seedlings from different transgenic lines growing under water stress conditions with subsequent rewatering. Changes in projected canopy height (in pixels) and side view images of the D (left) and W (right) variants of three transgenic lines with silencing transgene A (transgenic lines 1, 2, and 3) and wt during a water stress period and subsequent rewatering.




To clarify the correlation between the PA content and the phenotype of the barley plants, we performed two PC analyses, under water stress conditions and after rewatering (Figures 11A, B). The PC1 (Dim1), which accounted for 66.6% of the total variation separated the lines in two groups, well-watered and stressed (Supplementary Figure S9A). The PC2 that captured an additional 20.8% of the total variance was mainly represented by the loadings DAP, Put, and PAs (Supplementary Figure S9B), which separated the wt and the transgenic line 2 (Figure 11A). In this case, the higher tolerance of the transgenic line 2 was correlated to the higher content of PAs and mainly DAP, whereas the wt mainly accumulated Put. However, no DAP neither Put presented lineal correlation with the canopy height or slope, which were negatively correlated with other PAs such as Tryp, Tyra, Spm, or Cad (Supplementary Figures S9C, D). The additional three different groups were distributed in the PC analysis analyzing the rewatering. Whereas the line 3 that showed the lowest capacity of recovery was positively correlated with the levels of Agm, Cad, and Spm, lines 1 and 2 showed higher slope, and DAP and Tyra levels (Figure 11B, Supplementary Figure S10). Altogether, we showed that the transgenic line 2 with the highest number of transgene integrations for the silencing cassette presented the higher stress tolerance and recovery capacity. These results demonstrated applicability of our method pointing to the canopy height and PA analysis as sufficient markers for discrimination between water stress sensitive and tolerant barley lines and their recovery capacity.
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Figure 11 | Multivariate statistical analyses of the traits in barley seedlings from different transgenic lines related to the water stress response and subsequent rewatering. Principal component (PC = Dim) analysis at the end of the water stress period (A) and after subsequent rewatering (B).







Discussion

Indoor phenotyping methods enable the evaluation of various traits from a large number of plants in a fast and non-invasive manner. Routinely, experiments are performed in controlled conditions mimicking environmental conditions. However, an effective translation of indoor simulations to what plants experience in the field is not straight-forward because of the complexity and variability of the field conditions, which complicate data analysis and interpretation (Araus and Cairns, 2014). As reviewed by Poorter et al. (2016), it is necessary to develop new protocols that can adjust growth conditions to be closer to field conditions. A common problem is the use of high relative humidity (RH) in protocols for studying water deficit (Junker et al., 2015; Nosalewicz et al., 2016), whereas in the field, water stress is frequently associated with low RH values. We have optimized our method for studying water deficit in barley at a RH of 40%, which is closer to real conditions and thus accelerates the stress response. Another limitation in the translation from the laboratory to the field is the method of growing the plants in different spatial conditions. Indoor phenotyping traditionally analyzes the plant growth in individual pots (Honsdorf et al., 2014; Cabrera-Bosquet et al., 2016; Poorter et al., 2016), whereas in the field, plants grow to form a canopy, competing with neighbors for above- and below-ground resources. To form the canopy, in our method, we planted 50 barley seedlings in the same plastic container (Figure 1), reaching a final density of 1000 plants m–2 instead of the 20 to 50 plants m–2 normally used in indoor phenotyping (Poorter et al., 2016). When plants are grown in individual pots, image analysis allows to dissect plants as individuals, because they are not masking each other (Chen et al., 2014; Honsdorf et al., 2014). Plants grown in a dense canopy overlap the leaves, making it almost impossible to extract projections of single plants. We overcame this by analysis of whole canopies instead of individuals. Using side-view RGB images and developing a software routine, we can estimate the projected canopy height of the barley population (Figures 1 and 4). This provided indirect information about several invasive parameters, such as biomass, leaf length and width, and RWC (Figure 9 and Supplementary Figures S3–S6), which are important manually measurements for studying barley populations in water stress conditions. Chen et al. (2014) previously described a similar phenotyping setup with a water stress phase followed by a re-watering phase. They also showed that the plant height was highly correlated with the destructive measured shoot biomass. However, they evaluated single plants and used very sophisticated and expensive sensors, such as FluorCam and NIR. Later on, Neumann et al. (2015) showed that the evaluation of derived traits from the obtained curve of the barley-accumulated biomass is an efficient approach to characterize different lines under water stress condition and rewatering using a model obtained from plants grown individually. To our knowledge, our indoor phenotyping approach is the first that uses projected canopy height in populations, representing overall growth conditions that are more similar to those that plants experience in the field, especially when compared with single pot-single plant studies. Besides, we also showed that from each obtained canopy height curve, it is possible to extract more traits, such as the slope of the obtained line for the water stress and recovery period (Figure 4 and Table 1). In addition, a simple and cheap RGB camera is enough to analyze the population canopy height, making this phenotyping method adaptable to other commercial or home-built systems.

The reliability and repeatability of the method was validated by two independent experiments under control conditions (Figure 2), and under water deficit with subsequent rewatering in randomly distributed trays (Figure 3 and Supplementary Figure S1), showing similar behaviors for 47 analyzed traits and metabolites (Figures 3–9). Regarding Chl-related traits, water stress reduced the total Chl content in barley seedlings (Figure 7F) and the maximum quantum yield in the dark- and light-adapted stages ΦPo and ΦPSII, and increased the regulatory and non-regulatory dissipation processed reflected in ΦNPQ and Φ(f,D), respectively (Figure 5), to ameliorate photoinhibition and protect the photosynthetic apparatus (Xu et al., 1999). Similar observations have been reported in many studies of the water stress response of barley (Li et al., 2006; Filek et al., 2015). However, we observed that whereas some parameters changed in parallel with the projected canopy height, others changed at a later stage. For example, the decrease in ΦPSII happened at the end of the water stress period (Figure 5B), as observed by Berger et al. (2010), disabling it as a possible marker of early water stress response in barley. However, qP was a fast response fluorescence parameter (reduced from day 5) (Figure 5B) and positively correlated to Chl (Supplementary Figure S3). Optimal utilization of photochemical energy in carbon metabolism is characterized by high qP values. When light absorption exceeded the requirement by carbon metabolism, the qP declines. Thus, it serves as a good indicator of “light stress” (Gallé and Flexas, 2010). However, the fluctuations of this parameter have been described as cultivar dependent at least in wheat (Wang et al., 2016). Altogether, these results suggested that under our growth conditions, the water-stressed plants might suffer photoinhibition and that qP could be a good trait for estimating the photosynthetic status of barley plants during water stress conditions and subsequent recovery.

Water deficit increases the production of reactive oxygen species (ROS) in plants that stimulate antioxidant enzymes to counteract the oxidative damage and detoxify ROS. Similarly, in our work, the barley seedlings increased the antioxidant enzyme activity of CAT and POX in stressed plants compared with the controls (Figures 7G, H). However, APX only increased significantly after the rewatering. It has been described that APX enhanced tolerance under water deficit in many plant species, but the increased expression of APXs varied in different developmental stages, among species and type of stress (reviewed by Pandey et al., 2017). Another study demonstrated that a simple pre-treatment with a stressor can induce an increase in the activity of this enzyme, protecting the plants against future stress events, a process traditionally called hardening (Hsu and Kao, 2007). These assumptions suggested that the high APX activity in the stressed plants after recovery could be related to the developmental stage (4th leaf, Figure 6) and/or a fast mechanism to reduce ROS.

Another strategy of plants to cope with drought-induced stress is the synthesis and/or accumulation of compatible solutes (e.g. AAs), which can be involved in ROS scavenging and/or perform as signal molecules (Urano et al., 2010). As revealed by metabolite profiling, most of the AAs accumulated in barley under water stress conditions (Figure 8A), especially Pro and OH-Pro. Pro was described in 1972 (Singh et al., 1972) as a useful marker for screening the physiological status of plants grown under water deficit conditions. In our work, even when the rewatered plants recovered their RWC, they maintained both Pro and OH-Pro levels above the control values (Figure 8B). This was already described in barley (Reddy et al., 2004), as well as in other species (De Diego et al., 2013; Zhang et al., 2018). It is worth mentioning that Cit was the only AA that kept increased levels after rewatering (Figure 8). Although there are only few works reporting the possible role of Cit in the plant stress response, Akashi et al. (2001) demonstrated that Cit was a more effective hydroxyl radical scavenger than other compatible solutes, such as Pro or Mannitol, and it can eﬀectively protect DNA and enzymes from oxidative injuries. Thus, Cit could accelerate the recovery of the stressed plants by reducing the stress-induced oxidative damage, being an interesting metabolite for evaluating acclimation to water stress in barley (Figure 9A).

Regarding PAs, Put, Spd, and Spm are usually accumulated under stress conditions (Podlešáková et al., 2019). However, in our study, Cad, DAP, Tryp, and Tyra were the major contributors to the water stress response (Figure 8 and Supplementary Figure S8). In fact, Cad, DAP, and Tyra, but not Tryp, remained at higher levels in the stressed plants even after rewatering (Figure 11). The conversion of Spd to DAP is a stress response that can control ROS (Bitrián et al., 2012; Liu et al., 2015). DAP accumulation during water deficit and recovery could also be a mechanism for modulating membrane electrical and ion transportation properties and for controlling stomata closure, counteracting the action of ABA (Jammes et al., 2014). Cad is synthesized by an independent pathway through lysine catabolism, and its accumulation has been reported in other species under stress conditions (Jancewicz et al., 2016). Although the role of Cad in the stress response is still unclear, it has been recently shown that this PA displays anti-senescence activity (Tomar et al., 2013), suggesting that it is another important ROS-modulating compound and possible plant growth regulator (Jancewicz et al., 2016). However, when the levels of Cad were quantified in transgenic lines with different stress response, the accumulation was more indicator of stress level rather than tolerance (Figure 11). Concerning Tyra, there are few studies showing its accumulation in plants under stress (Aziz et al., 1999; Lehmann and Pollmann, 2009). Aziz et al. (1998) have shown that Tyra can regulate Pro production. In addition, Wang et al. (2019) pointed to Tyra as biomarker of salt stress tolerance in barley. Transgenic lines also accumulated higher levels of Tryp than wt under water stress condition (Figure 11). Previous studies also showed the accumulation of Tryp as barley defense against UV and biotic stress (Miyagawa et al., 2014). It has been demonstrated that in plants, the catabolism of Tryp can produce serotonin and melatonin as plant stress response (Hayashi et al., 2016). However, the tolerance and sensitivity in the genotypes must be more dependent of their interconversion (including synthesis and catabolism) and the crosstalk between their related function rather than a concrete one. Finally, in our study, highly significant correlations (P*** ≤ 0.001) existed between Put, Spm, DAP, Tryp, Tyra or Cad, and Pro (Supplementary Figure S6), results that supported the existence of a relevant crosstalk between PAs and Pro regulating plant stress response (Podlešáková et al., 2019). In addition, the results obtained in the characterization of transgenic lines with silenced transgene A demonstrated that quantification of PAs is enough to define the level of stress in this barley genotype under water stress and recovery (Figure 11 and Supplementary Figure S9–S10).

In conclusion, we have designed, optimized, and validated a non-invasive image-based method for automated high-throughput screening of potential water stress tolerance phenotypes using projected canopy height in barley [an additional movie file shows this in more detail (see Supplementary File S1)]. Using multivariate statistical methods, we have also identified new metabolites involved in stress response and recovery using different transgenic lines of barley. As shown here, projected canopy height is sensitive trait that truly reflects other studied morphological and physiological parameters and metabolites. It represents very informative, simple, and robust trait that does not require an expensive sensor and, hence, is suitable to be used in low-cost systems using single RGB imaging. It can be also seen as easy to understand and self-speaking trait, since the reduction of plant growth and loss of turgor are traditional traits to characterize the water stress response of the plants. Besides, we demonstrated that the simple analysis of canopy height combined with quantification of PAs bring enough data to define the plant stress strategy. For this reason, our method can be used to study the mechanisms involved in the water deficit response and recovery capacity of crops, such as barley. We believe that it has high potential to be integrated into breeding programs for fast screening and identification of stress-tolerant genotypes under different individual or combined stresses and/or the identification and testing of priming agents with potential to mitigate the adverse stress effects.
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Drought tolerance is a complex phenomenon comprising many physiological, biochemical and morphological changes at both aerial and below ground levels. We aim to reveal changes on root morphology that promote drought tolerance in oat in both seedling and adult plants. To this aim, we employed two oat genotypes, previously characterized as susceptible and tolerant to drought. Root phenotyping was carried out on young plants grown either in pots or in rhizotrons under controlled environments, and on adult plants grown in big containers under field conditions. Overall, the tolerant genotype showed an increased root length, branching rate, root surface, and length of fine roots, while coarse to fine ratio decreased as compared with the susceptible genotype. We also observed a high and significant correlation between various morphological root traits within and between experiments, identifying several of them as appropriate markers to identify drought tolerant oat genotypes. Stimulation of fine root growth was one of the most prominent responses to cope with gradual soil water depletion, in both seedlings and adult plants. Although seedling experiments did not exactly match the response of adult plants, they were similarly informative for discriminating between tolerant and susceptible genotypes. This might contribute to easier and faster phenotyping of large amount of plants.

Keywords: adult plants, drought, oat, rhizotron, root architecture, root morphology, root phenotyping



Introduction

Water deficit is among the most important crop constraints, reducing quality, productivity and compromising economic output and food security worldwide (Farooq et al., 2009). Consequently, extensive research has been performed to elucidate the plant responses to water stress over the last decades (i.e. Flowers et al., 1977; Greenway and Munns, 1980; Franco et al., 2006; Osakabe et al., 2014). However, drought tolerance is a highly complex trait and despite the extensive past research efforts, the components contributing to tolerance remain poorly understood to date (Tuberosa et al., 2002). In addition, most research has focused on the impact of water stress on shoot development parameters, such as, leaf area and shoot dry weight, or agronomic traits such as yield whereas root traits have been largely neglected. The main reason for this is the technical difficulty to access and monitor whole root system through non-destructive and high-throughput phenotyping methods.

The root is the first organ exposed to the drying soil and the origin of the signals that orchestrate the machinery leading to drought tolerance (Schachtman and Goodger, 2008). A detailed study of root response to drought is therefore required to understand plant adaptation to water stress. Therefore, an expanding area of interest has been devoted, in recent years, to dissect root traits that may help crops to cope with water stress and maintain productivity under drought. The root system size, their properties and distribution ultimately determine the plant access to water, and hence, set the limits on the functioning of the aerial part of the plant (Comas et al., 2013). Different studies have shown drought-induced changes in several root architecture parameters (reviewed by Comas et al., 2013) but only a few compared well-characterized susceptible and tolerant genotypes under similar water stress deficit, including bean (Abenavoli et al., 2016), chickpea (Purushothaman et al., 2016), rice (Henry et al., 2016) and beech (Meier and Leuschner, 2008). This is crucial to discriminate changes that are simply related to cellular stress from those engaged to increase tolerance. The million-dollar questions are then which root traits may help the most in the selection of drought tolerant plants and under which circumstances these traits may be helpful.

Currently fast and accurate phenotyping is a “must” in breeding programs. Phenotyping seedlings under controlled conditions expedite the process of evaluation, which in case of root assessments is particularly welcome due to the inherent difficulties to access a system that operates in a below-ground environment. So far, most of the techniques developed to assess root architecture focused on seedlings. In some cases, root seedling phenotyping had some predictive value for later developmental stages, such as in Tuberosa et al. (2002) that showed a relation between seedling root traits and adult plant yield. However, in others the root phenotype of seedlings was not representative of that of adult plant (Watt et al., 2013). On the other hand, we have the challenge of extracting an entire root system from soil, while maintaining completeness and avoiding damage to the finest roots. Recently, some results have been generated on entire root systems through shovelomic approaches, but these seemed to be more appropriate for phenotyping crown roots than the whole root system (Lynch, 2011; Trachsel et al., 2011). For this reason, other root growth methods have been explored, such as the growth on moistened germination paper rolls or pouches (Watt et al., 2013; Gioia et al., 2017), the use of rhizotrons, in which the plants grow in a soil-filled chamber allowing the observation of root development (Nagel et al., 2012), and gel-based systems (Iyer-Pascuzzi et al., 2010) that allow digital recording of root architecture traits through scanners or digital cameras. For several researchers these methods are not an adequate solution yet, as they do not reflect the root system of adult plants growing under field or semi-field conditions (Smith and De Smet, 2012). This could be solved through X-ray computed tomography (Zhu et al., 2011) which has the capability to visualize root architecture in situ by collecting cross-sectional images and allows the 3D reconstitution of the root without damage. However, this method is not easily affordable for most research groups and/or for screening large amount of individuals. Thus, the big challenge is to set up a cultivation system that allow to dissect the most important traits contributing to drought tolerance, as early as possible to obtain reliable results reflecting what is happening in adult plants. The challenge is greater if we take into account that the solution may not be the same for each species.

Increased information regarding root system architecture can be found in model crops such as Arabidopsis (Dolan et al., 1993). However, greater efforts are necessary to dissect root architecture that contributes to cope with drought in cereals, since, in terms of root tissue organization, there are substantial differences between dicot models such as Arabidopsis and monocots. As far as we know, the majority of root architecture research in monocots has focused on maize and rice (Smith and De Smet, 2012).

Oat (Avena sativa L.) is an important crop ranking currently sixth in world cereal production (FAO, 2017). Although oats have vigorous root systems that exploit the soil well, their transpiration rates and water requirements are higher than that of other small grain cereals (Ehlers, 1989). In addition, oat are especially susceptible to grain abortion caused by drought, which shows as empty white spikelets (Sánchez-Martín et al., 2017). Therefore, there is a need to breed oat lines with higher yields under water-limited conditions. Recent studies have tackled the drought tolerance response of oat. These covered different aspects focusing on adaptation and yield potential (Sánchez-Martín et al., 2014; Sadras et al., 2017; Sánchez-Martín et al., 2018), on the role of different metabolites during drought tolerance responses (Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2017; Gao et al., 2018; Canales et al., 2019), or on the identification of physiological and biochemical markers to select drought tolerant genotypes (Rabiei et al., 2012; Sánchez-Martín et al., 2012; Marcinska et al., 2017; Rispail et al., 2018). However, and following the same trend as for other crops, very few information are available regarding root responses engaged for drought tolerance in oat.

In this study, we aim to dissect the root system architecture components that contribute to oat’s ability to cope with drought by comparing two genotypes previously well-characterized under different water deficit conditions at field (Sánchez-Martín et al., 2014), physiological (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018) and genetic levels (Montilla-Bascón et al., 2013). In addition, we investigated whether specific root traits assessed in seedlings grown either in pots or in rhizotrons, could reflect the adult plant’s reaction and hence facilitate screening of large amount of plants.




Materials and Methods



Plant Material

All experiments were carried out with the oat cultivars (cvs) Flega and Patones, which are susceptible and tolerant to drought stress, respectively (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018). Patones exhibits a good adaptation to Mediterranean agroclimatic conditions. It was developed by ‘Instituto Madrileño de Investigación y Desarrollo Rural, Agrario y Alimentario’ (IMIDRA, Madrid, Spain), and ‘Plant Genetic Resources Center’ (INIA, Madrid, Spain) provided the seeds. Flega was developed by the Cereal Institute (Thermi‐Thessaloniki, Greece). Details of the genetic relationships between these cultivars have been previously reported (Montilla-Bascón et al., 2013) and showed that they are not closely related.




Visual Assessment of Drought Symptoms

To confirm the genotype behavior under drought stress, drought symptoms were assessed in ten biological replicates per genotype/treatment according to Sánchez-Martín et al. (2018). Briefly, drought severity values were assessed daily according to a 0–5 scale where 0 = vigorous plant, with no leaves showing drought symptoms; 1 = one or two leaves show slight drought symptoms (less turgor) but most leaves remain erect; 2 = most leaves show slight levels of drought stress, however one or two leaves still show no drought symptoms; 3 = all leaves show drought symptoms but these are no severe; 4 = all leaves show severe drought symptoms including incipient wilting; 5 = the whole plant is wilted with all leaves starting to dry appearing rolled and/or shrunken (Sánchez-Martín et al., 2012). These data were used to calculate the area under the drought progress curve (AUDPC) similarly to the area under the disease progress curve widely used in disease screenings (Jeger and Viljanen-Rollinson, 2001) using the formula:
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where Si is the drought severity at assessment date i, ti is the number of days after the first observation on assessment date i and k is the number of successive observations.




Seedling Experiments



Pot Experiments

Experiments with seedlings growing in pots under controlled conditions were carried out as previously in our group (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018) and also according to other researchers (Xiao et al., 2007; Hao et al., 2009; Gong et al., 2010). Ten biological replicates per cultivar and treatment were grown in 0.75 l pots (10 × 10 × 10.5 cm; one plant per pot) filled with peat:sand (2:1) sieved with a 3 mm grid, in a growth chamber at 20°C, 65% relative humidity and under 12 h dark/12 h light with 250 μmol m−2 s−1 photon flux density supplied by white fluorescent tubes (OSRAM, Garching, Germany). During growth, trays carrying the pots were watered regularly with tap water. After three weeks, water was withheld from drought-treated plants (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018) for a period of 20 days producing a gradual soil water depletion. Control plants were watered as described earlier throughout the experiment. During the drought treatment, the relative soil water content (sRWC) was monitored daily, reaching a level of approximately 15–20% by day 18 which is consistent with previous drought-related studies on oat (Gong et al., 2010). This allowed us to confirm that during the whole drought time course Flega and Patones plants were subjected to similar soil relative water content and hence to similar stress dose as previously observed (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018).

Sampling times were chosen to cover different levels of sRWC: still-sufficient water (6 days after water withholding (daww), 55–60% sRWC), mild water deficit (9 daww, 40–45% sRWC), moderate water deficit (12 daww, 30–35% sRWC), high water deficit (15 daww, 20–25% sRWC) and severe water deficit (18 daww; 15–20% sRWC). At each sampling times, roots of five oat plants per cultivar and treatment (well-watered and droughted) were harvested, washed out under tap water to remove soil residues and kept in 70% ethanol until used for morphological studies. At the latest time point plants were 38 days old.




Rhizotron Experiments

Rhizotron experiments were conducted at Jülich Plant Phenotyping Center (JPPC) (http://www.jppc.de) at Forschungszentrum Jülich GmbH, Germany. Oat seeds were imbibed in tap water for 3 h and pre-germinated at 20°C in wet tissue paper placed in Petri dishes in the dark for three days in climate chamber. Pre-germinated seeds with 2–4 mm radicle length were transferred into the rhizotrons (2 × 30 width × 60 depth cm) filled with 3 mm sieved potting soil adapted from Nagel et al. (2015). One seedling per rhizotron was placed 3 cm deep into the soil, embryo facing downwards positioned at the transparent surface of the rhizobox, which was thereafter covered with a black foil. The black cover was only removed for root growth measurements. After sowing, the rhizotrons were set in an angle of approximately 45°, with the clear face facing downwards.

The experiment was conducted in a complete randomized design including two oat cultivars (Flega and Patones), two water treatments and six biological replicates per genotype and treatment. The water treatments were: (1) high water deficit (HWD, 20% field water capacity, FWC) and well-watered (WW, 90% FWC). Soil for HWD treatment was dried in an oven to reach 20% of sRWC. Control plants were watered regularly with tap water. After transferring the seedling, 10 ml of tap water was added to the soil in drought treatment nearby to the pre-germinated seeds to help plant establishment at the beginning. Water content of the soil was checked three times per week by weighing the rhizotrons in order to confirm that the sRWC of each treatment was maintained throughout the experiment. The position of the rhizotrons in the growth chamber was randomly changed at each measurement time point to reduce the effect of local differences in environmental conditions (such as temperature and air humidity). Plants were grown at 20°C, 65% relative humidity and under 12 h dark/12 h light in the climate chambers of the Institute for Plant Sciences (IBG-2; Forschungszentrum Jülich GmbH, Jülich, Germany). The drought treatment was performed according to the established protocols at IBG-2 (for more details see Nagel et al., 2012; Avramova et al., 2016). The experimental settings were different from the pot experiments due to rhizotron particular requirements but drought symptoms in the susceptible and resistant genotype followed a similar pattern.

Three times per week, the length and width of all leaves were measured with a ruler. The measurement started 6 days after sowing, when the first leaf was unrolled. The total leaf area (A) was then calculated according to A = leaf width × leaf length × 0.858 (Kalra and Dhiman, 1977). The measurement of roots started 6 days after sowing, when the first roots were visible at the transparent surface of the rhizotrons. Three times per week a digital image of the visible roots at the transparent window was taken, and length of the root, root system width, convex hull area, and seminal root length were calculated with RhizoPaint (Nagel et al., 2012). Experiment ended 30 days after sowing once control plant roots of both genotypes reached the bottom of the rhizotrons.

The visible root length at the surface of the rhizotron represented a portion of the total root system length. To establish the effect of different treatments on whole root length, it was necessary to define the relationship between visible and non-visible roots. To do this, plants were harvested at the end of the experiment, washed out under tap water, and total root length was determined with WinRHIZO (Regent Instruments Inc., Québec City, QC, Canada). The visible root length represented approximately 18% of the total root length, which is consistent with previously published data (Hurd, 1964; Nagel et al., 2012). The root length visible at the rhizotron surface and the total root length (visible and non-visible roots) showed a strong correlation with r2 = 0.95 (P <0.001). The ratio between visible and non-visible roots was unaffected by treatment and no differences between control plants of the two cultivars were found.





Adult Plants Experiments

Nine replicated oat plants per cultivar and treatment were sown in big containers (27 × 27 × 45 cm), one plant per container, in order to be able to recover the entire root system. Containers were placed outdoor under climatic field conditions at Institute for Sustainable Agriculture in Córdoba, Spain (N37°51′38.1″ W4°47′40.8″). Containers were filled with approximately 20 kg of a mixture of peat:sand (2:1) sieved at 3 mm. Plants were sown on 15th December. During growth, containers were watered regularly with tap water. Plants were fertilized by foliar spray of Microsolem® according to manufacture instructions at tillering and panicle emergence. At the beginning of tillering (stages 21–22 according to Zadoks scale, (Zadoks et al., 1974), all plants were watered to saturation, left to drain for 2 h and then the top of the container was covered with a transparent film with a hole for the shoots to prevent evaporation. This allowed a slow and gradual depletion of the soil water content mimicking the terminal drought characteristic of the Mediterranean area. When rain was foreseen, plants were protected by a transparent plastic awning that was removed immediately after rain. As stated above this was not often and plants were protected from short showers only five times. During the drought treatment, the RWC of the soil in the containers was monitored daily, reaching a level of approximately 15% after 31 days. Control plants were watered regularly throughout the whole experiment. As an additional control of growth and phenology and to confirm that, the containers did not limit the growth of oat plants. Flega and Patones seeds were also sown in the nearby field with a randomized complete block design with three biological replicates. Each replicate consisted of independent plots sown in three 1-m-long row at a density of 90 seeds m−2. Within each plot, rows were separated from each other by 50 cm. Control plants growing in the containers showed similar phenology and they did not show any restriction in their growth compared with plants growing in the field trial. Plants growing in the containers even showed a slightly higher yield probably due to the differences in the soil composition and structure and lack of competition.

At the beginning of ripening, [stage 90 of Zadoks scale (Zadoks et al., 1974)] the number of tillers, stem number and number of active leaves/stem were recorded. At the end of the experiment, when plants were approximately 4 month-old, seed weight and total aerial dry mass were recorded. In addition, the roots of each plant were harvested, washed out and stored in plastic bags filled with 70% ethanol at 4°C for morphological studies (Meyer et al., 2009).




Leaf Chlorophyll Content

Leaf chlorophyll was indirectly estimated on the adaxial side of the leaf of oat adult plants using a SPAD-502 chlorophyll meter (Minolta Co., LTD., Japan). Plant SPAD index was calculated as the mean of all leaves. To obtain the index for one leave, three different measurements in the tip, mid and base of the leaf, were recorded and averaged. Measurements were taken 6 h after the onset of the light period at the beginning of ripening [stage 90 of Zadoks scale, (Zadoks et al., 1974)].




Stomatal Conductance

Leaf water conductance was measured with an AP4 cycling porometer (Delta-T Devices Ltd, Cambridge, UK) according to Prats et al. (2006). Measurements were carried out in the flag leaf of each stem 6 h after the onset of the light period at the beginning of ripening [stage 90 of Zadoks scale, (Zadoks et al., 1974)].




Morphological Root Trait Assessment

Root fixed in 70% ethanol were stained with an abundant volume of 0.01% neutral red (Sigma Chemical Co.) during 24 h to increase contrast in the image staining solution (Schumacher et al., 1983). The stained roots were placed in a transparent tray with a thin layer of water and scanned at a resolution of 600 pixels per mm. Root images were analyzed using WinRHIZO (Regent Instruments Inc., Québec City, QC, Canada) as described by Himmelbauer et al. (2004). Total root length, root surface, root diameters, number of tips and branches, length of fine (<0.5 mm) roots, and the coarse (>0.5 mm) to fine root ratio were recorded.

To scan the roots of adult plants, roots were trimmed in approximately 5 cm long fragments and homogenized. Note that for scanning the whole root system of one adult plant up to 80 trays were necessary to be scanned. In addition we tested whether root parameters of the entire root system could be extrapolated on the basis of the measurements of six subsamples for which six random selected subsamples of the whole root system were scanned and weighted. The method was validated for each cultivar and treatment separately. Based on these data different regression curves (for the different root parameters) were derived. To validate the system five replications (selecting different sets of subsamples) for each genotype and treatment were performed. In all cases r2 ranged from 0.97 to 0.99 and the coefficient of variation between the estimated size of whole root system predicted by the different subsample sets was always lower than 5%. Consequently, the regression curves obtained from each cultivar and treatment were used to determine the root parameters of the corresponding replications by scanning each six subsamples. Scanned roots were dried in a forced-air dryer for 24 h at 75°C in order to determine root dry weight.




Statistical Analysis

For statistical analysis, data recorded as percentages were transformed to arcsine square roots (transformed value = 180/п × arcsine [√(%/100)]) to normalize data and stabilize variances throughout the data range. However, for ease of understanding means of raw percentage data are presented in figures. Data obtained from non-destructive sampling (i.e. drought symptoms or rhizotron measurements) were subjected to Repeated Measurement analysis using SPSS software (IBM, SPSS). The between-subject main effect was genotype and the within-subject or repeated measures effect was time of measurement. Homoscedasticity of residuals was confirmed by Box’s test and Greenhouse–Geisser epsilon accounted as correction factor. Data obtained from destructive sampling were subjected to Two-way ANOVA, with genotype and time as factors, using SPSS software (IBM, SPSS) and residual plots were inspected to confirm normality of data. Significance of differences between means was determined by contrast analysis (Scheffe’s). For multivariate analysis, data were analyzed using principal components analysis (PCA; (Causton and Causton 1987)) and cluster analysis using PAST free software 3.22 (https://folk.uio.no/ohammer/past/). Pearson correlations were calculated to detect statistical correlations between traits.





Results



Root Morphological and Architectural Changes During Water Deficit in Seedlings



Pot Experiments

Several independent water deficit experiments were carried out to determine the morphological and architectural changes that are responsible for the tolerant phenotype of cultivar Patones in contrast to the susceptible Flega. As previously observed (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2015; Sánchez-Martín et al., 2018), the sRWC reduced exponentially during the drought time course in all experiments. The sRWC decrease followed the same progression curve for both cultivars indicating that they were subjected to similar water stress throughout the experiment. The last harvesting was carried out at 15–20% sRWC with Flega plants suffering severe drought symptoms, such as loss of turgor and chlorosis, albeit still far from the wilting point. Flega and Patones plants showed similar phenology although drought related symptoms initiated earlier and were more severe on Flega than on Patones (Supplementary Figure 1). Both genotypes reduced the growth of leaves compared with non-stressed well-watered controls (P < 0.001) but droughted Patones plants maintained higher leaf area and leaf dry matter than the susceptible Flega (Supplementary Figure 1)



[image: ]

Figure 1 | Root morphological and architectural-related traits of oat seedlings grown in pots during a water deficit time course. Data of Flega (triangles) and Patones (circles) plants are expressed as percentage with respect to control plants growing in well-watered conditions and are mean of ten biological replicates ± standard error. ≠G, ≠T and GxT indicates statistical significance for the time course between genotypes (G), sampling times (T) and their interaction, respectively. The dashed line indicate the performance of well-watered plants. *, **, *** indicate significant differences at P < 0.05, 0.01 and 0.001, respectively, ns indicates non-significant differences.




Drought treatment also significantly affected root growth as compared with non-stressed plants (P < 0.001 for all traits assessed). A detailed analysis of the root morphological changes occurring over the drought time course showed that most traits followed a similar pattern (Figure 1). Root dry weight, total root length, root surface area and the number of branched fine roots tended to be lower under water deficit in both genotypes compared to well-watered plants from 9 daww onward. However, the tolerant genotype, Patones, presented significantly higher values for any of the above-mentioned root morphological traits, than the susceptible Flega (Figure 1). Interestingly, the length of fine roots (diameters between 0 and 0.5 mm) followed a similar decreasing trend as the total root length indicating the importance of these fine roots in the total root length. Drought treatment significantly reduced the average root diameter of both genotypes (P < 0.001). However, the ratio between coarse roots (Ø > 0.5 mm) and fine roots (Ø < 0.5 mm) was significantly lower in droughted Patones plants than in Flega plants, except for the earliest sampling time. This suggested that the root growth observed in Patones under drought was mainly due to the production of fine roots (Figure 1). This would be in accordance with the higher number of fine roots observed in Patones as compared with Flega. Thus, despite the reduction in root growth rate detected in both cultivars in response to drought, the tolerant genotype maintained a higher root growth rate than the susceptible cultivar, producing mainly fine roots. The correlation between the different morphological traits assessed was very high with r2 of 0.98–0.99 (P < 0.001, Table 1).



Table 1 | Pearson correlations between root architectural parameters: number of branched root, total length and root surface of Flega and Patones seedlings growing in pots and rhizotrons during a water deficit time-course. 
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Rhizotron Experiments

Although drought symptoms developed slower in rhizotron than in pots, they initiated earlier and were more severe in Flega than in Patones (Figure 2), as expected. Leaf area of both Flega and Patones were reduced under drought compared with well-watered controls from day 8 after sowing. However, the drought-induced reduction in leaf area was lower in Patones than in the susceptible Flega (P = 0.04, Figure 2).
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Figure 2 | Effect of water deficit on oat seedlings grown in rhizotrons during a time course (A) Drought symptoms and (B) Leaf area of Flega (triangles) and Patones (circles) oat plants. Leaf data are expressed as percentage respect to control plants growing in well-watered conditions. All data are mean of ten biological replicates ± standard error. ≠G, ≠T and GxT indicate statistical significance for the time course between genotypes (G), sampling times (T) and their interaction, respectively. The dashed line indicate the performance of well-watered plants. *, indicate significant differences at P < 0.05.




Analysis of the rhizotron images, taken periodically over the 30 days of the experiments, allowed recording additional morphological and architecture root parameters including convex hull area or root width. Water stress reduced in both cultivars the convex hull area, which is the area covered by a root system measured by encompassing a root system with the shortest line (Figure 3). However, the convex hull area of Patones plants under drought was significantly higher than that of Flega (P = 0.03). The root system width, which is the maximal horizontal distribution of the root system, followed a similar trend. Accordingly, water stress reduced the root width of both cultivars, although it remained higher in Patones than in Flega (P < 0.001). Similar to the pot experiment, water stress reduced the root growth rate of both Flega and Patones grown in rhizotrons as shown by the reduction in the seminal root length and whole root length of water stressed plants compared to well-watered plants. Nonetheless, the length of both seminal root and whole root system was higher in droughted Patones than in droughted Flega (P = 0.003 and 0.002, respectively). Analysis of root images according to the different soil profiles showed that most roots were produced in the first 40 cm with the highest density at 15–20 cm (Figure 4). No differences in rooting depth were observed between Flega and Patones. Scanning of roots at the end of the rhizotron experiments confirmed that Patones plants had longer roots under water stress than Flega (P < 0.05). In addition a correlation of r2 = 0.9512 (P < 0.001) was observed between the data obtained from rhizotron images and scanned roots indicating that under the conditions used the visible roots at the transparent rhizotron surface are a good representation of the total plant root system.
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Figure 3 | Root morphological and architectural-related traits of oat seedlings grown in rhizotrons during a water deficit time course. Data of Flega (triangles) and Patones (circles) are expressed as percentage with respect to control plants growing in well-watered rhizotrons and are mean of ten biological replicates ± standard error. ≠G, ≠T and G × T indicate statistical significance for the time course between genotypes (G), sampling times (T) and their interaction, respectively. The dashed line indicate the performance of well-watered plants. *, **, *** indicate significant differences at P < 0.05, 0.01 and 0.001, respectively, ns indicates non-significant differences.
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Figure 4 | Total root length (A) and its distribution in depth (B) of oat seedlings grown in rhizotrons during a water deficit time course. Data of Flega (triangles) and Patones (circles) are expressed as percentage respect to control plants growing in well-watered rhizotrons and are mean of ten biological replicates ± standard error. ≠G, ≠T and G × T indicate statistical significance for the time course between genotypes (G), sampling times (T) and their interaction, respectively. *, **, indicate significant differences at P < 0.05, and 0.01, respectively, ns indicates non-significant differences.




Scanning roots at the end of the rhizotron experiments allowed recording similar morphological data as the pot experiments. We observed a similar trend in rhizotron and pot experiments, with the tolerant Patones plants showing significant increased root surface area, branching, and length of fine roots together with a reduced coarse/fine root ratio when compared with Flega plants under drought (Figure 5). These morphological traits were highly and significantly correlated with coefficient of correlation (r2) ranging between 0.93 and 0.99 (P < 0.001).
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Figure 5 | Root morphological and architecture related traits of oat seedlings after finalizing its growth in rhizotrons subjected to water stress. Data of Flega and Patones are expressed as percentage respect to control plants growing in well-watered rhizotrons and are mean of ten biological replicates ± standard error. *, ** indicate significant differences at P < 0.05 and 0.01, respectively.







Root Morphological and Architectural Changes During Water Deficit in Adult Plant

Measurements of the soil RWC confirmed that both, Flega and Patones were subjected to similar water stress throughout the experiment (Figure 6A). As previously observed in the seedling experiments (Sánchez-Martín et al., 2015), well-watered adult plants of Flega and Patones showed similar phenology and development (Supplementary Table 1). This included a similar flowering time as previously observed in several field trials in the Mediterranean area (Sánchez-Martín et al., 2014). Adult plants of Flega showed earlier and more severe drought symptoms than Patones (P = 0.013). This was reflected by the significantly lower AUDPC of Patones plants (Figure 6B). Water stress also led to an earlier senescence of Flega leaves that showed approximately 90% of dead leaves at 31 daww compared with the 70% of Patones (Supplementary Figure 2)
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Figure 6 | Effect of water deficit on oat adult plants grown under climatic field conditions (A) Soil relative water content and (B) Drought symptoms of Flega and Patones adult plants during a drought time course. Data are expressed as percentage respect to control plants growing in well-watered conditions and are mean of eight biological replicates ± standard error. ≠G, ≠T and G × T indicate statistical significance for the time course between genotypes (G), sampling times (T) and their interaction, respectively. AUDPC indicate the cumulative values of the area under the drought symptom progress curve. *, **, indicate significant differences at P < 0.05, and 0.01, respectively, ns indicates non-significant differences.




A detailed analysis of the gradual soil water depletion effect on adult oat plants confirmed Flega as more susceptible than Patones. Although the number of tillers was not significantly different between cultivars, drought-stressed Patones showed significantly higher number of stems and active leaves per stem with respect to their well-watered controls than Flega (Supplementary Figure 3). The relative seed weight per plant and total dry weight was also significantly higher in Patones. Furthermore, Patones SPAD index that estimates the leaf chlorophyll content, was also higher than in Flega suggesting these plants maintained a higher photosynthetic status (Supplementary Figure 3). Interestingly, no differences were found in SPAD index or stomatal conductance between droughted Patones and Flega plants when considering only flag leaves (Supplementary Figure 4)

Assessment of the root morphological traits showed that Patones plants developed a longer root system than Flega (Figure 7). By contrast, to the observation in seedlings, the root systems of adult plants subjected to drought were higher than that of control plants. The growth difference between droughted and well-watered control plants was small for Flega but it was more than 2-fold for Patones. As previously observed in seedlings, this change was mainly due to an increase in the fine root portion of the root, with diameters between 0 and 0.5 mm (Figure 7). Thus, the drought-induced changes in root morphology followed the trend previously observed in seedlings. Accordingly, the coarse/fine root ratio was smaller in the tolerant Patones indicating that this cultivar developed a higher proportion of fine roots (Figure 7). Root surface area was also higher in droughted plants compared to their well-watered controls with Patones showing a higher root surface than Flega. The different root traits assessed in adult plants were significantly correlated between them with correlation coefficient ranging between 0.90 and 0.99 and P < 0.001 (Table 2).
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Figure 7 | Root morphological and architectural-related traits of Flega and Patones adult plants under field conditions during a drought time course. Data are expressed as percentage respect to control plants and are mean of four biological replicates ± standard error. *, ** indicate significant differences at P < 0.05, and 0.01, respectively. The dashed line indicate the performance of well-watered plants.





Table 2 | Pearson correlations between root architecture parameters: number of branched root, total length and root surface of Flega and Patones adult plants growing under field conditions during a drought time course. 
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Correlation of Root Traits Between Pots, Rhizotrons and Adult Plant Experiments

To determine whether the root trait changes observed in young plants during the drought stress experiments were representative of those observed in adult plants grown in container we performed Pearson correlations. Data showed that all assessed parameters were correlated between all experiments including total root length, length of fine roots and root surface. The highest correlation coefficients (r2 from 0.84 to 0.87; P < 0.001, Table 3) were observed between pots and rhizotron experiments. Root traits of adult plants showed a highly significant negative correlation with seedlings because root growth was stimulated in drought-stressed adult plants compared with their controls. However, the differences detected between susceptible and tolerant plants under water stress at adult and seedling stages were similar. The highest significant correlation was found between root traits of adult plants with those recorded from rhizotron experiments with r2 = −0.62, −0.59 and −0.63 for total root length, length of fine roots and root surface, respectively. Correlation between the root traits of adult plants and those from seedlings grown in pots were also significant but presented slightly lower coefficients (Table 3).



Table 3 | Pearson correlations between root architecture parameters: total length, length of fine roots and root surface of Flega and Patones seedlings grown in pots and rhizotrons and adult plants grown under climatic field conditions during a drought time course.
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To compare further between seedlings and adult plants and to identify morphological root traits discriminating between susceptible and resistant cultivars, we performed PCA analysis with a total of nine root traits (total length, length of fine roots and surface area from seedlings growing in pots and rhizotrons and from adult plants growing in big containers) (Figure 8). The two first components accounted for more than 99% of the variance highlighting the reliability of the analysis. Figure 8A shows that well-watered oat plants clearly separated from those subjected to drought. Data showed no discrimination between the morphological root traits of well-watered plants indicating that differences between the two cultivars were induced by the water stress. Accordingly, drought-stressed plants separated in two groups. This separation between groups was confirmed by cluster analysis (Figure 8B). Supplementary Table 2 shows that the main explanatory variables in PC1 were the length of adult plants (both total root length and length of fine roots) while the main explanatory variables in PC2 were the total root and fine root lengths from seedlings grown in pots. This suggest that the root morphological traits estimated from the pot-grown seedlings and adult plant experiments in container were equally informative and useful to discriminate between tolerant and susceptible genotypes.
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Figure 8 | Multivariate analysis of morphological root traits from oat cultivar Patones and Flega droughted and well-watered plants. Principal component analysis (PCA) of nine root traits from seedlings growing in either pots or rhizotrons and adult plants from drought-susceptible Flega (triangles) and tolerant Patones (circles) well-watered (open symbols) and during water stress (solid symbols). PCA loadings related to this figure are available in Supplementary Table 2.







Discussion

Plant responses to water deficit may vary significantly according to stress duration and intensity, plant species, growth stage and method of application (Chaves et al., 2002; Jaleel et al., 2008). Consequently, many studies reported contradictory results regarding the effect of water deficit on plant growth and physiology. This occurs also frequently when the study only considers the drought responses of a single genotype, which prevents the differentiation between the mechanisms engaged early to cope with the stress, from those, engaged as ultimate survival mechanisms consequently to plant damage. For instance, proline has been proposed as a useful biomarker to identify drought tolerant plants since its accumulation is often induced by drought and it can contribute to stabilize membranes (Barnett and Naylor, 1966; Bates et al., 1973; Nayyar and Walia, 2003). However, in rice, sorghum and oat, accumulation of proline was shown to be a symptom of damage that correlated with the early decrease in cell membrane stability of susceptible genotypes, rather than an indication of tolerance (Ashraf and Foolad, 2007; Sánchez-Martín et al., 2015). These subtle differences cannot be inferred when only one genotype is assessed. Thus, reproducible and thoroughly documented experiments comparing tolerant and susceptible genotypes within a species are needed to robustly evaluate plant responses to various levels of water deficit (Aguirrezabal et al., 2006; Hummel et al., 2010; Sánchez-Martín et al., 2015).

To this aims, a series of experiments has been performed to characterize the root response to drought in two contrasting oat cultivars. These cultivars, were selected from an oat panel based on contrasting response to drought while exhibiting similar phenology and have been previously characterized at shoot level under controlled and field conditions (Sánchez-Martín et al., 2012; Sánchez-Martín et al., 2014; Sánchez-Martín et al., 2015; Rispail et al., 2018; Sánchez-Martín et al., 2018). As in previous work, here, no differences were detected between shoots of Flega and Patones grown under well-watered conditions. Under drought, however, Flega showed earlier and more severe aerial drought symptoms, in seedlings grown in pots and rhizotrons as well as in adult plants in container, suggesting that the water stress treatments were appropriate and induced similar responses. In addition, care was taken to monitor assiduously sRWC allowing direct comparison of cultivars under similar stress conditions.

Our results showed that, under drought, the tolerant cultivar Patones maintained higher root length, and root surface than the susceptible cultivar Flega in all experiments. This suggests that total root length and surface area are key morphological traits associated with drought tolerance, and higher productivity in adult plants, which is in agreement with previous reports (Comas et al., 2013). In addition, droughted Patones plants also showed higher branching rate and length of fine roots and lower average diameter and coarse to fine root ratio as compared with Flega in all experiments suggesting that tolerant plants responded to water deficit by stimulating fine root growth. Fine roots increase root-soil interaction and are the most active portion of the root system for water uptake. They also constitute the main component of total root length and surface area of herbaceous plants (Rewald et al., 2011; Comas et al., 2013) as confirmed here. Thus, increasing the length of fine roots has also been previously proposed as a key trait for water acquisition and productivity under drought (Wasson et al., 2012). For a given root biomass, smaller root diameters are related with longer roots and higher root surface, which increase not only the proportion of the root interacting with the soil but also the proportion of the root able to be colonized by mycorrhizal fungi. These fungi enhance uptake of immobile nutrients and improve leaf water and turgor potentials increasing the ability of the plant to cope with water stress conditions (Al-Karaki et al., 2004). In addition, higher number of fine roots increase root hydraulic conductivity by decreasing the apoplastic barrier of water entering the xylem (Eissenstat and Achor, 1999; Hernandez et al., 2010; Comas et al., 2012). On the other hand, increasing branching and hence the number of root tips, indicate continual root growth, which may be more important for the uptake of mobile resources than the total root length in itself, since the most active zones of water uptake are the young root tips (Haussling et al., 1988; Robinson et al., 1991). Altogether, the stimulation of root branching and fine roots development in Patones mediated its capacity to cope with the water stress conditions improving its drought tolerance as compared with Flega.

A prominent aspect of the study that deserves to be commented is the different growth rate observed between the experiments on seedling and adult plant roots under drought. We detected that the seedling root growth rate decreased under drought whereas it increased in adult plants as compared with control plants. In the literature diverse results can be found in this respect. Several studies reported a reduction of the root system under water deficit correlating with the stress severity in barley (Kage et al., 2004; Manivannan et al., 2007). By contrast, other studies on soybean and lupine reported a significant increase of root length during drought stress compared with well-watered plants (Hoogenboom et al., 1987; Rodrigues et al., 1995). Interestingly, Hoogenboom et al. (1987) reported that the drought-driven root growth stimulation was dependent on the plant growth stage at the time of stress imposition. Accordingly, drought stimulated root growth when it takes place at the end of the vegetative period and initial reproductive stages but not at the initial vegetative stages (Hoogenboom et al., 1987). These observations are in agreements with our results and provide an explanation for the differences in the root growth rate detected under drought between oat seedling and adult plants. Interestingly, irrespective of this, the trend of the tolerant genotype Patones was similar in both, seedlings or adult plant experiments in the sense that the root growth ratio during drought conditions was significantly higher than that of the susceptible genotype Flega. However, it seems that the stage of the plant at which water stress is imposed is crucial in the final absolute development of the root system. As reported previously by Palta et al. (2011), vigorous root systems at adult stages, may be useful under water-limited conditions, in particular in environments where crops rely largely on seasonal rainfall, such as the Mediterranean-type environments where there is a gradual depletion of water in the soil similar to that imposed in the adult plant experiment.

As stated above the great challenge for current breeding for drought tolerance is the accurate and fast phenotyping of root traits (Kuijken et al., 2015). Assessment of adult plant root system is more accurate as it is more directly correlated with productivity traits than that of seedlings. However, it is highly time-consuming for the elapsed time required to reach maturity and for the effort required to clean and scan large root systems. In addition, when plants are sown in the field it is difficult to assure the extraction of the whole root system, and in particular, of the finest and more fragile roots, which have a main role in coping with drought (Rewald et al., 2011; Comas et al., 2013). According to our data, the cultivation of plants in large containers under climatic field conditions may be useful for high throughput phenotyping. This approach might contribute to decipher the response to water stress under semi-natural conditions although it cannot take into account the soil structure and competition that may also contribute to final plant performance and hence definitive validation of plant growing under complete field conditions are desired. The rhizotron experiments allowed the continuous monitoring of many architectural and morphological traits of the roots through non-destructive methods. In our study the data collected from the continuous in-vivo monitoring of rhizotron experiments were strongly and significantly correlated with those obtained destructively at the end of these experiments and with those collected from pot experiments. Thus, in our hand, rhizotron experiments were highly informative and valuable confirming the usefulness of this approach to monitor root development in particular conditions such as in response to drought. Furthermore, for specific application of the stress, rhizotrons (where you can monitor root development non-invasively in different layers with different soil water content (see Nagel et al., 2015) may be the best choice. However, regarding the identification of tolerant and susceptible genotypes from PCA analysis, parameters recorded from rhizotron experiments had lower weight in the discrimination of drought tolerant and susceptible oat than those from seedlings grown in pots or from adult plants in container. Thus, for discriminating aspects, experiments carried out in seedlings grown in pots during gradual and slow water depletion combined with a strict monitoring of sRWC may be more convenient. In addition, despite the differences in absolute development observed between seedling and adult plant experiments, data from seedlings growing in pots were highly informative for discriminating between the tolerant and the susceptible genotypes, and, due to the rapidity and easy management of these experiments, these could be used as a first preliminary screening for high throughput root phenotyping. Since a correlation between all measured root traits was observed, any of them would be appropriate to identify drought tolerant oat genotypes.

Altogether, the different experiments carried out in the present work showed that the stimulation of fine root growth, are useful responses to cope with gradual soil water depletion in oat, both at seedling and adult plants. We also showed that although experiments in seedlings may not exactly mimic the response of adult plants they might be informative for discriminating between tolerant and susceptible plants and might facilitate phenotyping of large amount of samples, albeit it does not remove the need for validating these results under field conditions. In fact, we are now designing experiments to test the outcomes of our research in complete field conditions.
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Introduction

Plant breeding is based on phenotyping, not only because of tradition but also because of essence. A plant phenotype is the result of the interactions between the genome of a stationary plant and all the micro- and mega-environments encountered during its life span. Over the recent years, we have witnessed an explosion in state-of-the-art technologies developed through collaborative efforts of multidisciplinary teams to assist the process of high-throughput plant phenotyping in plant breeding (NSF, 2011), first only under controlled conditions and, more recently, also under real field conditions (Lawrence-Dill et al., 2019).

Yet, plant phenotyping is still the bottleneck for breeding and farming (Chawade et al., 2019) and the average plant-breeding program has not been adopting the new developments adequately (Awada et al., 2018) Among the solutions proposed, a major international effort is being directed towards data and protocol standardization (Pieruschka and Schurr, 2019) that will be discussed later.

What so far has not been seriously considered, but we assert it should occupy a central part in the relevant discussions, is the choice of the appropriate unit of plant phenotyping in the field, so that the efficiency of selection in plant breeding programs and the corresponding measurable genetic gain are maximized. Should the community continue using the multi-plant, densely grown field plot as the unit of phenotyping and evaluation for plant breeding purposes or should we consider more efficient approaches based on the maximization of a plant’s phenotypic expression and differentiation?

To increase efficiency in plant breeding, we advocate that the most appropriate unit of plant phenotyping for selection purposes should correspond to the individual plant grown unhindered in the absence of competitive interactions so that phenotypic expression and the corresponding phenotypic variance are maximized, the coefficient of variation (CV) of single-plant yields is minimized, and spatial heterogeneity is effectively controlled. These conditions are met when plants are allocated in the field according to one of the honeycomb selection designs (HSD) (Fasoulas and Fasoula, 1995; Fasoula and Fasoula, 1997a; Fasoula and Fasoula, 2002). 

In this opinion paper, we present a list of some commonly encountered barriers during a plant breeding program, including the so-called pre-breeding activities that exploit the potential of crop wild relatives (CWR), and discuss how these are successfully faced once the unit of plant phenotyping becomes the individual plant grown as described. Results from our long-term research focusing on the application and further development of the principles related to the HSD and the prognostic breeding paradigm (Fasoula, 2013) in various crops and trials (Fasoula, 1990; Fasoula, 2004; Omirou et al., 2019) are summarized and placed in context.



Barrier 1: Limited Seed Supply in the Segregating Generations Following a Cross

This barrier relates to the limited seed supply in the early segregating generations following a cross and the fact that each seed represents a unique genotype. This obstacle, complicated by the next barriers, is so serious that it has led to the old, convenient, inexpensive, and common practice of visual selection (hence the renowned “breeder’s eye”) until enough homogeneous seed is gradually generated during the next few years, so as to permit replications, ranging between two and six, of densely grown plots. Additional testing locations are possible to be included only in the latter stages of the program. A similar problem of limited seed supply is encountered when crop wild relatives and ex situ materials in gene banks need to be phenotyped. Seed supplies are not an issue when working with individual plants in HSDs (Figure 1) and multi-location evaluations can successfully start as early as in F2 with a virtually unrestricted number of replications.




Figure 1 | (A) All barley biomass and the multiple, fertile tillers (>70) in each field spot correspond to a single seed. The number of replications are commonly 40–120 and plant spacing is 100 cm. (B) The honeycomb selection design D19 is used to demonstrate the principles of moving complete replicates and grids and the components of the prognostic equations.





Barrier 2: Effects of Interplant Competition

This barrier refers to the masking effects of interplant competition on selection efficiency (Kyriakou and Fasoulas, 1985; Fasoula, 1990; Fasoula and Fasoula, 1997a) and the dominating confusion regarding the concepts of competition and density that are commonly treated as one and the same. They are related, but not equivalent. This confusion further complicates the issue of associating the superiority ranking based on individual plant performance with the ranking under commercial stands. Competition is defined as “the plant-to-plant interference with the equal sharing of the density-limited growth resources caused by genetic and acquired differences and quantified by the CV of single-plant yields” (Fasoula and Fasoula, 1997a; Fasoula and Fasoula, 2002). It is possible and compatible to have high planting densities with simultaneous reduction of inter-plant competition, whereas performance under different densities, contrary to an existing belief, does not need to be represented in the analysis of crop yield potential (CYP).

Barrier 2 is overcome through a) the partitioning of CYP into components measured concurrently and precisely at the single-plant level under conditions excluding interplant competition (Fasoula and Fasoula, 2000; Fasoula and Fasoula, 2003) and b) the development of the whole-plant and sibling line field prognostic or phenotyping equations (Fasoula, 2006; Fasoula, 2008; Fasoula, 2013). The CYP components are condensed in two, the plant yield potential per se and the plant stability index, the latter being quantified on a single-plant basis for the first time. The whole-plant prognostic equation PPE incorporates the two components:

	

where x is the plant yield in grams,   the mean yield in grams of the surrounding moving and complete circular replicate,   is the mean yield in grams of the sibling line plants allocated in a moving grid, and s its standard deviation. Thus, the need to identify an optimal planting density becomes ultimately unnecessary and the ranking under ultra-wide distances corresponds very well to the ranking under commercial densities (Fasoula and Fasoula, 2000; Fasoula, 2013; Greveniotis and Fasoula, 2016; Omirou et al., 2019).

We advocate that the critical question is not whether the entry ranking in densely grown plots corresponds to the ranking of individual plants in wide distances, but whether we truly need genotypes that behave differently under the two conditions. New varieties should have the genetic makeup that renders them density-neutral or density-independent (Fasoula and Fasoula, 2000; Fasoula and Fasoula, 2002; Fasoula, 2013; Fasoula et al., 2014; Uphoff et al., 2015). This is particularly necessary considering the abrupt fluctuations under climate change and for the drought-prone and marginal regions. Further and importantly, the dense planting in itself is simply neither conducive nor practical towards implementing field phenotyping of individual plant canopies and the corresponding entangled root systems for root phenotyping. An additional disturbing effect of interplant competition that hinders efficiency of selection relates to the existing negative correlation between yielding and competitive ability (Fasoula and Fasoula, 1997a and references therein).



Barrier 3: Effects of Soil and Spatial Heterogeneity

This barrier relates to the masking effects of soil and spatial heterogeneity. The development of HSDs enables the effective sampling of soil heterogeneity, ensuring that all plants and sibling lines are allocated under comparable growing conditions in both fertile and non-fertile spots. In all HSDs, each plant in the trial is found in the middle of a i) circular, ii) complete, and iii) moving replicate and each sibling line belongs to a moving and triangular grid that covers uniquely the whole spectrum of spatial heterogeneity (Figure 1A). These properties come along with an unrestricted number of replications, commonly between 40 and 120, and the two precision field phenotyping equations.



Barrier 4: Statistical Analysis Issues

This barrier concerns the incremental changes in the breeding process that are real but impossible to be detected and captured by traditional selection designs and statistical analysis that focus on statistical significance and analysis of variance. The analysis pertinent to the prognostic breeding paradigm is very sensitive about minor differences and the ranking is based on the unique plant and sibling line prognostic equation values during all stages of the breeding program (Fasoula et al., 2019). This fact both anticipates and converges with the most recent awareness and recommendations about the pitfalls of the notion of statistical significance. The notable book by Ziliak and McCloskey (2008) and the subsequent special issue of The American Statistician about the pitfalls and misuse of statistical significance (Wasserstein et al., 2019) are relevant. As the latter authors point out: “In sum, “statistically significant”—don’t say it and don’t use it”.

In prognostic breeding, the evaluated entries are recognized from the start as being inherently different, regardless of their potentially similar background. Each plant in the trial receives a unique quantitative identifier, its plant prognostic equation value, according to the exclusive properties of the HSDs. The ensuing ranking is based on accurate and quantitative evaluation standards that exclude any visual selection and breeder’s bias during all stages of the breeding program. Thus, it is the environment that decides about the “best” genotypes, not a subjective human preference.

Further details in Fasoulas and Fasoula (1995) describe the fundamental incompatibility between the analysis of variance (ANOVA) and the principles underlying the development of the HSDs. A small extract: “Experimental error, as estimated by variance analysis, is a pooled error based on the assumption that variances among entries are equal… however, entry variances are not equal, due to genetic differences that always exist among entries…instead of searching for procedures that reduce error variance by correcting the effects of spatial heterogeneity, plant breeders need procedures that exploit spatial heterogeneity to select for stability of performance early in the breeding program.”

The above have also implications towards novel approaches to explore the nature of gene action underlying quantitative traits (Fasoula and Fasoula, 1997b; Fasoula and Fasoula, 2002; Fasoula and Boerma, 2005). Of relevant interest also is recent work by Huang and Mackay (2016).



Barrier 5: Differences Between Plants and Animals Affect Estimations of Genetic Gain and Response to Selection

Barrier 5 relates to the conditions that satisfy the so-called breeder’s equation, originally derived from the practice of animal breeding (Hill, 2014), that describes the expected response to selection and represents the presently established way to estimate genetic gain also in plant breeding. A simplified form of the equation (Falconer, 1989) is R = σp h2 i, where σp is the population phenotypic standard deviation, h2 the coefficient of heritability, and i the standardized selection differential. Briefly, the equation predicts that the larger the phenotypic standard deviation of the population under selection and the smaller the proportion of the (truly superior with greater number of progenies) plants advanced to the next generation, the higher will be the response R to selection. The same is expected when decreasing the generation time interval that is also related to the greater number of progenies.

In the practice of animal breeding, the unit of evaluation for selection has always been the individual animal raised with no competitive interactions for resources (Fasoulas and Fasoula, 1995), as each animal receives an own and specified feed portion. Falconer (1989) explicitly refers to this difference when discussing the equation. It follows that the most relevant conditions to apply the equation in plant breeding is when the individual plant is grown in conditions that exclude competitive interactions (Figure 1A). Even so, this form of the equation does not exploit the unique differences between plants and animals, such as the stationary nature of plants and the fact that the average plant produces a far greater number of progenies than an animal. The plant prognostic equation can be used effectively to select for high crop yield potential and, therefore, high response to selection, as discussed in details in Fasoula (2013). The derivation of PPE satisfies the conditions of the currently used “breeder’s equation” and at the same time explicitly takes into consideration the unique features of plants. Thus, it becomes feasible to report major gains (Fasoula, 2012; Greveniotis and Fasoula, 2016; Omirou et al., 2019) and overcome the current stagnation of yield gains of major crops that is widely recognized at around 1% (Peng et al., 2000; CGIAR, 2016). Further and also related to Barrier 6, there are substantial differences between the reproductive lineages of plants and animals. We assert that these differences have consequences for plant breeding, as the favorable events during plant development need to be captured at the individual plant level.



Barrier 6: Plant (EPI)GENOMICS Is Based on Individual Genomes, But Not Plant Field Phenomics

This important barrier (Fasoula and Fasoula, 2000) concerns the fact that while all (epi)genomic analysis concern individual genomes, the corresponding current practices in plant breeding aiming to bridge the so-called genotype–phenotype gap concern multi-plant grown plots. Relevant articles that confirmed this concept and identified genomic variation among individuals of a variety include Haun et al. (2011) and Yates et al. (2012).



Barrier 7: Automation Challenges

This barrier relates to the reasons underlying the lack of automation in plant breeding coupled with the lack of standards in the phenotyping trials. The adoption of automated phenotyping in plant breeding is still in its infancy (Walter et al., 2017). The need for standardization requirements is commonly expressed by members of the phenotyping community, although it is aptly recognized that “standardized methods are valuable, but novel methods are, too!…” (Lawrence-Dill et al., 2018). The application of the highly systematic HSD and the prognostic equations for unbiased selection of superior plants carry the intrinsic capability towards completely automizing the genetic improvement of crops from the earliest to the latest stages of a breeding program. This has immediate and highly positive impact towards the maximization of selection efficiency and the cost reduction of the produced seed. The allocation of individual plants in each HSD is highly regular, symmetrical, with repeating motifs, and independent of the trial location, thus overcoming the need for separate entry randomization in each location. Plants are allocated in horizontal rows in an ascending numerical order, permitting the creation of moving complete replicates across all levels of spatial heterogeneity and in all types of environments form marginal to highly productive.

Each plant in a HSD trial possesses a unique position identification number, for example 8-12-7, where number 8 gives the number of the horizontal row, number 12 gives the plant position on the row, and number 7 gives the number of the design code corresponding to the particular sibling line. Attached to this number is the corresponding unique value of the plant phenotyping or prognostic equation. The intrinsic properties of the designs that provide a matrix of standardized motifs across environments and the wide distances between plants facilitate the use of geo-referencing methods. Plants are ranked according to the value of their phenotyping equation and selection of the “best” in each environment is an unbiased process, rendering the same results regardless of the person performing the analysis. It is thus amenable to full automation and robotization.

Following the discussion on the barriers, we would also like to draw some attention to some recent references and work that support the above and highlight the novel possibilities that unfold. There is a recent acknowledgment that “it has become measurably harder to generate ideas and new approaches that result in real gains” (Lawrence-Dill et al., 2019) and the endorsement by Fischer et al. (2019) of the “unique breeding strategy proposed in the 1970s by Professor AC Fasoulas …”. Although the latter article appears to ignore all literature and critical developments in the strategy after 1993, at the risk of diverting resources towards the already known, it offers an interesting realization by experienced plant physiologists/breeders. Further, different groups have validly acknowledged that the physiology-based breeding that relies on measurements of secondary traits presumed to be proxies for crop yield has been largely unsuccessful (NSF, 2011), while in the prognostic breeding applications, the direct and successful selection for yield is the norm.

Importantly, there is good convergence of the concepts described above and the highly successful agronomic practices of the System of Rice Intensification (SRI) (Uphoff et al., 2015). Thus, the above ideas can be applied towards additional benefits for improving the agronomic performance of crops and contributing to the minimization of the global yield gaps.



Conclusions

The field phenotyping community can benefit by giving due consideration to the suggested innovations towards overcoming current barriers in plant phenotyping and phenomics, while serving also the developments in plant (epi)genomics. The involvement of international, multidisciplinary teams will contribute to the deeper understanding of the methodology. This will, in turn, unfold additional options and facilitate the successful automation, standardization, and robotization of large-scale phenotyping for plant breeding.
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Stereo vision is a 3D imaging method that allows quick measurement of plant architecture. Historically, the method has mainly been developed in controlled conditions. This study identified several challenges to adapt the method to natural field conditions and propose solutions. The plant traits studied were leaf area, mean leaf angle, leaf angle distribution, and canopy height. The experiment took place in a winter wheat, Triticum aestivum L., field dedicated to fertilization trials at Gembloux (Belgium). Images were acquired thanks to two nadir cameras. A machine learning algorithm using RGB and HSV color spaces is proposed to perform soil-plant segmentation robust to light conditions. The matching between images of the two cameras and the leaf area computation was improved if the number of pixels in the image of a scene was binned from 2560 × 2048 to 1280 × 1024 pixels, for a distance of 1 m between the cameras and the canopy. Height descriptors such as median or 95th percentile of plant heights were useful to precisely compare the development of different canopies. Mean spike top height was measured with an accuracy of 97.1 %. The measurement of leaf area was affected by overlaps between leaves so that a calibration curve was necessary. The leaf area estimation presented a root mean square error (RMSE) of 0.37. The impact of wind on the variability of leaf area measurement was inferior to 3% except at the stem elongation stage. Mean leaf angles ranging from 53° to 62° were computed for the whole growing season. For each acquisition date during the vegetative stages, the variability of mean angle measurement was inferior to 1.5% which underpins that the method is precise.




Keywords: wheat, stereo vision, crop phenotyping, canopy height, leaf area index, mean tilt angle, leaf angle distribution



Introduction

To overcome the double challenge to increase crop yield while limiting inputs, the development of high-throughput non-destructive phenotyping methods has emerged as a hot research topic. Many advancements have been made for indoor high-throughput set-ups (Perez-Sanz et al., 2017), whereas natural conditions such as wind or the variability of sunlight pose challenges for outdoor image acquisition and related treatment. In the field, the extraction of plant traits from a canopy structure also remains a complex task due to organ overlapping, especially for dense crops such as cereals. The development of robust methods to automatically measure morphological plant traits in field conditions is still required (Gibbs et al., 2017).

This paper focuses on the measurement of four morphological traits of great agronomic interest. (i) Leaf Area Index (LAI), which is the area of one side of leaves above one square meter of ground, expresses the photosynthetically active area. This parameter is also relevant to scale up the gas exchanges from leaf to canopy level (Bréda, 2003). As an indicator of crop development, it can help to manage nitrogen inputs. (ii) Mean tilt angle (MTA) is the average angle between the leaf segments and the horizontal ground. (iii) Leaf angle distribution (LAD) is the statistical distribution of leaf face angles. LAD and MTA condition light interception. The knowledge of LAD is useful for some methods aiming at estimating LAI based on gap fraction, which is the fraction of soil observed in a viewing direction, determined thanks to segmented 2D images or transmittance measurements (Weiss et al., 2004). In addition, LAD is a key trait to identify wheat varieties (Yanli et al., 2007). (iv) Finally, canopy height is an indicator of the risk of lodging and can be a criterion to discriminate weeds and crops (Piron et al., 2009). Moreover, height can provide information on yield because stressed plants can be shorter (Constantino et al., 2015).

The simultaneous and direct measurement of those morphological traits is conceivable with 3D proximal sensing techniques. Commonly used 3D acquisition devices are Light Detection And Ranging (LiDAR), time of flight cameras, mono and multi-view stereo vision, and structure from motion. LiDAR sensors scan the scene with lasers to obtain a 3D point cloud. This technique is widely used and provides precise and dense canopy models but the sensors are expensive (Li et al., 2014) and a combination with a RGB camera is required to obtain accurate color information, although some LiDAR devices provide intensity of the signal that help identifying green parts. Such a measurement takes more time than passive measurement and it is moreover necessary to increase the scanning time to increase the spatial resolution (Gibbs et al., 2017). As a result, this technique remains an issue in field conditions due to the wind-induced motion of leaves. Time of flight cameras illuminate the scene and compute depths for each pixel according to the time taken by the light to reach the objects. As the whole scene is illuminated simultaneously, time of flight cameras solve the scanning time problem. They are suitable for indoor measurements but the need of active light diminishes the performances of image acquisition under strong sunlight (Kazmi et al., 2012; Perez-Sanz et al., 2017). Binocular stereo vision relies on two cameras to compute depth by triangulation. The system is low-cost, simple, compact, allows quick acquisition and can operate in natural sunlight conditions. Its main drawbacks are the errors in depth measurement related to poor stereo matching, the computational requirements for the stereo matching algorithms and the influence of overlapping leaves. Multi-view stereo systems help to improve the quality of the depth map and the management of overlapping parts of the canopy. Using multiple cameras arranged around the scene of interest is suitable for indoor environment as realized by Scharr et al. (2017) and Hui et al. (2018) but is more challenging to implement in the field. Finally, structure from motion relies on the displacement of a single camera to reconstruct the scene. Jay et al. (2014) have efficiently implemented such system in field conditions to retrieve crop height and area. Its main drawback compared to stereo vision is the bigger amount of data to store and process.

As a result, stereo vision appears as a simple and robust way to study canopy architecture in field conditions. High-throughput plant phenotyping approaches using stereo vision have been developed in laboratory by He et al. (2003); Andersen et al. (2005); Biskup et al. (2007); Lin et al. (2011), and Tilneac et al. (2012). Only few in-field approaches have been proposed. Kise and Zhang (2008) used a stereo system for crop rows detection. Ivanov et al. (1994) applied stereo vision to study the leaf angle and area in a maize canopy. Müller-Linow et al. (2015) have tested stereo-imaging on sugar beet in natural conditions. For cereals, the task is more challenging because of homogeneous leaves texture and complex canopy architecture made of thin and long leaves. Leemans et al. (2013) introduced a method for area and angle computation for winter wheat.

This study aims at developing a proximal stereo vision system to measure LAI, MTA, LAD, and canopy height of winter wheat in field conditions. The first goal is to analyze the challenges encountered to adapt the stereoscopic method from single-pot in indoor controlled conditions to complex natural canopy and to propose solutions to these challenges. The second goal is to compare image-based measurements with manual conventional measurements and quantify the errors.



Materials and Methods


Field Experiment and Data Collection

The experiment took place in a field dedicated to agronomic trials during the 2018 season, located in Lonzée, Belgium (50° 32' 58' N and 4° 44' 08'' E). The experiment concerned 64 micro-plots of 1.8 × 6 m planted with winter wheat (Triticum aestivum L. “Edgar”), sowed with a density of 250 grains/m² on October 13, 2017. The row spacing was 0.14 m. The micro-plots were fertilized three times (at tillering, stem elongation and flag leaf stages) with 27 % ammonium nitrate. That nitrogen fertilization was applied following 11 modalities combining inputs of 0, 30, 60, and 90 kg of nitrogen per hectare in four replicates (see Supplementary Material for thorough information on field trial).

Manual reference measurements were performed to calibrate and validate vision methods. To measure LAI, leaves were collected on 0.5 m of a row in 20 of the 64 plots, laminated with transparent adhesive cover on paper sheets and scanned. May 24, 2018, when the spikes were not out yet, heights were manually measured at the insertion of flag leaf for 36 tillers per micro-plot (the plots were systematically divided into 12 zones in which three tillers were randomly selected). Insertion of flag leaf was chosen to perform repeatable height measurements. Such measurements on the tiller have the advantage to be independent from leaf orientation and does not necessitate to stretch leaves. The reason of this measurement before spike heading was to assess the ability of manual measurements to record plant height at a vegetative stage, although wheat height is conventionally measured on spikes (Pask et al., 2012). June 05, heights were manually measured at spike tops for 36 spikes per micro-plot. No reference measurements for MTA and LAD were performed in the field because of the curved shape of leaves. Average wind speed measurements were recorded by a sonic anemometer from the Lonzée ICOS station (50° 33' 06'' N and 4° 44' 46'' E) located in a neighboring plot.

Images were acquired in the field at the following dates: April 09, April 11, April 23, April 30, May 02, May 16, May 24, May 30, and June 05, 2018 under various light conditions with no artificial shadowing, so that the robustness of imaging methods to natural light could be tested. At each date, four pairs of images were taken per micro-plot. The image acquisition platform was designed to capture nadir frames of the wheat canopy at a distance of about 1 m. The two cameras used to form the stereo vision device were GO-5000C-USB from JAI group equipped with a 2560 × 2048 CMOS sensor and a RGB Bayer filter. The objectives were Kowa LM16HC with a focal length of 16 mm. The iris aperture was set to F2.8 and the focus to 1 m. The baseline (distance between the centers of the two camera sensors) was 50 mm and optical axes were parallel. The height of the stereo vision device was adjusted at each acquisition date to keep a distance of approximately 1 m between the canopy and the sensors. At this distance, the footprint of the images was around 0.5 m². The baseline and the camera height were calibrated to acquire images with an appropriate spatial resolution combined with large scene to account for intra-plot variability. The stereo vision device was calibrated using a 9 × 6 checkerboard (square side of 40 mm) and Matlab Stereo Camera Calibrator App according to the method proposed by Zhang (2000). Parameters obtained by calibration are rotation and translation matrix between the two cameras, focal lengths, and distortion coefficients. The calibration error was 0.32 pixels. Images were stored with a color resolution of 12 bits per pixel to take full advantage of the hardware. Additionally to the field measurements, images of leaves of known area and inclination were captured in laboratory to investigate the measurement errors. The target was made of three leaves stuck on a flat wooden board. To test the area computation, 20 positions of the target were captured. The positions were generated by combining rotations of the board along the three perpendicular directions of a 3D space from less than 75° in each direction, relative to a plane perpendicular to the optical axis of the cameras. To test the angle measurement, ten positions of the target were captured. Those positions were generated by tilting the target from 0 to 75° in one direction.



Depth Mapping by Stereo Vision

Exploiting the overlaps between left and right images to compute depth required several steps. Firstly, the rectification process consisted in aligning images so that a same point of the scene appeared at the same y-coordinate in the two images. This was performed by Bouguet's algorithm thanks to the calibration parameters of the system (Bradski and Kaehler, 2008). This rectification algorithm also relies on calibration parameters to account for radial lens distortion. The rectified images were converted to grayscale. In order to reduce the effect of noise on ulterior 3D computations, the grayscale image size was reduced to 1280 × 1024 pixels by averaging the pixel values on each 2 × 2 square. The second main step was the stereo matching which consisted in finding corresponding pixels in right and left images. The difference of x-coordinate of corresponding pixels gave the disparity between pixels. Stereo matching was performed with the Semi-Global Block Matching algorithm (SGBM) proposed by Hirschm (2007). The principle is to detect corresponding pixels by means of similar neighborhoods. The two most important parameters are the matching window size, which is the size of a side of investigated neighborhoods, and the disparity range, which corresponds to the maximal possible disparity. Matching window sizes of 5, 9, 15, and 19 pixels were tested. A window size of 15 is the default value, while 5 is the minimum value. The two other values were chosen to test other configurations, one between the default and the minimum value (9) and the other greater than the default value (19). Disparity range was automatically adjusted for each image pair if disparities peaked at the maximum allowed value. The disparity estimation was also controlled by post filtering based on minimum uniqueness value, set to 5, to remove false matches (Bradski and Kaehler, 2008). The complex texture of images acquired in natural conditions resulted in incomplete disparity maps which were filled by the method proposed by Yun (2012). This method performs interpolation only if reliable information is available in the neighborhood. The last step consists in computing depths, which are inversely proportional to disparities. For each pixel in the left frame of a pair of stereo images, considered as the reference, the depth to the camera is given by

	

where b is the baseline (m), f is the focal length (pixel), d is the disparity (pixel), and Z is the distance (m) between the observed object and the camera, commonly referred to as depth. The result of this whole step of image processing is a depth map, showing distances between objects in the scene and the cameras. As presented in Figure 1, depth resolution depends on depth.




Figure 1 | Depth resolution versus depth for two image sizes used in this study.





Image Segmentation by Color Processing

All image treatments were realized with Matlab R2016a. Images acquired before spike emergence stage, May 24, were separated into two classes: soil and leaves. The segmentation method was based on a support vector machine (SVM) classifier trained with the components of RGB and HSV color spaces. According to Hamuda et al. (2017), the addition of the HSV color space helps to obtain a segmentation more robust to natural light conditions. The use of machine learning helps to deal with complex situations containing enlightened and shadowed canopy elements. To train and evaluate the classifier, 10000 pixels were selected in a set of images representative of the different acquisition dates and conditions. The selected pixels were split so that 70% were dedicated to training and 30 % to validation. The last step of the process consisted in median filtering with a window of 5 × 5 pixels to remove segmentation noise on the resulting binary image.

Images acquired at flowering stage, June 05, contains spikes and were segmented into three classes: soil, leaves, and spikes. SVM providing binary outputs, three classifiers were combined according to the “Error Correcting Output Codes” principle (Dietterich and Bakiri, 1994). Moreover, color information is not sufficient to distinguish spikes at their early development stages because they are as green as leaves. For this reason, in addition of RGB and HSV components, height and texture predictors have also been used to train the SVM. Texture predictors of a pixel are (i) the average of pixels intensities over a 7 × 7 square centered on the considered pixel and (ii) the average of the squared differences of intensities between each pixel and the central pixel of the neighborhood. These parameters aim at taking into account the differences between the grainy texture of spikes and the smooth texture of leaves. To be independent of the camera-ground distance, the considered height predictor for each pixel was the difference between the 95th percentile of heights and the height of this pixel. To train and evaluate the classifier, 5000 pixels were selected with 70 % dedicated to training and 30 % to validation.



Canopy Height Estimation

To extract only depth of plant objects, the segmentation mask was applied on the depth map. Ground-wheat distances (plant heights) were computed on the basis of this plant depth map. Plant heights are simply the difference between camera-wheat and camera-ground distances. The canopy height can be estimated by different descriptors such as the median, the 75th percentile, the 95th percentile, and the standard deviation of the ground-wheat distance. Figures 2 and 3 show the image treatment pipeline from color images to height maps of plant elements.




Figure 2 | Processing pipeline.






Figure 3 | RGB image, segmented image (soil is blue, leaves are green and spikes are red), and height map for soil-leaves image (May 24) and soil-leaves-spikes image (June 05).





LAI and MTA Estimation by Global Delaunay Triangulation

The computation of LAI and MTA was based on geometric operations. Using the stereo calibration parameters and the height mapping, a 3D point cloud was generated for each image pair. The coordinate system of the point cloud was centered on the left camera and the z-axis was parallel to the optical axis of the system. The xy-plane of the system was theoretically parallel to the ground. The 3D point cloud was converted to a 3D mesh by means of a Delaunay triangulation. This process identified each point of the newly generated mesh as a vertex, and created associations between neighboring points in the form of edges. The resulting mesh was made of triangular faces formed by these vertices and edges. A size criterion was used to delete unnatural giant triangles, formed by neighbor points belonging to different leaves. Considering a triangular face with vertices ABC, the area was computed as half of the module of the cross product of two edges of the considered face, and reads

	

The total plant area Aplant was the sum of the areas of the individual triangles. The soil area below these plants was computed as follows

	

where   is the average camera-wheat distance (m), PS is the size of a pixel side on the sensor (5×10-6m), fm is the focal length (m) and Aimage is the area of the image (pixel). Finally, the LAI was the ratio between Aplant and Asoil. The tilt of each triangle was defined by

	

MTA was computed as the average tilt of the vegetative triangles over a stereo image without regard to the orientation of the triangles. The assumption was made that all triangle azimuths were equiprobable, which is verified for many crop canopies (Weiss et al., 2004).



MTA and LAD Estimation by Local Fitting

Another method is proposed to provide an estimation of LAD in addition to MTA, one that would present greater robustness to noise and incompleteness in the 3D frames. An autonomous algorithm was developed to systematically select regions of interest (ROIs) in images, as opposed to other practices consisting of interactive selection of ROIs by human intervention (Biskup et al., 2007). Such manual operations are rendered virtually impossible in this study by the abundance of images in the dataset and the abundance of leaves in each image (Figure 4). The original approach is based on the sampling of non-overlapping leaf zones for which the height of each pixel can be computed. Leaves edges are identified by means of an edge detection Canny filter so as to avoid a zone covering different leaves. A first iteration is performed by selecting leaf zones of 30 × 30 pixels, corresponding to approximately 70 mm² for 2560 × 2048 pixel images. The algorithm searches for non-overlapping ROIs satisfying strict quality criteria: all pixels have to present a plausible height value and the zone cannot contain any detected edge. If the number of zones satisfying all these criteria is too small, the algorithm starts over the process by searching for smaller zones such as 20 × 20 pixels and finally 10 × 10 pixels. For each ROI, a plane is adjusted on the associated point cloud and the tilt angle of this local leaf face is deduced from the normal to the plane. MTA is computed as the average of the tilt angles of the sampled ROI over a stereo 3D frame. LAD is obtained by recording the frequencies of those tilt angles for 5° classes.




Figure 4 | Local fitting of leaf surface: (left) sampled leaf zones, (right) fitted plane on the point cloud associated to a leaf zone.






Results and Discussion


The Stereo Matching Algorithm

Stereo matching is a challenging task. The projections of an object on two different optical planes are not necessarily represented by the same number of pixels. This results in incomplete pixel-to-pixel matching for depth computation. Visual occlusions can also prevent full depth mapping of stereo-images.

The SGBM algorithm was firstly assessed on the Middlebury dataset, which contains reference images provided with dense disparity maps (Scharstein and Szeliski, 2002; Scharstein and Szeliski, 2003; Scharstein and Pal, 2007). The cones and teddy reference images were firstly considered due to their complex scenes with contrasted objects. The stereo matching was performed with errors of 7,4 % for cones image and 9,5 % for teddy image. For less complex reference images, the error significantly decreased to 2 %. Finally, the algorithm was tested on Aloe reference image that is the most representative image of vegetation and led to an error of 8,4 %. It is noticed that this error represents the number of pixels for which disparities differ from at least one pixel. It means that disparities differing from one pixel contributed to the error, with the same weight as a more important error. In comparison with the literature (Scharstein and Szeliski, 2002) and more particularly with an optimized stereo matching algorithm leading to errors of 2.9 % and 7 % for cones and teddy images respectively (Li et al., 2017), the performances of the SGBM algorithm on the Middlebury dataset were considered as sufficient.

Secondly, stereo matching performances were evaluated for the specific case of winter wheat canopy by studying the effects of image size, pixel color resolution, disparity map filling, and matching window size on images acquired at four dates (Figures 5 and 6). Since no reference maps were available for the canopy images, an indicator based on the plausible height percentage was introduced to assess the matching quality. This indicator expresses the proportion of plant pixels for which the computed height value ranges between the ground and 0.6 m below the stereoscopic device, even though this height value may be inaccurate. This choice is based on the hypothesis that the highest plants may have been found 0.6 m below the cameras, considering that the average camera-wheat distance was approximately one meter but that some plants were taller than the average canopy level. As shown in Figures 5 and 6, this sensitivity analysis revealed that the best stereo matching performances are obtained for an image size of 1280 × 1024 pixels with a color resolution of 12 bits. Moreover, the computation time to extract the disparity map was roughly ten times higher for 2560 × 2048 pixels images than for 1280 × 1024 pixel images. The absolute value of the computation time depends on the hardware. As an order of magnitude, the average time to compute a disparity map for 1280 × 1024 pixel images was around 0.8 seconds on a Windows computer with a 2.8 GHz Intel Core I5-4200H processor. This computation time was not significantly influenced by color resolution. Applying an interpolation-based filling algorithm helped to complete the disparity map. This step does not necessarily bring reliability to the results but is required to compute traits such as leaf surface where a dense 3D point cloud is crucial to properly adjust a mesh. On the contrary, a dense 3D point cloud is not compulsory to extract canopy height and map filling becomes accessory. Regarding the matching window size, little effect was observed for 12-bit images. Overall, a window size of 15 pixels provided the best results regardless of the image size. For 8-bit images, the choice of a proper matching window size was more decisive. The optimum for wheat images was found for a size of 9 pixels. It is noted that the stereo matching variability increased at the last two dates. As more images were acquired at those dates to take into account the multiplication of fertilization practices, the acquisition was spanned over a longer period which could explain more variability in the matching due to varying illumination conditions.




Figure 5 | Stereo matching performance for 12-bit images.






Figure 6 | Stereo matching performance for 8-bit images.





Effect of Direct Sunlight on Matching

Commonly used stereo matching algorithms present a Lambertian constraint which specifies that the intensity of the projection of each point in an image must be independent of the angle with which the camera observes this point (Devernay, 1997). In the field, direct sunlight combined with reflection properties of leaves cause the non-respect of this constraint. As a result, pixel intensities of same points of the scene can be different in the two images of the stereoscopic device. This causes trouble for stereo matching in some zones exposed to direct sunlight, as illustrated in Figure 7. Moreover, such a light can reduce visible leaf texture (Müller-Linow et al., 2015). For these reasons, cloudy conditions better suit to image acquisition. A solution to increase robustness to sunlight would consist in improving the stereo matching algorithm by transforming the intensities of pixel neighborhoods in the matching process by means of the census transform (Zabih and Woodfill, 1994). Another possibility would be to avoid direct sunlight by using a shadowing device. This latter option has not been implemented for this study because the goal was to test an acquisition device as compact and polyvalent as possible.




Figure 7 | Effect of direct sunlight on segmentation and stereo matching for two zones of a same image (May 16). The left part of the image present 9.1 % of saturated gray-level pixels while the right part only contains 2.2 %.



The effect of sunlight must be taken into account for the design of the stereoscopic acquisition system, especially for the baseline and camera height sizing. For this study, a baseline of 50 mm was used. For the same distance between the cameras and the plants (1 m), Li et al. (2017) have shown that a baseline of 80 mm provides the best compromise between depth accuracy and mismatch rate. However, their test took place in indoor conditions. Increasing the baseline could increase the damaging effect of sunlight in the field since the cameras would observe a same point with a more important angle difference. Moreover, a baseline increase induces a reduction of the overlap between the left and right images. This could be an inconvenient to perceive the variability among plants in the field. For some applications, a larger distance could be chosen. This could reduce the effects of distortion and increase the number of plants captured at one shot. Nevertheless, the baseline should probably be adapted as its choice depends on the measurement distance.



Segmentation Robustness to Light Conditions

In field conditions, the development of a segmentation method that is robust to environmental conditions (light, wet or dry soil, shadows, dead leaves on the ground) is a challenge. The proposed method, based on machine learning and transformation in HSV components, performed soil-leaves segmentation with an accuracy of 98.5 % for the validation dataset. By adding depth and texture information, the method separated soil, leaves and spikes with an exactitude of 99.8 % on the validation dataset. Such performances were however overestimated due to pixel saturation. Those pixels are either ground, leaves, or spikes but, as the intensity values peak, their classification is impossible without using depth information. For the sake of properly training the classifier, training zones in saturated areas have only been selected for the most commonly saturated class (leaves for the soil-leaves classification and spikes for the soil-leaves-spikes classification). As a result, badly classified pixels in saturated zones (e.g. saturated soil pixels classified as leaves pixels) could not be taken into account to compute the classification error, leading to an overestimated accuracy.

Based on this consideration, it is suggested to implement an auto-exposure acquisition algorithm to mitigate image saturation. Such algorithm would have to reduce the integration time if the image comprises more than a certain percentage of saturated pixels. This threshold has to be chosen carefully in order to keep benefit of the color resolution. Preliminary tests indicated that a saturation threshold of 3% remains acceptable for images containing spikes, which are most susceptible to cause saturation in images.



LAI Measurement: Stair-Step Effect and Overlapping Leaves

Table 1 shows the results of surface area measurement in laboratory on three non-curved leaves of known area arranged in 20 different positions. The random error is the average difference between the measurements and the mean of the measurements, expressing the precision. The systematic error, related to the accuracy, is the average difference between the measurements and the reference value. Close area values were found for the 20 positions but the area was systematically overestimated. This is caused by stair-step faces in the triangulation process in comparison with the real smooth surface. This stair-step effect is due (i) to random errors in depth measurement and (ii) to the resolution of depth measurement itself, which means that even without random errors the reconstructed surface would present a stair-step shape. Indeed, for most plant elements, minimal depth resolution is close to the distance represented by one pixel (near 0.5 mm for 1280 × 1024 images at 1 m distance between camera and observed objects). As a result, angles of triangles are either 0° or superior to 45°, which creates the stair-step effect on the reconstructed surface. This systematic bias leads to intrinsically overestimated area measurement. Table 1 presents the effect of median filtering of depth maps on this phenomenon.


Table 1 | Accuracy and precision of leaf area measurement determined in laboratory.



The stair-step effect was more important for 2560 × 2048 than for 1280 × 1024 images as already emphasized by Leemans et al. (2013) with images of 1280 × 960 and 1024 × 768 pixels. A minimal image size is however necessary to distinguish plant details, take into account leaves curvature and thin leaf parts. The number of pixels to use depends on the distance between the canopy and the cameras and should be properly chosen.

Stereo LAI measurements in the field were impacted by two phenomena: (i) the stair-step effect tending to overestimate the measured area and (ii) overlapping leaves tending to underestimate the measured area. As a result, absolute measurement was inaccurate and a calibration curve was necessary. The best model to directly fit stereo LAI with manual measurement was an exponential regression (Figure 8). Similar results were highlighted by Leemans et al. (2013). Such evolution can be explained by the canopy structure dynamics. For the first development stages (LAI < 2), a linear relation would have been more appropriate but as the crop grew (LAI > 2), the canopy became denser and many leaves overlapped. As a result of this complex canopy structure, it appears that the model may lack robustness since it fails to take into account leaf surfaces of the lower vegetation stratum. Indeed, stereo vision essentially records the leaf area of the upper foliage stratum. A suggestion for a further study implying stereo LAI measurement would be to follow the dynamics of the area of the upper stratum of a same crop zone at each stage and integrate it over the whole season. The model would take into account area of the upper stratum as well as area of lower leaves previously measured to extract LAI at each stage. The height information would be useful to distinguish foliage floors.




Figure 8 | Relation between manual reference measurements and LAI measured by stereo vision for the 2018 data and for the data acquired by Leemans et al. (2013).



As reference LAI measurements are time-consuming, all data acquired in 2013 by Leemans et al. and all data acquired in 2018 were used to calibrate the models. A leave-one-out cross-validation method was applied to estimate the errors of both models. The drawback of cross-validation is that validation and calibration data might not be independent. However, the independent 2013 dataset cannot be used to externally validate the model developed in this study because the acquisition system set-up and the algorithms were improved in the meantime. Despite those differences, the two studies, performed on different plots, dates, and years provided pretty close results. The 2018 modifications actually helped to reduce the root mean square error (RMSE). The higher coefficient of determination (R²) in 2013 is explained by the measurement of two micro-plots at early growth stage leading to reference and stereo LAI close to zero.

Destructive manual LAI measurements were performed on 0.07 m² areas (0.5 m of one crop row, with 0.14 m spacing between rows) while images represented nearly 0.5 m² zones. As a result, stereo measurements were more suitable to take into account intra-plot variability. Manual reference measurements may have been realized in local spots non representative of the whole micro-plot. This aspect has to be considered when assessing the quality of the regression models. As a perspective for further research, a practical solution to increase the spatial extent of reference LAI measurements and to accelerate them would be to exploit the high correlation between leaf weight and leaf area, as performed by Roth et al. (2018). Finally, as highlighted by Baret et al. (2010), the definition of the measured variable is important. The imaging method recorded the area of all the green elements while only leaves were manually sampled. Nevertheless, due to the nadir position of the cameras, few stems were visible on the images and their contribution was considered negligible. Should the orientation of the acquisition device change, thus making more stems visible, the considered variable should rather be the green area index, which takes into account all the green elements and not only leaves.



The Effect of Wind on LAI Measurement

In field conditions, wind is susceptible to disturb the measurement, especially by inducing blur in the stereo images and variability between acquisition sequences. In order to assess the measurement repeatability, five pairs of images of the same zones were acquired at 15 seconds of interval. The coefficients of variation (ratio between mean and standard deviation) for the LAI measurement are presented in Table 2. Overall, the wind-induced variability was rather small, except on April 23. The average wind speed measured for each date does not allow explaining this higher variability. Based on visual in-field observations, it is suggested that the variability depends on the development stage. On April 09 and 11, at tillering, plants were low and hardly impacted by wind. On April 23, at Zadoks stage 31 (Zadoks et al., 1974), the stems were erected but the canopy was not dense. Plants organs were moved by wind which caused variability in LAI measurement. However, from April 30, the canopy was denser so the impact of wind on LAI measurement was diminished. Indeed, canopy flow is influenced by vertical profile of plant density, canopy height, and element flexibility, which depend on the development stage (Cionco, 1972). The conclusion that wind has little effect on the imaging method is only valid if the two images are acquired simultaneously, as performed in this experiment. As highlighted by Kaczmarek (2017), if the acquisition of the two frames is not simultaneous, even minor wind will highly decrease stereo matching performances.


Table 2 | Coefficients of variation (CV) of LAI measurements for a same zone captured at 15 second intervals.





MTA and LAD Measurement

MTA measured in laboratory are reported in Table 3. For tilted surfaces in the images, the stair-step effect does not cause an important systematic error for the Delaunay triangulation method because angles of the triangles are favorably averaged, i.e. the error on all inclination angles gets canceled out. The same conclusion has been found by Leemans et al. (2013). However, for a flat horizontal surface (tilt angle = 0°), some triangular faces are tilted due to depth estimation errors but, as their inclination is not signed, they cannot compensate for each other to obtain on average a 0° angle. As a result, the average angle is necessarily overestimated. To confirm this hypothesis, the error was computed only for the reference leaves showing an angle superior to 15°. In this condition, the error significantly decreased, which indicated that nearly flat surfaces were sources of important errors. The use of a median filter on the depth map helped to reduce the stair-step effect. In all cases, the local fitting method gave better results than the Delaunay triangulation method. However, this conclusion is limited to the case of straight leaves without overlaps. For a real canopy, the Delaunay triangulation method might be more adapted to take into account leaf curvature and leaf overlaps. Moreover, the Delaunay triangulation method considers all the pixels while the local fitting approach only focuses on some zones. In the field, using 1280 × 1024 images, MTA ranging from 53° to 62° were recorded for the different acquisition dates and fertilization practices (Figure 9). The variability of MTA determined by the Delaunay triangulation method ranged from 0.74% to 1.45% for the different dates, which underpins that the method is precise. The variability was higher for the local fitting method (Figure 9).


Table 3 | Average absolute errors on MTA measurement on reference leaves with 10 inclinations (ranging from 0 to 75° relative to a plan perpendicular to the optical axis of the cameras) computed in laboratory for different angle computation methods and image treatments (pixel binning and median filtering of the depth map).






Figure 9 | Comparison between Delaunay triangulation and local fitting methods to estimate MTA in field experiments. Vertical bars indicate the standard deviation of the MTA estimation for the different images acquired at a same date.



The Delaunay triangulation method seems the most precise to measure MTA. However, this method failed to provide LAD (Figure 10). Due to the stair-step effect, triangles were either horizontal or tilted with an angle superior to 45°. This was not a problem to measure an average angle but the inclinations of these triangles could not be used to study the angle distribution of larger leaf elements. This drawback is corrected by the local fitting approach. By considering the angles of the planes adjusted on some leaf faces, it was possible to get a good overview of the angle distribution of leaf faces. The obtained average LAD was very similar for the different dates. A potential improvement of angle measurement would be to find a criterion to record the azimuth angle of the leaf segments (triangles or fitted planes). It would allow to verify the assumption that all azimuth angles are equiprobable for the wheat plots considered. Indeed, for a sugar beet crop, Müller-Linow et al. (2015) have found that the azimuth angle distribution of leaves was not uniform. They also noticed that the preferential orientation of leaves changed over the season.




Figure 10 | Comparison between Delaunay triangulation and local fitting methods to estimate LAD for images acquired on May 02. The graph shows the frequency and the standard deviation for each 5° class.



MTA and LAD were not manually measured in the field. Due to wind, canopy structure and leaf curvature, a direct manual measurement is very difficult, time-consuming and unreliable, hence the interest of automated measurement that relies on small leaf segment to take into account leaf curvature. As a result, no reference values were available but MTA values computed by two different and independent methods were close, suggesting that both measurements could be relevant. In comparison, Shibayama and Watanabe (2007) measured MTA between 56° and 65° for two different wheat varieties using polarized light and LAI-2000 sensors. Hosoi et al. (2009) measured MTA between 44° and 56° for different dates by using a LiDAR. However, their leaf segment selection method was not automatic and the variability of MTA measurement was around 40 %, against 1 % for the proposed method. These comparisons must be put in perspective. According to Yanli et al. (2007), the angle distribution widely depends on the wheat variety. Huang et al. (2006) found similar LAD by using canopy reflectance and characterized that kind of wheat variety as “erectophile”. According to de Wit (1965), the distribution presented in Figure 10 may rather be classified as “plagiophile” because oblique leaves are more frequent than vertical leaves.



Comparison of Stereo-Based and Manual Height Measurements Before and After Spike Emergence

For data recorded before spike emergence, stereo-based and manual measurements with a meter stick provided non-equivalent indicators to describe canopy height. Both present advantages and inconveniences and should be used for different purposes. Manual measurements have the advantage that the operator directly chooses the point of interest (flag leaf tip, spike tip, last node) which is convenient to study specific vegetative organs. On the contrary, the image-based height measurement of specific points is a complex, and sometimes impossible, task due to the difficulties encountered to automatically detect such points (e.g: overlapping leaves prevent detection of nodes). For manual height measurement, numerous repetitions were necessary to obtain a robust estimation, which can be seen as the main drawback of this method. On the contrary, the stereo-based method allows acquiring height descriptors of a zone of several plants in a simultaneous way. As demonstrated by Cai et al. (2018), the height map yields complete height distribution which provides far more information on canopy development than a manual height measurement. Several statistical descriptors of the height deduced from the 3D point cloud are proposed in this study. The suggested descriptors are the median, the 75th percentile and the 95th percentile of the point heights. Figure 11 shows the different height descriptors for both types of measurement. The comparison between the different fertilization practices revealed that global canopy height described by stereo vision seems a better indicator of cover development than the manually determined height of flag leaf insertion. A final note on height measurement at the vegetative stage concerns the manual reference method. A meter stick, as used for this study, is not the only possibility to record crop height. Using an herbometer (a plate of known weight attached to a rule), as described by Barmeier et al. (2016), would provide a weighted plant height. This measurement is considered to be more representative and objective that a measurement at a specific point. Moreover, as the herbometer measure a weighted height on a zone and not height at a point, it could be better suited to provide a reference for stereo vision. It would even be possible to design the herbometer with a size similar to that of the captured zone. A herbometer must however be adjusted to account for various degrees of stem stiffness, depending on growth stage or cultivar.




Figure 11 | Comparison of manual and automatic measurements of canopy height for 11 micro-plots (May 24).



For data recorded after spike emergence, the relevant height descriptor is the mean height of spike tips both for manual and imaging methods. For the automatic measurement, the height of each spike object was the 95th percentile of heights, so that the mean height of spike tips for one image was the mean of those 95th percentiles. This trait was measured for two blocks of micro-plots both manually and by stereo vision on June 05 (Figure 12). By considering the manual measurements as a reference, mean spike top heights were measured by stereo vision with an accuracy of 97.1% (RMSE of 0.016 m). For micro-plots of block 2, manually and automatically measured mean height of spike tops were close. For block 1, the automatic measurement systematically underestimated the mean height but the evolution of height according to the fertilization practices followed the same trend as for manual determination. The systematic error was not due to the accuracy of camera-spike distance measurements but may be due to some other issues such as saturated leaves badly classified as spikes and the determination of camera-ground distance. Those issues represent challenges inherent to field acquisition. As suggested above, a custom auto-exposure algorithm should help to deal with important image saturation. The second issue is more challenging. The camera-ground distance is not constant due to soil surface irregularities induced for instance by tractor passage. This problem could be obviously overcome by cumbersome manual measurements slowing down the image acquisition process. To avoid that, an estimation of the camera-ground distance can be deduced from the soil pixels depth. However, for dense and high canopies, the estimation of ground depth was not reliable due to the lack of visible soil spots rendering stereo matching troubles. Finally, because of an imperfect positioning of the acquisition device in the field, the cameras were not exactly perpendicular to the ground resulting in non-constant real camera-ground distance on the stereo image.




Figure 12 | Comparison between the manual and the automatic measurements of the mean height of spike tops for two blocks of micro-plots (June 05).



To conclude, stereo-based height measurement in a complex canopy offered an easy way to compare global canopy height and average spike top height of different micro-plots. However, the absolute height of micro-plots remained uncertain because of difficulties to automatically get camera-ground distance at each point of the area of interest. Manual measurements are useful to measure the height of specific plant elements that would be difficult to spot on images.



Comparison With Other Proximal 3D Sensors

This section aims at answering the question: which 3D sensor to choose in order to measure wheat morphological plant traits such as LAI, foliar angle and plant height, by considering the literature updated with the results of this study? It focuses on the sensors that directly measure morphological features, and not on the sensors that rely on a relation between the architectural traits and reflectance. Several recent papers already compare the performances of the most common 3D sensors for high throughput plant phenotyping (Li et al., 2014; Vázquez-arellano et al., 2016; Perez-Sanz et al., 2017; Qiu et al., 2018; Wang et al., 2018). Based on these reviews, stereo vision is perceived as sensitive to sunlight and poorly adapted for outdoor imaging. However, this study demonstrates that stereo vision can be used for acquisition under natural conditions without any shadowing device and still provide dense depth information. The same conclusion cannot be drawn for methods that need to illuminate the scene such as time of flight cameras. To the knowledge of the authors of this paper, no recent study supports that a new generation of time of flight cameras would correct the issue of sensitivity to sunlight. Among the others methods, multi-view stereo and structure from motion can be considered as variants of a classic binocular stereo system. They have the potential to provide better results but necessitate to add cameras or to increase the number of shots of a same scene. Those methods should be envisioned instead of binocular stereo if the configuration of the acquisition platform allows it and if the amount of data to manage is not an issue.

Ultrasonic sensors are mentioned as a cheap solution to measure plant height. However, the wheat plants may not have sufficient density to reflect the echoes (Yuan et al., 2018). As a result, ultrasonic sensors sometimes do not really directly measure height at a plant surface. Moreover, they do not suit to reconstruct point cloud and fail to directly provide leaf inclination or area. To conclude, they should be chosen when the goal is to record canopy height but not for mapping the height of different organs or to construct a 3D point cloud.

At the moment, the real competitor of stereo vision for polyvalent 3D measurements in natural conditions is LiDAR. An important difference between stereo vision and LiDAR is that the latter directly provides 3D point clouds while stereo vision provides 2D height maps that can be converted into point clouds. Recent studies demonstrate that LiDAR can measure the morphological traits with performances equivalent or superior to those presented in this study for stereo vision. Jimenez-berni et al. (2018) measure height with a RMSE of 0.017 m. Leaf angle measurements could be obtained from LiDAR point clouds coupled with RGB image just as for stereo vision point clouds. Li et al. (2017) measure green area index with a RMSE of 0.22. However, even if LiDAR is more and more affordable, it remains costly and has to be coupled with a RGB camera to provide both morphological and color information. In addition, its use in outdoor conditions necessitates to deal with wind. To sum up, stereo vision may be preferred over LiDAR for the applications that need an inexpensive (around 2,000 euro for two cameras and objectives), compact (the two spaced cameras and their objectives form a device of around 0.1 × 0.1 × 0.04 m3) and polyvalent device that provides both color and morphological information without the necessity to fuse two sensors of different nature. Finally, stereo maps offer high spatial resolution while the spatial resolution of LiDAR measurements is conditioned by the scanning time and by its footprint.




Conclusion

Stereo vision is a cheap, compact, and flexible way to study wheat canopy architecture in natural conditions. This is a polyvalent method allowing measurement of morphological traits such as LAI, MTA, LAD, and canopy or spike height. A stereoscopic vision system was set up to capture depth and color images of crop canopy. The acquisition system was calibrated and validated on winter wheat in an in-field nitrogen fertilization trial offering contrasting canopy architectures. LAI and MTA were computed based on a global Delaunay triangulation. It was shown that the image size might greatly affect the error. Median filtering of depth map helped to reduce the stair-step effect due to random errors in depth measurement and limited depth resolution. LAI was estimated with a cross-validation RMSE of 0.37 based on manual reference measurements. MTA was accurately estimated by the triangulation process. An original method based on a local surface fitting, was developed to properly extract LAD. Regarding the height measurement, the optical challenges faced to automatically measure camera-ground distance in dense canopies have been discussed and spike top height was measured with an accuracy of 97.1%. Overall, stereo vision provides 3D point clouds that allow precise comparisons of plots although the determination of absolute values of agronomic parameters such as LAI or canopy height might suffer from systematic errors.

Several solutions have been proposed to ease the development of the method in field conditions. Firstly, a robust segmentation method based on machine learning using HSV components helps to manage variable light conditions. Secondly, it has been shown that image size and color resolution can influence the stereo matching. A finer 12-bit color resolution was preferred to an 8-bit acquisition. For a camera-canopy distance of 1 m, 1280 × 1024 images presented better performances for stereo matching and LAI computation than 2560 × 2048 images. Thirdly, the wind had little effect on LAI measurement variability, except at stem elongation. It highlights that the development stage could be more important that the wind speed itself in terms of wind effect on the canopy. This observation should however be supported by testing multiple wind conditions at each stage before drawing a conclusion.

Perspectives are divided into two categories: (i) improving the stereo vision system and (ii) extracting supplementary traits from images. To improve the acquisition, a possibility would be to combine more than two cameras to build a multi-ocular system as proposed by Kaczmarek (2017) on small trees. This would yield more accurate and dense depth maps and help taking into account overlapping leaves. Another possibility would be to work with several pairs of cameras, observing the canopy with contrasting view angles. Concerning the other perspectives of trait extraction, the combination of depth, color, and texture information offers the potential to measure additional plant traits, especially at a smaller scale. The method could extract the morphology of yield-related organs such as flag leaves or spikes. It could also provide spike and seedling densities as well as proxies of tiller number.
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Primary Metabolism Is Distinctly Modulated by Plant Resistance Inducers in Coffea arabica Leaves Infected by Hemileia vastatrix
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Epidemics of coffee leaf rust (CLR) leads to great yield losses and huge depreciation of coffee marketing values, if no control measures are applied. Societal expectations of a more sustainable coffee production are increasingly imposing the replacement of fungicide treatments by alternative solutions. A protection strategy is to take advantage of the plant immune system by eliciting constitutive defenses. Based on such concept, plant resistance inducers (PRIs) have been developed. The Greenforce CuCa formulation, similarly to acibenzolar-S-methyl (ASM), shows promising results in the control of CLR (Hemileia vastatrix) in Coffea arabica cv. Mundo Novo. The molecular mechanisms of PRIs action are poorly understood. In order to contribute to its elucidation a proteomic, physiological (leaf gas-exchange) and biochemical (enzymatic) analyses were performed. Coffee leaves treated with Greenforce CuCa and ASM and inoculation with H. vastatrix were considered. Proteomics revealed that both PRIs lead to metabolic adjustments but, inducing distinct proteins. These proteins were related with photosynthesis, protein metabolism and stress responses. Greenforce CuCa increased photosynthesis and stomatal conductance, while ASM caused a decrease in these parameters. It was further observed that Greenforce CuCa reinforces the redox homeostasis of the leaf, while ASM seems to affect preferentially the secondary metabolism and the stress-related proteins. So, the PRIs prepare the plant to resist CLR but, inducing different defense mechanisms upon pathogen infection. The existence of a link between the primary metabolism and defense responses was evidenced. The identification of components of the plant primary metabolism, essential for plant growth and development that, simultaneously, participate in the plant defense responses can open new perspectives for plant breeding programs.

Keywords: coffee leaf rust (CLR), Coffea arabica cv. Mundo Novo, proteomics, enzymatic activities, physiological parameters, 2DE-MALDI/TOF/TOF-MS/MS, greenforce CuCa, acibenzolar-S-methyl (ASM)


[image: image]

GRAPHICAL ABSTRACT Main metabolic classes affected by the resistance inducers in response to coffee leaf rust.



INTRODUCTION

Coffee, one of the most important beverage crops in the world (with billions of cups consumed per day), is cultivated across Africa, Asia, and the Americas (Läderach et al., 2017). Crucial for the economy of more than 60 countries, coffee is the main source of income for more than 100 million people (Hoffmann, 2014; Läderach et al., 2017; ICO, 2020). Brazil is the first world coffee producer (mostly Coffea arabica L.), Minas Gerais being the state responsible for more than 50% of the Brazilian coffee production. In 2019, and considering the planted area (1.81 Mha) the productivity of coffee was 1.632 tons per hectare (CONAB, 2019).

Coffea arabica has the best quality/aroma, but most of its commercial varieties are highly susceptible to several pathogens, namely Hemileia vastatrix. This biotrophic fungus, that is spread to all coffee growing regions causes coffee leaf rust (CLR), a devastating disease characterized by large orange colonies of urediniospores in the lower surface of the leaves (Bettencourt and Rodrigues, 1988; Várzea and Marques, 2005; Talhinhas et al., 2017). In susceptible coffee leaves, after the urediniospores germination and appressorium differentiation over stomata, the fungus penetrates leaf tissues and grows into the substomatal chamber. Fungal growth continues with the formation of more intercellular hyphae and a large number of haustoria (highly specialized intracellular hyphae) in the spongy and palisade parenchyma cells. The host metabolism is modified to serve the fungus nutrients uptake allowing the completion of its life cycle (which take about 30 days) (Silva et al., 1999, 2006). The CLR causes the premature leaf fall as result of direct damages, weakening and favoring dieback of branches, decreasing the photosynthetic capacity and vigor of the infected coffee plants (Silva et al., 2006; Talhinhas et al., 2017). A recent intense epidemic of CLR in Colombia and Central America was responsible for estimated losses of several hundred million dollars (Avelino et al., 2015). In Brazil, the disease threatens coffee production, losses ranging from 30 to 50%, if no chemical control is undertaken. CLR damage is prevented by the use of protective (copper-based) and/or systemic fungicides (triazoles and strobilurin) (Zambolim, 2016). However, increasing societal expectations for sustainable coffee production demands the replacement of fungicide treatments by alternative strategies of plant protection, such as the use of coffee resistant varieties and plant resistance inducers (PRIs) (Resende et al., 2002; Várzea and Marques, 2005; Avelino et al., 2015).

The application of PRIs mimics a pathogen infection, and thus, activates a sort of unspecific systemic immunity, known as systemic acquired resistance (SAR). SAR is considered as one of the players in a multifaceted inducible defense system in plants, characterized by various signaling pathways, and metabolic responses (Cavalcanti et al., 2006; Gozzo and Faoro, 2013; Balmer et al., 2015). The PRIs application results in a stronger and faster defense response when biotic or abiotic stresses occur. Different PRI treatments, either biotic (viable or inactivated microorganisms) or chemical [e.g., acibenzolar-S-methyl (ASM), ethylene, plant natural formulations], have been used (Conrath et al., 2015).

Acibenzolar-S-methyl is a salicylic acid functional analog belonging to the benzothiadiazole (BTH) family, which is rapidly absorbed by the leaves and activating SAR (Medeiros et al., 2009; Furtado et al., 2010). Genes encoding pathogenesis-related proteins (PR proteins) are expressed and regulate secondary metabolic pathways and defense responses (Iriti and Faoro, 2003; Glazebrook, 2005; Gozzo and Faoro, 2013). ASM treatment of coffee leaves showed some protection against CLR, but without affecting H. vastatrix germination (Guzzo et al., 2009). Instead, what was observed was the induction by ASM of some SAR-related genes, such as those involved in: signal perception and transduction, oxidative burst and cell death, synthesis and transport of antimicrobial metabolites, synthesis of PR proteins and lipid metabolism (Guzzo et al., 2009). Under field conditions ASM application also satisfactorily controlled rust and other coffee diseases (Fernandes et al., 2013).

Formulations based on natural products have also been intensively studied, and it was found that they also activate the plant defense responses (Barguil et al., 2005; Medeiros et al., 2009; Conrath et al., 2015). Coffee industry by-products were effective in the control of Xanthomonas vesicatoria infection in tomato through the up-regulation of PR and antioxidant proteins (Medeiros et al., 2009). Theses formulations are being used as a control measure of plant diseases in coffee and other crops (e.g., tomato and eucalyptus) (Barguil et al., 2005; Jackson et al., 2000; Cavalcanti et al., 2006; Medeiros et al., 2009). Greenforce CuCa formulation is a plant based extract prepared with coffee industry by-products supplemented with calcium and copper salts displaying antioxidant properties. These properties derived from the high content of chlorogenic acids and caffeine, and other compounds like nicotinic acid, trigonelline, tocopherols, cafestol, and heterocyclic compounds (Esquivel and Jiménez, 2012; Murthy and Naidu, 2012). In field works, this formulation reduced CLR by about 50% (Costa et al., 2014; Silva et al., 2019).

Although the involvement of secondary metabolism in plant defense is fully documented, the relationship between defense and primary metabolism is less studied. Upon pathogen infection several genes associated with primary metabolic pathways are induced, namely, those involved in the synthesis or degradation of carbohydrates, amino acids, and lipids (Rojas et al., 2014). Links between photosynthesis and immunity in plants has been proposed (Göhre, 2015), but the role of primary metabolism in SAR has not been fully understood/analyzed. The present study aims to obtain an overview of the protein changes occurring in the C. arabica cv. Mundo Novo leaves upon treatment with the resistance inducers Greenforce Cuca and ASM and, subsequently, challenged by the obligate biotrophic fungus H. vastatrix. This proteomic phenotyping was complemented by physiological and biochemical analyses (leaf gas-exchange and enzymatic assays).



MATERIALS AND METHODS


Biological Material and Treatments

Six month old seedlings (with five leaf pairs) of C. arabica cv. Mundo Novo IAC 376/4 (susceptible to CLR) were used. The experiment was conducted in a growth chamber (Eletrolab) at 24°C and 12 h photoperiod with fluorescent light (600 μmoles m–2 s–1). Plants were acclimated in the growth chamber, 30 days prior to the beginning of the experiment.

The upper surface of young fully expanded leaves of C. arabica cv. Mundo Novo were sprayed with two resistance inducers (PRIs), ASM (Bion 500 WG, Syngenta) and Greenforce CuCa (formulation prepared from products of coffee industry supplemented with copper and calcium salts; Universidade Federal de Lavras – patent pending PI063575-2, National Institute of Industrial Property, Brazil). The doses of the products were set according to the manufacturer’s recommendations: 0.2 g L–1 for ASM and 5 mL L–1 for Greenforce CuCa. Approximately 1 mL of the PRI solutions per leaf, using a manual sprayer was used. Leaves sprayed with water were used as mock-treated control.

Urediniospores of H. vastatrix obtained from diseased field grown coffee (C. arabica cv. Mundo Novo) were used as inoculum source. Inoculation was performed at 3 days after PRIs treatment by spraying the undersurfaces of the leaves with a urediniospore suspension in 0.2% agar distilled water (v/v) with 0.05% Tween to a final concentration of 106 urediniospore mL–1. After inoculation all plants were kept for 24 h in a dark moist chamber (Guzzo et al., 2009). Leaves sprayed with water and kept in the same conditions of the inoculated leaves were used as mocked-inoculated control. Samples were collected at 3, 5, and 7 days after PRIs treatment, which correspond to 0, 2, and 4 days after H. vastatrix inoculation, respectively (Figure 1).
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FIGURE 1. Experimental design – Coffea arabica cv. Mundo Novo leaves were either treated with the PRIs, ASM (A) and Greenforce CuCa (G) or subsequently inoculated with Hemileia vastatrix (Ai, Gi). Leaves were collected at 3, 5, and 7 days after PRIs treatment (black timeline) and at 2 and 4 days after H. vastatrix inoculation (orange timeline). Leaves treated with water were used as control: mock-treated/inoculated (C) or inoculated (Ci).


A complete randomized block design with six treatments and three blocks (replicates) per time-point was performed. Three plants (one leaf pair per plant) were used as experimental unit for either proteomic, physiological or biochemical studies.

The rust disease severity assessment (percentage of affected area) was done by visual evaluation of the inoculated leaves (four leaves for plant) after the appearance of the first symptoms in a total of six evaluations (every 7 days) according to a diagrammatic scale (Capucho et al., 2011). The observed indexes of severity were transformed in the area under the corresponding disease severity progress curve (AUDsPC) as proposed by Shaner and Finney (1977) (Supplementary Tables S1A,B).



Proteomic Analysis

Coffee leaves (1 g) were ground with liquid nitrogen and proteins extracted using the trichloroacetic acid (TCA) precipitation method (Damerval et al., 1986) and recovered in 30 mM Tris-HCl pH 8.8 buffer solution containing 2% SDS and 50 mM DTT. After 2 h of agitation the samples were centrifuged at 12000 g, during 15 min and the clear supernatants were purified using the 2D clean-up kit following the manufacturer instructions (GE Healthcare). The precipitates were resuspended in 30 mM Tris-HCl pH 8.5 buffer containing 7M urea, 2M thiourea and 4% CHAPS; protein content was measured using a modified Bradford assay method (Ramagli, 1999).

Protein samples (300 μg) were run in 18 cm long IPG strips, pH 4–7 L (GE Healthcare). IEF was performed using the Ettan IPGphor (GE Healthcare) under the following conditions: a total of 32000 Vhrs at 20°C; Step-n-hold 100 V–2 h; Step-n-hold 30 V–10 h; Step-n-hold 150 V–3 h; Step-n-hold 300 V–3 h; Gradient 1000 V–6 h; Step-n-hold 1000 V–1 h; Gradient 8000 V–4 h; Step-n-hold 8000 V–3200 V/h; Step-n-hold 100 V–18 h; maximum current setting of 50 μA per strip. After IEF, the proteins in the IPG strip were equilibrated for 15 min in a buffer (100 mM Tris–HCl pH 8.8, 6M urea, 2% SDS, 30% glycerol and 0.2 mg mL–1 bromophenol blue) containing 5 mg mL–1 DTT (to reduce proteins), followed by another 15 min equilibration in the same buffer but which had DTT replaced by 25 mg mL–1 iodoacetamide (to alkylate proteins). The second dimension SDS-PAGE was performed at 25°C with 12% resolving gels using the 2-D Ettan Dalt II Gel apparatus (GE Healthcare) at 10 mA for 15 min and then at 20 mA until the bromophenol blue dye front had run off the gel (around 22 h). The molecular mass markers used were the “Precision Plus Protein All Blue Standards” (Bio-Rad, Hercules, CA, United States).

Gels were stained in Colloidal Coomassie Blue (Neuhoff et al., 1985) and the protein profiles were scanned using an ImageScanner II (Amersham Biosciences). The image gel analysis was carried out using the Progenesis SameSpots 2D software v. 4.5 (Non-linear Dynamics, Ltd.). The spot volumes were normalized using the mean value of the replicates (Grove et al., 2008). One-way ANOVA analyses were performed using a p-value of 0.05. For the proteins with statistically significant changes (and a fold change > 1.5) a principal component analysis (PCA) was carried out and a hierarchical clustering was performed applying a Pearson correlation using the MeV5 v. 4.8 (Supplementary Table S2).

Polypeptide spots visually detected in Colloidal Coomassie Blue stained gels were excised from the gels and processed using the Tecan freedom EVO200 (Tecan, Männedorf, CH) as previously described (Guerra-Guimarães et al., 2015). The ProteinPilotTM software 4.0.8085 was used for database searches with an in-house MASCOT platform (version 2.3, Matrix Science1, London, United Kingdom). All proteins were identified by search against a Coffea database downloaded from NCBI2 on January 17, 2019 with the taxID 13442 and containing 133 773 sequences. All searches (combined MS and 10 MS/MS spectra) were carried out using a mass window of 100 ppm for the precursor and 0.5 Da for the fragments. During the different searches the following parameters were defined: two missed cleavages, carbamidomethylation of cysteine as fixed modification, and as variable modifications we selected; oxidation of methionine, single or double oxidation of tryptophan and tryptophan to kynurenine. The proteins identified without clear annotation were BLAST analyzed and those proteins with the highest homology (when significant) were added to the Supplementary Table S3.

All identifications were manually validated and extra precursors were selected for fragmentation if the obtained data were judged as insufficient. When high quality spectra were not matched to sequences, a sequence was determined manually and, so, in the current data set they could be linked to the identified protein by allowing for more missed cleavages, semi-tryptic peptides, specific modifications or broader taxonomy search. All the spots identified in the 5 day sample control, containing one or more proteins were considered for the leaf proteome establishment. For the comparative analysis only spots having unique and significant protein identification were considered.

The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium (Deutsch et al., 2017) via the PRIDE partner repository (Perez-Riverol et al., 2019) with the dataset identifier PXD016012.

The identified proteins were also subjected to InterPro, UniProt, and NCBI databases analyses. The conserved domains of each protein, as well as, the superfamily were determined using the NCBI tools2. Assignment for functional annotation and protein location was based on MapMan ‘Bin’ ontology3 using Mercator Automated Sequence Annotation Pipeline4 (Lohse et al., 2014) and on Gene Ontology Annotation (GO5) using Blast2GO software (version 5 basic6) (Conesa and Götz, 2008). In addition, protein subcellular location was also assigned using the LocTree37 (Goldberg et al., 2014). Default parameters were used for all the programs.



Physiological Measurements

Gas-exchange characteristics were evaluated in fully expanded leaves using a LI-6400XT Portable Photosynthesis System (LI-COR, Lincoln, United Kingdom), at a photosynthetic photon flux density (PPFD) of 1000 μmol m–2 s–1, from a red/blue light source (6400-02B LI-COR, Lincoln, United Kingdom LED). Measurements took place between 8:30 and 11:30 h (solar time). Two leaves per plant (3rd leaf pair), in a total of six leaves were used per experimental unit. Leaf net photosynthetic rate (A; μmol CO2 m–2 s–1), stomatal conductance (gs; mol H2O m–2 s–1), mesophyll intercellular CO2 concentration (ci), the ratio of intercellular to ambient CO2 concentrations (ci/ca), water use efficiency (WUE, A/transpiration) and carboxylation efficiency of photosynthesis (A/ci) were estimated. Data related to each time-point was analyzed by one-way analysis of variance (ANOVA). When treatments were significant by the F-test, a pairwise multiple comparison was performed using Tukey test (p ≤ 0.05).



Biochemical Assays

The activities of peroxidase (POX), ascorbate peroxidase (APX), superoxide dismutase (SOD), phenylalanine ammonia lyase (PAL), and polyphenol oxidase (PPO) were quantified. Protein content was determined using bovine serum albumin (BSA) as standard (Bradford, 1976). Data related to each time-point was analyzed by one-way analysis of variance (ANOVA). When treatments were significant by the F-test, a pairwise multiple comparison was performed using Tukey test (p ≤ 0.05).

POX, APX, and SOD measurements were made according to Biemelt et al. (1998) with some modifications. Leaves (0.2 mg) were ground with liquid nitrogen in the presence of 1% polyvinylpolypyrrolidone (PVPP) (w/w) and extracted with 1.5 ml of potassium phosphate buffer (100 mM, pH 7.8) containing 0.1 mM ethylenedinitrilotetraacetic acid (EDTA) and 10 mM ascorbic acid. The extract was centrifuged at 13,000 g, 4°C for 15 min and supernatants used for the enzymatic analyses.

POX activity was performed according to Urbanek et al. (1991) at 30°C, and recording the absorbance at 480 nm. POX specific activity (μmol/min/mg protein) was calculated using the molar absorption coefficient (ε) of 1.235 mM–1 cm–1 (Chance and Maehly, 1955).

APX activity was performed according to Nakano and Asada (1981) at 25°C, and recording the absorbance at 290 nm. APX specific activity (μmol/min/mg protein) was calculated using the molar absorption coefficient (ε) of 1.4 mM–1 cm–1.

SOD activity was performed according to Giannopolitis and Ries (1977) following the nitro blue tetrazolium chloride (NBT) photoreduction, by measuring the absorbance at 560 nm. Data was presented as SOD specific activity (U/min/mg protein). One unit of SOD activity was defined as the amount of enzyme able to reduce NBT photoreduction by 50%.

For PAL quantification, and after liquid nitrogen grinding, 1 g of leaves were extracted with 3 mL of sodium phosphate buffer (50 mM, pH 6.5) containing 0.1 mM phenylmethylsulfonyl fluoride (PMSF) and 1% PVPP (w/v). The extract was centrifuged at 13,000 g, 4°C for 25 min, using the supernatant for enzymatic analysis. PAL activity was performed according to Zucker (1965) at 37°C, and recording absorbance at 280 nm. PAL specific activity (μmol/min/mg protein) was calculated by the phenylalanine decrease using the molar absorption coefficient (ε) of 10000 mM–1 cm–1.

For PPO quantification, after liquid nitrogen grinding, 1 g of leaves were extracted with 4 mL of potassium phosphate buffer (30 mM, pH 7.0) containing 0.1 mM EDTA. The extract was centrifuged at 13,000 g, 4°C for 25 min and using the supernatant for enzymatic analysis. PPO activity was performed according to Kar and Mishra (1976) at 30°C, recording absorbance at 410 nm. PPO specific activity (μmol/min/mg protein) was calculated through catechol degradation using the molar absorption coefficient (ε) of 1.235 mM–1 cm–1.

Hydrogen peroxide (H2O2) content was estimated in 0.2 g of leaves ground in liquid nitrogen, according to Velikova et al. (2000). The extract was centrifuged (12000 g, 4°C for 15 min), and the supernatant was used for H2O2 estimation at 390 nm, using a standard curve prepared with the following H2O2 concentrations: 0, 5, 15, 25, 35 and 45 μmol/ml.

Lipid peroxidation was determined in 0.2 g of leaves ground in liquid nitrogen, according to Buege and Aust (1978). The extract was centrifuged (10,000 g, 4°C for 10 min) and the supernatant was incubated at 95°C for 30 min. The reaction was stopped by lowering the temperature 0°C. The absorbance was recorded at 535 and 600 nm and the malondialdehyde (MDA) content was calculated through the formula: [MDA] = (A535–A600) using the molar absorption coefficient (ε) of 1.56 × 10–5 mM–1 cm–1.




RESULTS


Coffee Leaf Proteome

Three hundred and fifty polypeptide spots were detected by 2-DE (linear pH gradient of 4–7) in extracts of the control water-treated leaves. Proteins could be successfully identified in 179 of these spots, 43 of them containing more than one protein (Supplementary Figure S1). All the protein identifications were achieved within the Coffea genomes, mainly C. arabica (107 proteins) and C. eugenioides (97 proteins). The 219 identified proteins belong to 66 superfamilies according to their conserved domains (Supplementary Table S4). The five most represented superfamilies were: FliI (25 spots); RuBisCO_large (14 spots), P-loop_NTPase (13 spots); GH18-Chitinase (9 spots) and Chloroa_b-bind superfamily (7 spots).

The 25 FliI superfamily spots are ATP synthases, one is a mitochondrial ATP synthase related with oxidative phosphorylation; five are V-ATPases related with transport across tonoplast; and nine are ATP synthase CF1 related with photochemical reactions. Also related with the photochemical pathway are the 10 chlorophyll a-b binding proteins from the Chloro a_b-bind and PLN00048 superfamilies (photosystem light harvesting chlorophyll a/b binding proteins from both LHCI and LHCII). Largely represented is the RuBisCO_large subunit superfamily (14 spots), but RuBisCO related proteins represent a much larger proportion since RuBisCO activase (P-loop_NTPase superfamily, 13 spots), RuBisCO small subunit (4 spots) and RuBisCO chaperonins (Chaperonin_like superfamily, 7 spots) were also detected. Glycosyl hydrolases were also found, namely acidic endochitinase-like proteins (GH18-Chitinase superfamily, 9 spots) and one alpha-mannosidase (GH38-57_N_LamB_YdjC_SF superfamily).

Functional categorization of the 219 identified proteins, based on MapMan “Bin” and GO annotation, indicated that they are mostly involved in: photosynthesis (43%), protein metabolism (16%), stress (10%), redox (7%), aerobic respiration (5%), and secondary metabolism (3%) (Figures 2A,B). Their predicted localizations are: chloroplast (48%), cytoplasm (35%), mitochondrion (4%), peroxisome (2%), ribosome (1%), nucleus (1%), endoplasmic reticulum (0.5%), and secreted (9%) (Figure 2C). Considering that for 124 out of the 219 proteins (56%) EC numbers were assigned (Blast2GO analysis), it was found that 53 spots were hydrolases (ATPases and NTPases), 26 were oxidoreductases, 26 were lyases (carboxy-lyases) and 11 were transferases (Supplementary Table S4). Blast2GO did not assign EC numbers to nine spots identified as acidic endochitinase-like proteins, but they will eventually have hydrolytic activity. Furthermore, distinct isoforms of the same protein (with different pI) were detected for several spots; such as: sedoheptulose-bisphosphatase (spots #853, #857), RuBisCO activase (spots #759, #756), phosphoglycerate kinase (spots #684, #688), RuBisCO large subunit (spots #628, #624) and Glyceraldehyde-3-phosphate dehydrogenase (spots #699, #700, #1500).
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FIGURE 2. Functional annotation of the 219 identified coffee leaf proteins based on MapMan “Bin” and GO ontology. (A) Biological process; (B) Metabolism overview; (C) Sub-cellular localization.




Changes in the Leaf Proteome Due to PRI Treatments and H. vastatrix Infection

The 2-DE protein patterns of coffee leaves treated with the PRIs (Greenforce CuCa and ASM) at 3, 5 and 7 days were analyzed. The simultaneous effect of PRI treatments and H. vastatrix infection at 2 and 4 days after inoculation (dai) were also studied. Overall, the number of spots that changed in abundance for all the comparisons were 165, of which 112 have an unique protein identification and were, thus, considered for further analysis (Table 1). These 112 spots represent 58 distinct proteins, since some proteins were present in more than one sample/comparison/time-point (Table 2 and Figure 3). These 58 proteins represent 26% of the 219 reproducibly identified proteins of the leaf proteome shown in Supplementary Table S4.


TABLE 1. Proteomic analysis of coffee leaves treated with PRIs and infected with Hemileia vastatrix.
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TABLE 2. Annotation of the coffee leaf proteins that changed in abundance after PRI treatments and H. vastatrix infection.
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FIGURE 3. Representative 2DE gels of coffee leaf proteins. Circled spots that significantly changed in abundance between Greenforce CuCa (G), ASM (A) and Control (C) at 3, 5, and 7 dat and 2 and 4 days after inoculation (i) with H. vastatrix (Hv) [one way ANOVA analysis was performed using a p-value < 0.05 and Fold Change > 1.5.] The proteins were successfully identified by MALDI-TOF/TOF-MS (detailed information on Table 2). Gels were stained in Colloidal Coomassie Blue.


A principal components analysis (PCA) applied to the proteins that changed in abundance due to the PRI treatments [Greenforce CuCa (G), ASM (A), and Control (C)] at 3, 5, and 7 days (Figure 4) revealed a clear separation of the samples. The hierarchical cluster analysis additionally showed the variation in abundance of the proteins in the samples (Figure 5). At 3 days after the treatments (dat), 16 spots significantly differed between samples. This number increased to 44 spots at 5dat and decreased to 13 spots at 7dat. Therefore, at day 5 the protein profiles were more diverse.
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FIGURE 4. Principal component analysis (PCA) performed for the spots whose volume significantly changed in abundance (p-value < 0.05) between Greenforce CuCa (G), ASM (A), and Control (C) at 3, 5 and 7 days after treatments.
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FIGURE 5. Hierarchical cluster analysis of the proteins that significantly changed in abundance (p-value < 0.05) between Greenforce CuCa (G), ASM (A), and Control (C) at 3, 5, and 7 days after treatments. The signals are shown in a red-green color scale, from a gradient of red (higher expression) to green (lower expression).


When a PCA was applied to the proteins that were effect by PRI treatments followed by the H. vastatrix infection at 2 or 4 days (Figure 6), it was also observed a clear separation of the three conditions [Greenforce CuCa infected (Gi), ASM infected (Ai), and Control infected (Ci)]. The hierarchical cluster analysis showed the variation of protein abundance in the samples (Figure 7). At 2dai, 20 spots differed significantly between samples, while at 4dai this number decreased to 13 spots. ASM and Greenforce CuCa had a quite distinct protein profile at both time-points, being the ASM protein pattern more similar to that of the Control, particularly at 2dai.
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FIGURE 6. Principal component analysis (PCA) performed for the spots whose volume significantly changed in abundance (p-value < 0.05) between PRI treatments followed by H. vastatrix infection, at 2 and 4 days after inoculation (i): Greenforce CuCa (Gi), ASM (Ai), and Control (Ci).
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FIGURE 7. Hierarchical cluster analysis of the proteins that significantly changed in abundance (p-value < 0.05) between PRI treatments followed by H. vastatrix infection, at 2 and 4 days after inoculation (i): Greenforce CuCa (Gi), ASM (Ai), and Control (Ci). The signals are shown in a red-green color scale, from a gradient of red (higher expression) to green (lower expression).


A PCA analysis was further applied to the effects of all PRIs treatments (C x G x A x Ci x Gi x Ai) on the leaf proteome, aiming to reveal the factor that has the major influence on the dynamics of the leaf proteome, i.e., PRI treatments or H. vastatrix infection. Greenforce CuCa treatments (G and Gi) were clearly separated from Control and ASM (C, Ci, A, Ai) at 5dat/2dai and at 7dat/4dai (Figure 8). A hierarchical cluster analysis reinforced the PCA results and evidenced that: at 5dat/2dai 44 spots changed in abundance, while at 7dat/4dai this number decreased to 15 spots (Figure 9); the ASM treatment seems to induce fewer changes in the plant than the Greenforce CuCa treatments (at 5dat), exhibiting a profile more similar to Control. The protein profiles of the ASM treated and inoculated leaves (Ai) cluster together with those of inoculated Control leaves (Ci), while profiles of Greenforce CuCa treated and/or inoculated leaves cluster together (G and Gi).
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FIGURE 8. Principal component analysis (PCA) performed for the spots whose volume significantly changed in abundance (p-value < 0.05) between Greenforce CuCa (G), ASM (A), and Control (C) and treated and inoculation (i) with H. vastatrix, (Ci, Gi, Ai), at 5dat/2dai and 7dat/4dai.
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FIGURE 9. Hierarchical cluster analysis of the proteins that significantly changed in abundance (p-value < 0.05) between Greenforce CuCa (G), ASM (A), and Control (C) and treated and inoculation (i) with H. vastatrix, (Ci, Gi, Ai), at 5dat/2dai and 7dat/4dai. The signals are shown in a red-green color scale, from a gradient of red (higher expression) to green (lower expression).




Proteins Differentially Expressed

The 58 proteins that changed in abundance due to the PRIs treatments and infection were mainly involved in: photosynthesis (27 spots, 47%), protein metabolism (8 spots, 14%), stress (7 spots, 12%), aerobic respiration (4 spots, 7%), and redox (4 spots, 7%) (Table 2). Considering the most discriminating time-point, 5dat/2dai (Figure 9), several proteins related to photosynthesis and to protein degradation positively contributed for the Greenforce CuCa cluster (G and Gi); oxygen-evolving enhancer proteins, OEE1 and OEE2 (#1014 and #2282 spots) and RuBisCO small subunit (#1934 spot) were only responsive to this treatment. Regarding the ASM treatment, other distinct proteins were induced, namely; RuBisCO chaperones (#576 and #581 spots), transketolase (#414 and #417 spots), phosphoglycerate kinase (#684 spots), HSP70 (#404 and #405 spots), acidic endochitinase-like protein (#905 spot) and one auxin-binding protein ABP20-like (#839 spot). Sedoheptulose-1,7-bisphosphatase (#853 and #857 spots) and ATP-dependent zinc metalloproteases (#498, #504 and #505 spots) changed with both PRIs treatments, but different putative isoforms were affected. Glyceraldehyde-3-phosphate dehydrogenase (GAPDH, spot #699) was also significantly increased by both treatments, but in a time-dependent way, earlier in ASM (5dat) than in Greenforce CuCa treatments (7dat).



Physiological Analysis

The physiological alterations observed in the coffee leaves due to the PRI treatments and H. vastatrix inoculation, were also studied. Greenforce CuCa treated leaves exhibited an increase in the photosynthetic rate (A) and stomatal conductance (gs) (at 5dat) when compared to ASM treatments (Figure 10). However, when comparing with Control, Greenforce CuCa showed a higher A/ci ratio. PRI treatments followed by H. vastatrix infection either decreased values or had no effect on the physiological parameters studied (Figure 10 and Supplementary Figure S2). Estimated values of water use efficiency (WUE, estimated as A/transpiration), mesophyll intercellular CO2 concentration (ci) and the ratio of intercellular to ambient CO2 concentrations (ci/ca) did not change significantly between treatments/inoculation (Supplementary Figure S2).
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FIGURE 10. Evaluation of photosynthesis rate (A), stomatal conductance (gs) and A/ci in coffee leaves treated with the plant resistance inducers (PRIs) Greenforce CuCa (G), ASM (A), and control (C) and inoculated with H. vastatrix (i). Inoculation occurred 3 days after treatment with PRIs. The means from the treatments, at each evaluation time, followed by different letters were significantly different (p ≤ 0.05) according to Tukey test. Bars represent the standard error.




Biochemical Analyses

At the biochemical level the PRI treatments increased the activity of all the enzymes studied (APX, POX, SOD, PPO, and PAL) when comparing to a mock-treated control (Figure 11). An increase in H2O2 accumulation was only observed with the Greenforce CuCa treatment, at 5dat/2dai (Supplementary Figure S3). Upon H. vastatrix infection of PRI treated leaves the same pattern of response for all enzymes was observed (relatively to infected control, Ci) except for PPO, whose activity decreased. However, no significant differences were observed between the infected and non-infected controls (Ci and C). The highest values for the PAL activity were obtained at 7dat/4dai, contrary to what was observed for all the other enzymes, whose activity increase at 5dat/2dai.
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FIGURE 11. Evaluation of APX, POX, SOD, PAL and PPO activities in coffee leaves treated with the PRIs Greenforce CuCa (G), ASM (A), and control (C) and inoculated with H. vastatrix (i). Inoculation occurred 3 days after treatment with PRIs. The means from the treatments, at each evaluation time, followed by different letters were significantly different (p ≤ 0.05) according to Tukey test. Bars represent the standard error.





DISCUSSION


Coffee Leaf Proteome

When analyzing the whole coffee leaf proteome the proteins mostly represented were annotated as related to energy production and carbon fixation (“photosynthesis”) followed by “protein metabolism” (essentially protein synthesis) and “stress” response, similarly to what was found in the leaf proteomes of several other plants (Supplementary Table S5). These results contrast with those of the coffee leaf apoplast proteome previously studied (Guerra-Guimarães et al., 2014, 2015) which evidence protein degradation as the main biological process. It is notorious that among the proteins identified in the whole coffee leaf proteome, circa 9% were annotated as extracellular proteins, namely chitinase-like and cupin-like proteins that had already been referred for the coffee leaf apoplast proteome (Guerra-Guimarães et al., 2014, 2015).



Effects of the PRI Treatments and H. vastatrix Infection

As far as we know, this is the first report on the proteomic analysis of the effect of PRIs on the leaves of a woody plant (coffee) before and after infection with a biotrophic pathogen (H. vastatrix). The PRIs ASM and Greenforce CuCa had been shown to reduce the incidence of CLR in the fields (Costa et al., 2014; Silva et al., 2019). We now confirmed their protective effect under controlled conditions, Greenforce CuCa showing a higher protective effect than ASM (Supplementary Table S1A). When analyzing the molecular mechanisms involved in such induced resistance, we verified that both PRIs modulate the primary metabolism (photosynthesis) and protein degradation, although through different proteins (Figure 9 and Graphical Abstract). This is in line with results of other authors, either in coffee (De Nardi et al., 2006) or in other plants (Barilli et al., 2012; Arasimowicz-Jelonek et al., 2013; Anup et al., 2015; Balmer et al., 2015). PRIs cause minimal changes in primary metabolism switching the plant defense mechanism to a standby state, which according to these authors is important in the defense against pathogens. We observed that at early stages of the H. vastatrix infection fewer alterations were induced in the leaf proteome of Greenforce CuCa treated leaves than by ASM. On the other hand, Greenforce CuCa also showed a better physiological performance than ASM, as expressed by an increase of about 20% in stomatal conductance (gs) and in the photosynthetic rate (A). These results might suggest that the differences in the carbon assimilation metabolism may have implications in the defense mechanisms induced by the two PRIs against H. vastatrix.

Our proteomic data did not show major changes in proteins of redox and secondary metabolism, but we did observed an increase in the activity of several related enzymes namely, APX, POX, SOD, PPO, and PAL. The integration of proteomic and biochemical data, point out for an additional level of regulation since different activities could be related with post-translation regulation of proteins and not with changes in protein abundance (Yin et al., 2019). Furthermore, 2-DE capacity to distinguish small changes of low abundant proteins is limited, which make harder the correlation of both data sets. The increases in activity of APX, POX, SOD, PPO, and PAL due to the PRIs treatments and to infection can be related with the defense responses. It is known that the redox enzymes (e.g., APX, POX, and SOD) have a role in eliminating excessive ROS caused by pathogen infection, while the increases in PPO and PAL activities might point out for modifications in secondary metabolism, eventually leading to lignin formation. In fact, increase in POX, SOD and PAL activities, accumulation of phenolics and cell wall modification/lignification at the infection sites were previously observed during the coffee resistance to H. vastatrix (Silva et al., 2002, 2008; De Nardi et al., 2006; Guerra-Guimarães et al., 2009, 2015; Leitão et al., 2011).



Relevance of Proteins Differentially Affected by PRI Treatments

It is notorious the lack of similarity in the protein profiles induced in the coffee leaves by Greenforce CuCa and ASM, what suggests the modulation of different metabolic pathways by these PRIs. The exceptions were glyceraldehyde-3-phosphate dehydrogenase (GAPDH) and sedoheptulose-1,7-bisphosphatase (SBPase). GAPDH respond to both PRIs in a time-dependent way, while putative SBPase isoforms were distinctly induced.

The annotation of GAPDH indicated its localization in the chloroplast, with a probable participation in the reductive pentose phosphate pathway (Calvin-Benson cycle). It is known that GAPDH is a component of the triose phosphate/pentose phosphate pool, important in several biosynthetic pathways that require carbon skeletons (Lim et al., 2013). It has also been considered that this enzyme has a role in defense responses, namely, as a regulator of ROS accumulation and cell death in Arabidopsis infected with Pseudomonas syringae (Henry et al., 2015). GAPDH respond positively to pathogen infection and to PRIs treatments (McGregor et al., 2009; Mutuku and Nose, 2012; Lemaître-Guillier et al., 2017), indicating a possible involvement of this enzyme in the resistance induction in coffee. SBPase has been classified as a key enzyme in photosynthetic carbon fixation and growth (Lefebvre et al., 2005; Nilo-Poyanco et al., 2013). It was shown to be positively related with resistance of peanuts to Phaeoisariopsis personata (Kumar and Kirti, 2015) and to be decreased in susceptible mulberry when infected with mulberry dwarf phytoplasma (Ji et al., 2009). SBPase seems to be also important during coffee resistance induction, but further studies are needed in order to reveal the role of the distinct putative isoforms detected.

One group of the proteins specifically affected by the ASM treatment were the stress-related proteins HSP70 probably involved in housekeeping folding metabolism. Indeed, it was described in leaves of V. vinifera the increase in abundance of HSPs proteins due to a PRI treatment (Lemaître-Guillier et al., 2017). HSP70 proteins are ATP-dependent chaperones considered to maintain protein homeostasis by their involvement in: the proper folding of nascent synthesized proteins, the prevention of protein aggregation, the translocation of proteins across membranes, and the protein targeting to degradation (Sarkar et al., 2013). As a consequence of their important role in protein homeostasis they also participate in plant immunity through the quality control of the pattern recognition receptors (PRRs) (Park and Seo, 2015). These PRRs are essential in the detection of pathogen molecules (PAMPs-pathogen associated molecular patterns), as for instance, in the resistance of Nicotiana tabacum against Ralstonia solanacearum (Maimbo et al., 2007). Chitinase-like protein and an auxin-binding protein ABP20-like (germin-like protein) were also induced by ASM. Chitinases (PR-3, 4, 8, 11) are well-characterized glycosyl hydrolases (GH18) with potential to degrade PAMPs, limiting pathogen growth and functioning as signals for resistance responses (Silva et al., 2006; Guerra-Guimarães et al., 2009, 2015). The germin-like protein family is a considerably heterogeneous group exhibiting three different enzymatic activities, oxalate oxidase, ADP-glucose pyrophosphatase or phosphodiesterase and superoxide dismutase (SOD) (Dunwell et al., 2008). The induction of the germin-like proteins may contribute to the significantly higher SOD activity detected due to the ASM treatment. The germin-like proteins can have a role in the oxidative crosslinking of cell wall proteins around the site of infection (Bradley et al., 1992; Silva et al., 2008). Crosslink between phenolic compounds, plant cell wall polysaccharides and proteins enhance the protection of the cell wall to digestion by microbial degrading enzymes and, thus, increase the global resistance to fungi (Bily et al., 2003). The apoplastic localization of these proteins, in combination with the H2O2 generating SOD activity, offers a role in cell-wall fortification (Rietz et al., 2012). Indeed, the modulation of apoplastic chitinases, germin-like proteins and SOD during the early stages of C. arabica-H. vastatrix interactions have been reported (Guerra-Guimarães et al., 2015).

Greenforce CuCa treatment consistently induces changes in oxygen-evolving enhancer proteins (OEE1 and OEE2), RuBisCO activase and RuBisCO small subunit, which might improve the coffee response to rust. Potato treated with different PRIs, also shown relevant variations in OEE2 protein abundance (Arasimowicz-Jelonek et al., 2013). It was proposed that OEE1 and OEE2 may have a role in defense (Heide et al., 2004; Coppola et al., 2013). In Arabidopsis OEE1 and OEE2 exhibited properties of thioredoxins, which are positive regulators of plant-induced defense responses (Tada et al., 2008). The involvement of OEEs in ROS detoxification as a response to biotic stress (Heide et al., 2004; Coppola et al., 2013) is in line with our findings. These results, together with the increased activity of APX, POX, SOD and H2O2 production, strongly suggests a role of the Greenforce CuCa treatment in the redox homeostasis during the H. vastatrix infection.

The RuBisCO activase and the RuBisCO small subunit, regulators of RuBisCO activity and stability (Buchanan et al., 2015), were described as involved in the resistance of grapevine to Plasmopora viticola (Lemaître-Guillier et al., 2017). Differences in both RuBisCO activase and RuBisCO small subunit had been used to distinguish between two genetically close inbred tomato lines with opposite responses to TYLCV virus infection (one resistant and one susceptible) (Moshe et al., 2012). Moshe et al. (2012) further highlighted the decrease in abundance of ATP-dependent zinc metalloproteases (FtsH, Filamentation Temperature-Sensitive protein H) in susceptible inbred tomato lines. The effect of Greenforce CuCa on protein degradation was evidenced by the increase in abundance of FtsH, proteases known to be involved in different biological processes namely: thylakoid membrane organization, proteolysis and ROS metabolism (Kato et al., 2009; Tibiletti et al., 2016). In addition, it was also suggested that these proteins might act as chaperones (Adam and Clarke, 2002). Greenforce CuCa treatment is outstanding in inducing the increase in abundance of the above referred proteins what, together with an increase in the photosynthetic rate, is important for the coffee plant to deal with CLR.




CONCLUSION

We used a proteomic approach in order to shed light on the effect of the PRIs, Greenforce CuCa and ASM, on the coffee leaf metabolism. The aim was to improve knowledge on the resistance mechanisms induced by the PRIs against CLR. Proteomic adjustments mainly related to photosynthesis, protein metabolism and stress responses were shown. However, the proteins affected by Greenforce CuCa were different from those affected by ASM. It was further observed that Greenforce CuCa reinforces the redox homeostasis of the leaf, while ASM seems to affect preferentially the secondary metabolism and the stress-related proteins. A link between the both PRI treatments, the primary metabolism and the defense responses was also evidenced. While both PRIs prepare the plant to resist CLR, they induce distinct defense mechanisms. The identification of components of the plant primary metabolism (essential for plant growth and development) that, simultaneously, participate in the plant defense responses (e.g., SAR) could open new perspectives for a plant breeding program.



DATA AVAILABILITY STATEMENT

The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium via the PRIDE partner repository with the dataset identifier PXD016012.



AUTHOR CONTRIBUTIONS

MR and LG-G conceived and designed the research and were involved in funding acquisition. KP and JS conducted all experiments, and collected the biological material. KP and RT conducted the 2-DE electrophoresis and image analysis. SP and JR carried out the MS-based spot identification. CP, IC, and LG-G conducted the statistical analyses and functional annotation of the identified proteins. JS and MC extracted and analyzed all the physiological parameters. JS and AM extracted and analyzed the data from the biochemical assays. CP, CR, and LG-G wrote the manuscript. All authors have read and approved the final version of the manuscript.



FUNDING

This work was supported by the Portuguese Funds through Fundação para a Ciência e a Tecnologia, under the project PTDC/AGR-GPL/109990/2009, LEAF/UID/AGR/04129/2019, PEst-OE/EQB/LA0004/2011, and by Brazilian Funds through CAPES (Coordenação de Aperfeiçoamento de Pessoal de Nível Superior), CNPq (Conselho Nacional de Desenvolvimento Científico e Tecnológico), INCT-Café (Instituto Nacional de Ciência e Tecnologia do Café), and FAPEMIG (Fundação de Amparo à Pesquisa no Estado de Minas Gerais). RT acknowledges COST FA1306 for granting funds for a “Short Term Scientific Mission.”



ACKNOWLEDGMENTS

The authors would like to thank Deila Botelho (Pos-Doc, UFLA) for the statistical analysis assistance during the revision of the manuscript.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2020.00309/full#supplementary-material


FOOTNOTES

1www.matrixscience.com

2http://www.ncbi.nlm.nih.gov

3http://mapman.gabipd.org/web/guest/mapman

4http://mapman.gabipd.org/web/guest/app/mercator

5http://www.geneontology.org

6http://www.blast2go.com

7https://rostlab.org/services/loctree2/


REFERENCES

Adam, Z., and Clarke, C. K. (2002). Cutting edge of chloroplast proteolysis. Trends Plant Sci. 7, 451–456. doi: 10.1016/S1360-1385(02)02326-9

Anup, C. P., Melvin, P., Shilpa, N., Gandhi, M. N., Jadhav, M., Ali, H., et al. (2015). Proteomic analysis of elicitation of downy mildew disease resistance in pearl millet by seed priming with b-aminobutyric acid and Pseudomonas fluorescens. J. Proteomics 120, 58–74. doi: 10.1016/j.jprot.2015.02.013

Arasimowicz-Jelonek, M., Kosmala, A., Janus, L., Abramowski, D., and Floryszak-Wieczorek, J. (2013). The proteome response of potato leaves to priming agents and S-nitrosoglutathione. Plant Sci. 198, 83–90. doi: 10.1016/j.plantsci.2012.10.004

Avelino, J., Cristancho, M., Georgiou, S., Imbach, P., Aguilar, L., Bornemann, G., et al. (2015). The coffee rust crises in Colombia and Central America (2008–2013): impacts, plausible causes and proposed solutions. Food Sec. 7, 303–321. doi: 10.1007/s12571-015-0446-9

Balmer, A., Pastor, V., Gamir, J., Flors, V., and Mauch-Mani, B. (2015). The ‘prime-ome’: towards a holistic approach to priming. Trends Plant Sci. 20, 443–452. doi: 10.1016/j.tplants.2015.04.002

Barguil, B. M., Resende, M. L. V., Resende, R. S., Beserra Júnior, J. E. A., and Salgado, S. M. L. (2005). Effect of extracts from citric biomass, rusted coffee leaves and coffee berry husks on Phoma costarricensis of coffee plants. Fitopal. Bras. 30, 535–537. doi: 10.1590/s0100-41582005000500014

Barilli, E., Rubiales, D., and Castillejo, M. A. (2012). Comparative proteomic analysis of BTH and BABA-induced resistance in pea (Pisum sativum) toward infection with pea rust (Uromyces pisi). J. Proteomics 75, 5189–5205. doi: 10.1016/j.jprot.2012.06.033

Bettencourt, A. J., and Rodrigues, C. J. Jr. (1988). “Principles and practice of coffee breeding for resistance to rust and other diseases,” in Coffee Agronomy, Vol. 4, eds R. J. Clarke and R. Macrae (New York, NY: Elsevier Applied Science Publishers LTD), 199–234.

Biemelt, S., Keetman, U., and Albrecht, G. (1998). Re-aeration following hypoxia or anoxia leads to activation of the antioxidative defense system in roots of wheat seedlings. Plant Physiol. 116, 651–658. doi: 10.1104/pp.116.2.651

Bily, A. C., Reid, L. M., Taylor, J. H., Johnston, D., Malouin, C., Burt, A. J., et al. (2003). Dehydrodimers of ferulic acid in maize grain pericarp and aleurone: Resistance factors to Fusarium graminearum. Phytopathology 93, 712–719. doi: 10.1094/PHYTO.2003.93.6.712

Bradford, M. M. (1976). A rapid and sensitive method for the quantitation of microgram quantities of protein utilizing the principle of protein-dye binding. Anal. Biochem. 72, 248–254. doi: 10.1016/0003-2697(76)90527-3

Bradley, D. J., Kjellbom, P., and Lamb, C. J. (1992). Elicitor and wound-induced oxidative cross linking of a plant cell wall proline-rich protein: a novel rapid defense response. Cell 70, 21–30. doi: 10.1016/0092-8674(92)90530-P

Buchanan, B. B., Gruissem, W., and Jones, R. L. (2015). Biochemistry and Molecular Biology of Plants, 2nd Edn. Hoboken, NJ: John Wiley & Sons Ltd, 1280.

Buege, J. A., and Aust, S. D. (1978). Microsomal lipid peroxidation. Methods Enzymol. 52, 302–310. doi: 10.1016/S0076-6879(78)52032-6

Capucho, A. S., Zambolim, L., Duarte, H. S., and Vaz, G. R. (2011). Development and validation of a standard area diagram set to estimate severity of leaf rust in Coffea arabica and C. canephora. Plant Pathol. 60, 1144–1150. doi: 10.1111/j.1365-3059.2011.02472.x

Cavalcanti, F. R., Resende, M. L. V., Lima, J. P. M. S., Silveira, J. A. G., and Oliveira, J. T. A. (2006). Activities of antioxidant enzymes and photosynthetic responses in tomato pre-treated by plant activators and inoculated by Xanthomonas vesicatoria. Physiol. Mol. Plant Pathol. 68, 198–208. doi: 10.1016/j.pmpp.2006.11.001

Chance, B., and Maehly, A. C. (1955). Assay of catalase and peroxidase. Methods Enzymol. 2, 764–775. doi: 10.1016/S0076-6879(55)02300-8

CONAB (2019). Acompanhamento da Safra Brasileira de Café, v. 5 – Safra 2019, n. 4 - Quarto levantamento - Dezembro 2019. Brasília: Companhia Nacional de Abastecimento, 1–44.

Conesa, A., and Götz, S. (2008). Blast2GO: a comprehensive suite for functional analysis in plant genomics. Int. J. Plant Genomics 2008:619832. doi: 10.1155/2008/619832

Conrath, U., Beckers, G. J. M., Langenbach, C. J. G., and Jaskiewicz, M. R. (2015). Priming for enhanced defense. Annu. Rev. Phytopathol. 53, 97–119. doi: 10.1146/annurev-phyto-080614-120132

Coppola, V., Coppola, M., Rocco, M., Digilio, M. C., D’Ambrosio, C., Renzone, G., et al. (2013). Transcriptomic and proteomic analysis of a compatible tomato-aphid interaction reveals a predominant salicylic acid-dependent plant response. BMC Genomics 14:515. doi: 10.1186/1471-2164-14-515

Costa, B. H. G., Resende, M. L. V., Ribeiro Júnior, P. M., Mathioni, S. M., Pádua, M. A., and Silva Júnior, M. B. (2014). Suppression of rust and brown eye spot diseases on coffee by phosphites and by-products of coffee and citrus industries. J. Phytopathol. 162, 635–642. doi: 10.1111/jph.12237

Damerval, C., Vienne, D., Zivy, M., and Thiellement, H. (1986). Technical improvements in two-dimensional electrophoresis increase the level of genetic variation detected in wheat-seedling proteins. Electrophoresis 7, 52–54. doi: 10.1002/elps.1150070108

De Nardi, B., Dreos, R., Del Terra, L., Martellossi, C., Asquini, E., Tornincasa, P., et al. (2006). Differential responses of Coffea arabica L. leaves and roots to chemically induced systemic acquired resistance. Genome 49, 1594–1605. doi: 10.1139/g06-125

Deutsch, E. W., Csordas, A., Sun, Z., Jarnuczak, A., Perez-Riverol, Y., Ternent, T., et al. (2017). The proteomexchange consortium in 2017: supporting the cultural change in proteomics public data deposition. Nucleic Acids Res. 54, D1100–D1106. doi: 10.1093/nar/gkw936

Dunwell, J. M., Gibbings, J. G., Mahmood, T., and Saqlan Naqvi, S. M. (2008). Germin and germin-like proteins: evolution. Struct. Funct. Plant Sci. 27, 342–375. doi: 10.1080/07352680802333938

Esquivel, P., and Jiménez, V. M. (2012). Functional properties of coffee and coffee by-products. Food Res. Int. 46, 488–495. doi: 10.1016/j.foodres.2011.05.028

Fernandes, L. H. M., Resende, M. L. V., Pereira, R. B., Costa, B. H. G., Monteiro, A. C. A., and Junior, P. M. R. (2013). Acibenzolar-S-metil in rust and blotch control in field conditions. Coffee Sci. 8, 21–29. doi: 10.25186/cs.v8i1.309

Furtado, L. M., Rodrigues, A. A. C., Araújo, V. S., Silva, L. L. S., and Catarino, A. M. (2010). Utilização de Ecolife§e Acibenzolar–S-metil (ASM) no controle da Antracnose da banana em pós-colheita. Summa Phytopathol. 36, 237–239. doi: 10.1590/S0100-54052010000300009

Giannopolitis, N., and Ries, S. K. (1977). Superoxide dismutase. I. Occurrence in higher plants. Plant Physiol. 59, 309–314. doi: 10.1104/pp.59.2.309

Glazebrook, J. (2005). Contrasting mechanisms of defense against biotrophic and necrotrophic pathogens. Ann. Rev. Phytopathol. 43, 205–227. doi: 10.1146/annurev.phyto.43.040204.135923

Göhre, V. (2015). Immune responses: photosynthetic defense. Nat. Plants 1:15079. doi: 10.1038/nplants.2015.79

Goldberg, T., Hecht, M., Hamp, T., Karl, T., Yachdav, G., Ahmed, N., et al. (2014). LocTree3 prediction of localization. Nuclic Acids Res. 42, 350–355. doi: 10.1093/nar/gku396

Gozzo, F., and Faoro, F. (2013). Systemic acquired resistance (50 years after discovery): moving from the lab to the field. J. Agric. Food Chem. 61, 12473–12491. doi: 10.1021/jf404156x

Grove, H., Jorgensen, B. M., Jessen, F., Sondergaard, I., Jacobsen, S., Hollung, K., et al. (2008). Combination of statistical approaches for analysis of 2-DE data gives complementary results. J. Proteome Res. 7, 5119–5124. doi: 10.1021/pr800424c

Guerra-Guimarães, L., Cardoso, S., Martins, I., Loureiro, A., Bernardes, A. S., Varzea, V., et al. (2009). “Differential induction of superoxide dismutase in Coffea arabica–Hemileia vastatrix interactions,” in Proceedings of the 22th International Conference on Coffee Science (ASIC2008), Campinas.

Guerra-Guimarães, L., Tenente, R., Pinheiro, C., Chaves, I., Silva, M. C., Cardoso, F. M. H., et al. (2015). Proteomic analysis of apoplastic fluid of Coffea arabica leaves highlights novel biomarkers for resistance against Hemileia vastatrix. Front. Plant Sci. 6:478. doi: 10.3389/fpls.2015.00478

Guerra-Guimarães, L., Vieira, A., Chaves, I., Pinheiro, C., Queiroz, V., Renaut, J., et al. (2014). Effect of greenhouse conditions on the leaf apoplastic proteome of Coffea arabica plants. J. Proteomics 104, 128–139. doi: 10.1016/j.jprot.2014.03.024

Guzzo, S. D., Harakava, R., and Tsai, S. M. (2009). Identification of coffee genes expressed during systemic acquired resistance and incompatible interaction with Hemileia vastatrix. J. Phytopathol. 157, 625–638. doi: 10.1111/j.1439-0434.2008.01538.x

Heide, H., Kalisz, H. M., and Follmann, H. (2004). The oxygen evolving enhancer protein 1 (OEE) of photosystem II in green algae exhibits thioredoxin activity. J. Plant Physiol. 161, 139–149. doi: 10.1078/0176-1617-01033

Henry, E., Fung, N., Liu, J., Drakakaki, G., and Coaker, G. (2015). Beyond glycolysis: GAPDHs are multi-functional enzymes involved in regulation of ROS, autophagy, and plant immune responses. PLoS Genet. 11:e1005199. doi: 10.1371/journal.pgen.1005199

Hoffmann, J. (2014). The World Atlas of Coffee: From Beans to Brewing – Coffees Explored, Explained and Enjoyed. London: Octopus Publishing Group.

ICO (2020). World Coffee Production. Available online at: http://www.ico.org (accessed January 30, 2020).

Iriti, M., and Faoro, F. (2003). Benzothiadiazole (BTH) Induces Cell-Death Independent Resistance in Phaseolus vulgaris against Uromyces appendiculatus. J. Phytopathol. 151, 171–180. doi: 10.1046/j.1439-0434.2003.00700.x

Jackson, T. J., Burgess, T., Colquhoun, I., and Hardy, G. E. S. (2000). Action of the fungicide phosphite on Eucalyptus marginata inoculated with Phytophthora cinnamomi. Plant Pathol. 49, 147–154. doi: 10.1046/j.1365-3059.2000.00422.x

Ji, X., Gai, Y., Zheng, C., and Mu, Z. (2009). Comparative proteomic analysis provides new insights into mulberry dwarf responses in mulberry (Morus alba L.). Proteomics 9, 5328–5339. doi: 10.1002/pmic.200900012

Kar, M., and Mishra, D. (1976). Catalase, peroxidase, and polyphenolase activities during rice leaf senescence. Plant Physiol. 57, 315–319. doi: 10.1104/pp.57.2.315

Kato, Y., Miura, E., Ido, K., Ifuku, K., and Sakamoto, W. (2009). The variegated mutants lacking chloroplastic FtsHs are defective in D1 degradation and accumulate reactive oxygen species. Plant Physiol. 151, 1790–1801. doi: 10.1104/pp.109.146589

Kumar, D., and Kirti, P. B. (2015). Transcriptomic and proteomic analyses of resistant host responses in Arachis diogoi challenged with late leaf spot pathogen, Phaeoisariopsis personata. PLoS One 10:e0117559. doi: 10.1371/journal.pone.0117559

Läderach, P., Ramirez-Villegas, J., Navarro-Racines, C., Zelaya, C., Martinez-Valle, A., and Jarvis, A. (2017). Climate change adaptation of coffee production in space and time. Clim. Change 141, 47–62. doi: 10.1007/s10584-016-1788-9

Lefebvre, S., Lawson, T., Zakhleniuk, O. V., Lloyd, J. C., and Raines, C. A. (2005). Increased sedoheptulose-1,7-bisphosphatase activity in transgenic tobacco plants stimulates photosynthesis and growth from an early stage in development. Plant Physiol. 138, 451–460. doi: 10.1104/pp.104.055046

Leitão, S., Guerra-Guimarães, L., Bronze, M. R., Vilas-Boas, L., Sá, M., Almeida, M. H., et al. (2011). “Chlorogenic acid content in coffee leaves: possible role in coffee leaf rust resistance,” in Proceedings of the 24th International Conference on Coffee Science (ASIC2010), Bali.

Lemaître-Guillier, C., Hovasse, A., Schaeffer-Reiss, C., Recorbet, G., Poinssot, B., Trouvelot, S., et al. (2017). Proteomics towards the understanding of elicitor induced resistance of grapevine against downy mildew. J. Proteomics 156, 113–125. doi: 10.1016/j.jprot.2017.01.016

Lim, S., Borza, T., Peters, R. D., Coffin, R. H., Al-Mughrabi, K. I., Pinto, D. M., et al. (2013). Proteomics analysis suggests broad functional changes in potato leaves triggered by phosphites and a complex indirect mode of action against Phytophthora infestans. J. Proteomics 93, 207–223. doi: 10.1016/j.jprot.2013.03.010

Lohse, M., Nagel, A., Herter, T., May, P., Schroda, M., Zrenner, R., et al. (2014). Mercator: a fast and simple web server for genome scale functional annotation of plant sequence data. Plant Cell Environ. 37, 1250–1258. doi: 10.1111/pce.12231

Maimbo, M., Ohnishi, K., Hikichi, Y., Yoshioka, H., and Kiba, A. (2007). Induction of a small heat shock protein and its functional roles in Nicotiana plants in the defense response against Ralstonia solanacearum. Plant Physiol. 145, 1588–1599. doi: 10.1104/pp.107.105353

McGregor, C. E., Miano, D. W., LaBonte, D. R., Hoy, M., Clark, C. A., and Rosa, G. J. M. (2009). Differential gene expression of resistant and susceptible sweetpotato plants after infection with the causal agents of sweet potato virus disease. J. Am. Soc. Hort. Sci. 134, 658–666. doi: 10.21273/JASHS.134.6.658

Medeiros, F. C. L., Resende, M. L. V., Medeiros, F. H. V., Zhang, H. M., and Paré, P. W. (2009). Defense gene expression induced by a coffee-leaf extract formulation in tomato. Physiol. Mol. Plant Pathol. 74, 175–183. doi: 10.1016/j.pmpp.2009.11.004

Moshe, A., Pfannstiel, J., Brotman, Y., Kolot, M., Sobol, I., Henryk, C., et al. (2012). Stress responses to tomato yellow leaf curl virus (TYLCV) infection of resistant and susceptible tomato plants are different. Metabolomics S1:006. doi: 10.4172/2153-0769.S1-006

Murthy, P. S., and Naidu, M. M. (2012). Sustainable management of coffee industry by-products and value addition—A review. Resour. Conservat. Recycl. 66, 45–58. doi: 10.1016/j.resconrec.2012.06.005

Mutuku, J. M., and Nose, A. (2012). Changes in the contents of metabolites and enzyme activities in rice plants responding to Rhizoctonia solani kuhn infection: activation of glycolysis and connection to phenylpropanoid pathway. Plant Cell Physiol. 53, 1017–1032. doi: 10.1093/pcp/pcs047

Nakano, Y., and Asada, K. (1981). Hydrogen peroxide is scavenged by ascorbate-specific peroxidase in spinach chloroplasts. Plant Cell Physiol. 22, 867–880. doi: 10.1093/oxfordjournals.pcp.a076232

Neuhoff, V., Stamm, R., and Eibl, H. (1985). Clear background and highly sensitive protein staining with coomassie blue dyes in polyacrylamide gels – a systematic analysis. Electrophoresis 6, 427–448. doi: 10.1002/elps.1150060905

Nilo-Poyanco, R., Olivares, D., Orellana, A., Hinrichsen, P., and Pinto, M. (2013). Proteomic analysis of grapevine (Vitis vinifera L.) leaf changes induced by transition to autotrophy and exposure to high light irradiance. J. Proteomics 91, 309–330. doi: 10.1016/j.jprot.2013.07.004

Park, C. J., and Seo, Y. S. (2015). Heat shock proteins: a review of the molecular chaperones for plant immunity. Plant Pathol. J. 31, 323–333. doi: 10.5423/PPJ.RW.08.2015.0150

Perez-Riverol, Y., Csordas, A., Bai, J., Bernal-Llinares, M., Hewapathirana, S., Kundu, D. J., et al. (2019). The PRIDE database and related tools and resources in 2019: improving support for quantification data. Nucleic Acids Res. 47, D442–D450. doi: 10.1093/nar/gky1106

Ramagli, L. S. (1999). Quantifying protein in 2-D PAGE solubilization buffers. 2-D proteome analysis protocols. Methods Mol. Biol. 112, 99–103.

Resende, M. L. V., Nojosa, G. B. A., Cavalcanti, L. S., Aguilar, M. A. G., Silva, L. H. C. P., Perez, J. O., et al. (2002). Induction of resistance in cocoa against Crinipellis perniciosa and Verticillium dahliae by acibenzolar-S-methyl (ASM). Plant Pathol. 51, 621–628. doi: 10.1046/j.1365-3059.2002.00754.x

Rietz, S., Bernsdorff, F. E. M., and Cai, D. (2012). Members of the germin-like protein family in Brassica napus are candidates for the initiation of an oxidative burst that impedes pathogenesis of Sclerotinia sclerotiorum. J. Exp. Bot. 63, 5507–5519. doi: 10.1093/jxb/ers203

Rojas, C., Senthil-Kumar, M., and TzinVered, M. K. (2014). Regulation of primary plant metabolism during plant-pathogen interactions and its contribution to plant defense. Front. Plant Sci. 10:17. doi: 10.3389/fpls.2014.00017

Sarkar, N. K., Kundnani, P., and Grover, A. (2013). Functional analysis of Hsp70 superfamily proteins of rice (Oryza sativa). Cell Stress Chaper. 18, 427–437. doi: 10.1007/s12192-012-0395-6

Shaner, G., and Finney, R. F. (1977). The effect of nitrogen fertilization on the expression of slow−mildewing resistance in knox wheat. Phytopathology 67, 1051–1056. doi: 10.1094/Phyto-67-105

Silva, J. A. G., Resende, M. L. V., Monteiro, A. C. A., Pádua, M. A., Guerra-Guimarães, L., Medeiros, F. L., et al. (2019). Resistance inducers applied alone or in association with fungicide for the management of leaf rust and brown eye spot of coffee under field conditions. J. Phytopathol. 167, 430–439. doi: 10.1111/jph.12814

Silva, M. C., Guerra-Guimarães, L., Loureiro, A., and Nicole, M. (2008). Involvement of peroxidases in the hypersensitive reaction of coffee (Coffea arabica) plants to orange rust (Hemileia vastatrix). Physiol. Mol. Plant Pathol. 72, 29–38. doi: 10.1016/j.pmpp.2008.04.004

Silva, M. C., Nicole, M., Guerra-Guimarães, L., and Rodrigues, C. J. Jr. (2002). Hypersensitive cell death and post-haustorial defense responses arrest the orange rust (Hemileia vastatrix) growth in resistant coffee leaves. Physiol. Mol. Plant Pathol. 60, 169–183. doi: 10.1006/pmpp.2002.0389

Silva, M. C., Nicole, M., Rijo, L., Geiger, J. P., and Rodrigues, C. J. Jr. (1999). Cytochemistry of plant-rust fungus interface during the compatible interaction Coffea arabica (cv. Caturra) – Hemileia vastatrix (race III). Int. J. Plant Sci. 160, 79–91. doi: 10.1086/314113

Silva, M. C., Várzea, V., Guerra-Guimarães, L., Azinheira, H. G., Fernandez, D., Petitot, A.-S., et al. (2006). Coffee resistance to the main diseases: leaf rust and coffee berry disease. Brazilian J. Plant Physiol. 18, 119–147. doi: 10.1590/S1677-04202006000100010

Tada, Y., Spoel, S. H., Pajerowska-Mukhtar, K., Mou, Z., Song, J., Wang, C., et al. (2008). Plant immunity requires conformational changes of NPR1 via S-nitrosylation and thioredoxins. Science 321, 952–956. doi: 10.1126/science.1156970

Talhinhas, P., Batista, D., Diniz, I., Vieira, A., Silva, D. N., Loureiro, A., et al. (2017). The coffee leaf rust pathogen Hemileia vastatrix: one and a half centuries around the tropics. Mol. Plant Pathol. 18, 1039–1051. doi: 10.1111/mpp.12512

Tibiletti, T., Hernández-Prieto, M. A., Semeniuk, T. A., and Funk, C. (2016). “Assembly and degradation of pigment-binding proteins,” in Chloroplasts – Current Research and Future Trends, ed. H. Kirchhoff (Norfolk: Caister Academic Press), 25–57.

Urbanek, H., Kuzniak-Gebarowska, E., and Herka, K. (1991). Elicitation of defense responses in bean leaves by Botrytis cinerea polygalacturonase. Acta Physiol. Plant.13, 43–50.

Várzea, V. M. P., and Marques, D. V. (2005). “Population variability of Hemileia vastatrix vs coffee durable resistance,” in Proceedings of Durable Resistance to Coffee Leaf Rust, eds L. Zambolim, E. Zambolim, and V. M. P. Várzea (Viçosa: Universidade Federal de Viçosa).

Velikova, V., Yordanov, I., and Edreva, A. (2000). Oxidative stress and some antioxidant systems in acid rain-treated bean plants: protective role of exogenous polyamines. Plant Sci. 151, 59–66. doi: 10.1016/S0168-9452(99)00197-1

Yin, J., Yi, H., Chen, X., and Wang, J. (2019). Post-translational modifications of proteins have versatile roles in regulating plant immune responses. Int. J. Mol. Sci. 20:2807. doi: 10.3390/ijms20112807

Zambolim, L. (2016). Current status and management of coffee leaf rust in Brazil. Trop. Plant Pathol. 41, 1–8. doi: 10.1007/s40858-016-0065-9

Zucker, M. (1965). Induction of phenylalanine deaminase by light and its relation to chlorogenic acid synthesis in potato tuber tissue. Plant Physiol. 40, 779–784. doi: 10.1104/pp.40.5.779

Conflict of Interest: The formulation “Greenforce CuCa” is patent pending. There is no commercial interest regarding this patent since the purpose of INCT coffee (the intellectual property owner) is to make it freely available to coffee growers.

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Possa, Silva, Resende, Tenente, Pinheiro, Chaves, Planchon, Monteiro, Renaut, Carvalho, Ricardo and Guerra-Guimarães. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




[image: image]


OPS/images/fpls-09-00492/math_7.gif
ToR = 1ot projected plant area o)

‘bounding rectangle area





OPS/images/fpls-09-00492/math_8.gif
PAR plant perimeter ®

total projected plant area





OPS/images/fpls-09-00492/math_9.gif
ToR = (24l projected plant area )

conver hull area





OPS/images/fpls-09-00685/cross.jpg
3,

i





OPS/images/fpls-09-00492/math_3.gif
Nr=R/(R+G+B) (3





OPS/images/fpls-09-00492/math_4.gif
GI(R+G+B)

@





OPS/images/fpls-09-00492/math_5.gif
Mb=B/(R+G+B) (5





OPS/images/fpls-09-00492/math_6.gif
GPAR = Breemess projected plant area o)

total projected plant area





OPS/images/fpls-09-00492/math_1.gif
ExG=2Ng-Nr-Nb (1)





OPS/images/fpls-09-00492/math_2.gif
@)

7
g

ExR





OPS/images/fpls-09-01933/fpls-09-01933-g006.gif





OPS/images/fpls-09-01933/fpls-09-01933-g005.gif





OPS/images/fpls-09-01933/fpls-09-01933-g004.gif





OPS/images/fpls-09-01933/fpls-09-01933-g003.gif
%






OPS/images/fpls-09-01933/fpls-09-01933-g002.gif
——Plntphenotyping = Proteomics.






OPS/images/fpls-09-01933/fpls-09-01933-g001.gif
B l !l






OPS/images/fpls-09-01933/crossmark.jpg
©

2

i

|





OPS/images/fpls-09-01142/fpls-09-01142-t001.jpg
IE deficiency PR length (cm) 1° LRnumber  Total 1° LR length (cm)  Average 1° LR length (cm) 1° LR density (number cm™~" PR)

None (control) 7.23+1.61 18.00 £+ 4.53 18.86 + 4.35 1.09 £ 0.32 2.50 £0.39
B 5.82 +£2.07 3.33+1.51* 3.75 £ 0.94* 1.26 £ 0.49 0.48 £ 0.29*
Ca 5.97 £ 0.80 6.80 + 1.64* 4.60 + 1.52* 0.66 +0.12* 1.17 £ 0.34*
Fe 11.24 £3.61 27.60 + 6.58* 15.68 £ 4.75 0.56 + 0.08* 2.57 £0.54
N 12.40 +3.01* 24,00 +8.74 41.38 + 12.27* 1.93 £ 0.86 2.16£1.24
P 11.38 + 2.67* 18.80 + 4.27 32.81 + 4.44* 1.77£0.27 1.71 £ 0.48*
K 13.81 £ 4.11* 17.17 £2.86 27.18 + 3.63* 1.62 £+ 0.36* 1.33 £ 0.39*
E deficiency

None (control) 6.49 +1.97 16.80 +£2.28 20.69 + 7.79 1.24 £0.42 2.83+1.06
B 5.23+0.98 1417 £1.17 14.47 £5.52 1.01£033 279 +0.58
Ca 2.01 £0.28* 15.50 + 2.59 5.52 £ 1.92* 0.35 +0.10* 7.88£1.77*
Fe 6.24 £ 0.38 26.33 + 2.94* 21.77 £ 7.00 0.87 £ 0.27 4.06 + 0.38*
N 17.38 + 6.58* 32.40 + 4.72* 71.00 £ 9.96* 221 £0.30* 2.04£0.73
P 8.65 + 4.01 26.60 + 6.58* 44.79 £2.71* 1.76 £0.37* 3.39+1.29
K 8.60 + 3.04 31.20 + 3.19* 43.81 + 6.58° 1.41+£0.28 3.83+3.83

Values are means from five to six replicates + SD. Asterisks mark significant differences to control conditions (t-test, *P < 0.05). (PR, primary root; LR, lateral root; 1°,
first order). The experiment has been repeated independently with similar results.
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Agronomical NUE (g grain g N~1) N partial factor productivity (g grain g N~1)

Meseta Jallon Smooth P Meseta Jallon Smooth P
N130a 20.12 13.89 2238 0.057 46.93a 46692 57.06 b 0.017
N130b 21,69 19.13 2091 0.857 4851 5194 65,58 0.376
N150a 18.09 1667 1765 0946 4134 4510 47.69 0.402
N150b 1775 20.44 20.05 0381 40.99a 48.87b 50.10b 0.006
N150c 20.89 21.11 23.00 0.855 4443 49.54 53.05 0.471
N170a 17.84 1197 1824 0,053 38.35a 37.06a 44.75b 0.028
N170b 18.90 1550 16.80 0479 39.41 4058 4331 0.381
N170c 1951 17.96 19.43 0.420 4001a 4304 ab 45.94b 0.009
N170d 1728 1861 23.45 0.128 37.78a 4369 ab 49.96b 0.011

NO is used for reference in the calculation of each and as such is not shown. Treatments in bold indicates P < 0.05.
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Genotype N supply

Trait Meseta  Jallon  Smooth NO N130a N130b N150a N150b. N150c N170a N170b Ni70c N170d

VEGETATION INDICES FROM GROUND

NDVI 067a o71b 073b 050a 070b 072bo 07tbe  075cd 071be 078be 0.72bc 077d 0.72bc
SPAD 443b 411a 436b 3B.1a 458b 44.1b 45.1b 38.2a 452b 47.0b 448b 38.9a 4450
Intensity 033b  03t1a  0810a 0327 0326 0316 0318 0312 0817 0319 0315 0313 0319
Hue 86.6a 916b Bac 71.4a %6b 97b Wb %23b %3b %40b B9b B9b %.1b
Saturation 0257a 03¢  020b  0385c 0256a 0287ab  0263a  0325b  0281ab 0263a 0283ab  0817b 0250a
Lightness 44.0¢ 432b 423a 440 436 431 426 33 430 428 429 36 27
a* -195¢  -234a  -221b  -167d  -215bc  -226abc  -209c  -209ab  -220abe  -2183c  -223abc  -243a -210¢
b* 27.3a 3150 200b 389¢ 275a 20.2ab 27.3a 31.6bo 28.7ab 275a 288ab 31.4bo 2%7a
o -139b  -177a  -167a  -85d  —f64abc  —-178abc  -166c  —183ab —167abc  —161bc  -17.0abc  -189a  —160bc
v %20a %59¢ 333b %68¢ %25a 339 abo 31.7a 36.1 be 333ab 32.2a 3334b 36.1 be 314a
GA 0916a 0.965b 0.966 b 0.737a 0.966 b 0.970b 0.959 b 0.985b 0.968 b 0.968 b 0974b 0.996 b 0970 b
GGA 0760a  0838b  0854b  0398a 0854b 0853b 0835b  0870bc  0854b 0858bc  0865bc  0915c  0873be
cst 180b 12.4a 189a 4640 116ab 117 ab 8.1 117ab 11.9ab 115ab 112ab 81a 10.22b
VEGETATION INDICES FROM AERIAL IMAGES

NDVI 0912a  0928b  0927b  0788a 0915b  0940bed  0917bc  0957cd  0945bed  0927bed  0927bed  0962d  0.944 bed
Intensity 0255b  019a  0818c  0285b  0250ab  0270ab  0249ab  0264ab 0218a 0287ab  0265ab  0281ab  0224ab
Hue 91.4a 83a 9%87b 87 8.7 91.0 9.9 %2 o7.8 97.0 889 950 889
Saturation 0263b  0378c  0185a  0245a 0271a 0277ab  0277ab  0277ab  0335b 0290 0.238a 0238a  0297ab
Lightness 325b 26.2a 38.6¢c 353 323 341 323 34.0 28.1 30.8 33.7 353 285
a -143b -140b -153a -11.9¢ -125¢ —14.4ab —159a —16.0a -159a —15.6a -152a -15.0a —128bc
b* 214a 276b 203a 216a 207a 22.1ab 21ab  226ab 207b 244ab 21.0a 218a 259ab
o -85b  -77b  -104a  -57b —67ab —85ab -108a  -103a -102a -100a ~100a -96a ~73ab
v 28ab  210a 238b 233 216 236 234 243 207 22 229 25 198
GA 0943 0.944 0.964 0874 0938 0948 0.961 0962 0977 0985 0948 0955 0956
GGA 0807 0795 0861 0646 0715 0796 0801 0846 0864 0865 0865 0870 0941
csl 165 17.0 123 45 96 1.1 1.4 1.9 121 183 178 26.1 31.7
PRI -0107  -0430 0105  0.128b  -0129a  -0168a  -O.117a  -0203a  -O16la  -0046a  -0069a  -0201a  -0.i74a
SAVI 1.36a 1.38b 1.38b 1.17a 136b 1.40 be 137b 1.43¢ 1.41bc 1.38bc 1.38 be 1.44c 1.41bc
MCARI 27.4 %24 23 28 250 275 22 33 269 281 244 360 2086
el 0943a  0975b  0%1c  0899a 0970bc  0979bc  0974bc  0981bc  0983be 0.965b 0981bc  0986c  0978bc
ROVI 7.9 871b 866b 644a 817b 863bo 823b 9.17cd 851b 847b 862bc 966d 862bc
Evi 502 429 463 984b 491a 367a 480 331a 352a 4.78a 481a 328a 368a
ARI2 ~1.40 -170 —157 -009b ~177a -158a -148a  -163a -162a ~167a —237a -2.12a ~124a
CRI2 -0019  -0020  -0018  -000tb  -0028a  -0019a  -00i9a  -0018a  -002la  -002fa  -0020a  -002a  -0016a
TCARI 228a 248b  233ab 373b 228a 205a 22a 228a 206a 238a 2252 223a 204a
osAvI 0980a  0975b  0971b  0642a 0940b 1004be  0940a 1044c 1015bc  0967bc  0.965bc 1057c  1013bc
TCARI / OSAVI 26.1 270 22 600b 24.4a 205a 247a 218a 208a 246a 235a 21.1a 202a
Tor (°C) 173 173 179 202b 189ab 1632 185ab 157a 1652 18.4.2b 185ab 156a 1632
Tatt (°C) "7 16 123 153b 119ab 116a 11.9ab 108a 11.1a 114a 11.8ab f11a 11.8ab

Letters are added for each value when differences for genotype and/or N supply are significant at P < 0.05.
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References N Pre-sowing  January  February  April

supply (emergence)  (tillering)  (booting)
NO o= 0o + o0 + 0 4+ 0
N130a 8 = 0+ 65 + 0 + 6
N130b 180 = 40+ 50 4+ 0 4 40
N150a O = 0+ 65 4+ 0 4+ 8
N150b 150 = 4  + O + 10 4+ 0
N150c 160 = 40+ 50+ 0 4 60
N170a 70 = 0 4+ 6 4+ 0 4 105
N170b 70 = 0 4+ 8 4+ 0 4+ 8
N170c 170 = 40 e o + 130 + o
N170d 70 = 40 4+ 50+ 0 + 8

Values are expressed in kg ha-
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Crop types Curvature types

Heading Chinese cabbage Flat

Downward cuving leaves
Serrated blades

Wavy margins

Upward curving leaves

Non-heading Chiness cabbage Flat
Downward curving leaves
Inward curving petioles
Serrated blades,

wavy margins

upward cunving leaves.

Turnip Downward curving leaves

Phenotypes

Flat leaves

Flat leaves, shrunk

Leaves downward curving in longttudinal direction

Serrated blades, blades downward cunving in longitudinal direction

Serrated blades, blades upward cunving in transverse and
longitudinal directions

Sermated blades, blades upward curving in transverse direction
and downward curving in longitudinal directions

Wavy margins, blades upward cunving in transverse direction and
downward curved in longitudinal direction

Wavy margins, blades upward curving
longitudinal directions

Leaves upward curving in transverse and longitudinal directions

Leaves upward curving in transverse and downward curving in
longitudinal directions, wavy margins

transverse and

Flat blades
Flat blades, deeply serrated

Leaves downward cuving

Petioles inward cunving

Blades upwardly curving in transverse and longitudinal directions
Wavy margins

Wavy margins, bulged

Blades upward curving in transverse and longitudinal directions,
buiged

Blades upward curving in transverse and longtudinal directions,
buiged, wavy margins

Blades downward curving, lobed

The 14th leaves of all genotypes were observed and classified according to the direction, degree, and position of leaf curvature.

Genotypes

-1
-4
-8, 1p-5, 109
m3
6

8
0-3,rp-5, 1p-9
16,108

1p-2, 1p-6, rp-7, 1p-8
1p-3, 105, -9

re-1
-6
re-3, re-4.
re-2, 16
ro-4
re-4
re-5
re-2

o5
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miRNA microarray analysis shows the relative accumulation of miRNAS among §
genotypes. The symbol ~ indicates the reference. The symbols 1 and | indicate
upregulation and downregulation, respectively, of more than 1.5-fold compared with the
reference. The symbols — and « Indicate an increase and a decrease, respectivel, of
less than 1.5-fold.
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miRNAS No. of accessions Upregulation r

Downward Wavy margin No. of accessions (>1.5-fold) %
miR166 31 ~ 2 84 076"
miR31%a ~ 18 16 89 069"

q-PGR of miRNA expression was performed with three biological replcates. miR166 expression was nomalized to that of 1p-9 and miR319a expression to that of 1o-2. The symbol
~ indicates no data are available. r indicates the correlation coeficient between miR166 expression () and curvature indices (¥) of the genotypes with downward curving leaves or
between miR319a expression (X) and wave height (¥) of the genotypes with wavy margins. *Indicates significant difference.
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Linkage group Markers. Unique position Distance (cM) Average density Larger gap

DAFT SNP Others Total

Lal 1,238 552 2 1,792 163 307.408 1886 7.143
el 1,488 570 5 2,083 181 349.478 1961 8.451

LGl 1,301 489 16 1,806 152 281.021 1849 6849
LV 1218 542 4 1,764 121 219543 1814 6757
Lav 1,159 453 4 1616 139 265575 1911 13.043
Levi 946 398 3 1,347 107 223273 2.087 8824

Levil 1,188 a79 3 1,670 131 231154 1.764 7.246

Total 8,538 3,483 a7 12,088 904 1,877.452 1.89 8330
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Proteins revealing differential abundance under stress identified in the given organellar proteome

Cell wall (Extracellular matri):

Cell signaling: receptor-like kinase CHRK1, protein kinase 2; inositol phosphatase; 14-3-3; GF14-b, GF1d-c (Pandey et al,, 2010);

Carbohydrate metabolism:FBP ALDO; PRK, transaldolase, transketolase (Panciey et al., 2010),

Defense: GLP, LOX (Komatsu et al., 2010); chitinase, mannose lectin (Bhushan et al., 2007);

Metabolism: NDPK (Bhushan et al., 2007; Pandey et al., 2010)

Protein folding: chaperones: DnaK-type chaperone; HSP70, HSP90, CPN6O-1; dnak Hsc70; PPI (Pandey et al., 2010);

Protein degradation: 20S proteasome a subunit; oligopeptidase Arlike (Pandey et al., 2010)

Redox metabolism: peroxidases (inking of monolignais); APX, Trx m, glyoxalase | (Bhushan et l., 2007); Cu/Zn-SOD; glyoxalase |, 2-Cys Prx, Toxm, trx h, MDAR
(Pandey et al,, 2010);

Cell wall modification: ignin biosynthesis (SAMS; COMT, CCOMT) (Zhu et al., 2007); cel wall polysaccharide metabolism (cellulose synthase, glucan
endo-1,3--D-glucosidase (Bhushan et al., 2007); expansin, XET (Zhu et al,, 2007); GRPs (Bhushan ot al., 2007); ADK, AdoHcyase, SAM 2-demethyimenaquinone
methyltransferase; 5-methyltetrapteroyltriglutamate-homocysteine methyltransferase (Pandey et al., 2010)

Secondary metabolism: chalcone isomerase (Pandey et al., 2010)

Plasma membrane:

Signaling: calnexin, phototropin (Hynek et al., 2009)
Chaperones: Hsc-70 (Hiiner et al., 2012)

lon transport: H*-ATPase, H*-PPi-ase (Hynek et al., 2009; Komatsu et al., 2009)

Nucleus
Signal transduction: 14-3-3, receptor-ike protein kinase RLPK (Bae et al., 2003), calnexin, calreticulin, calmodulin (Subba et al., 2013); Ser-Thr kinase, His kinase,
receptor-ike protein, Tyr phosphatase (Bae et al,, 2003)

Gene expression:

Transcription factors: AIMYB2, MYB34, bZIP TF OBF4, bHLH TF MYG (Subba et al., 2013); AP2/EREBP, homeobox leucine zipper TF (Bae et al., 2003)

DNA- and RNA-associated proteins: U2 sn ribonucleoprotein A, helicase C in DEAD/DEAH box, CHP-rich Zn-finger protein (Subba et al., 2013); tRNA binding:
glyceraldehyde-3-phosphate dehydrogenase (Pandey et al., 2008); DNA binding: aldolase (Pandey et al., 2008)

Chromatin remodeling:

Histone isoforms (H2A, H2B), alterations in H1, H3 - genotypic differences (Janské et al,, 2011; Yin and Komatsu, 2015); HDAC (Bae et al., 2003)

Cytosine methyltransferase (tolerant variety - Janska et al., 2011); DNA cytosine methyltransferase Zmet3 (Komatsu et al., 2010)

Transeript processing:

Spliceosome components (snRNP)

Ribosorne biogenesis: U3 snoRNP (pre-608) (¥in and Kormatsu, 2015)

Ribosomal proteins: 60S aciiic ribosomal proteins PO, P2-A, P2-B, L12 (Subba et al., 2013)

Protein degradation: 20S proteasome a (Subba et al., 2013)

RNA processing: GRP1, GRP2 (Bae et ., 2003)

Stress-related:

chaperones (HSP70, HSP90), co-chaperones Dna K type Hse70-1, Dna J, Grp E; HSF8 (Subba et al, 2013); dehydrin homolog Wos66 (Bae et al., 2003)

ROS scavenging: APX, GPX, SOD; 2-Cys Prx (Bae et al., 2003; Janské et al., 2011; tolerant variety);

Transport: RanBP (Pandey et al., 2008)

Mitochondiia:

Krebs cycle enzymes (MDH, aconitase) (Cameio et al., 2013; Jacoby et al,, 2013)

Respiratory chain: AOX, cytochrome bé-f complex, ferredoxin-NADPH reductase, F1FO-ATP synthase, p (VHA-B);

flooding: 1Krebs cycle enzymes, NADH-ubiquinone oxidoreductase; §protein components of complexes I, IV, V of ETC, eyt ¢ (Komatsu et al, 2012)

ATP metabolism: NDPK (Camejo et al., 2013)

Translation: EF-Tu (Komatsu et al,, 2012)

Chaperones: GroES, HSP90 (Jacaby et al, 2010)

Redox homeostasis: Tx, Prx - Prxl F SNO (Komatsu et al., 2011)

ROS scavenging: Mn-SOD (Carmejo et al., 2013; Jacoby et al., 2013)

lon transport: porin, VDAG, Tim, Tom20 (Komatsu et al., 2012)

Chioroplasts:

Signaling: PAP (Tamburino et al,, 2017)

Photosynthesis electron transport: OEC (OEE-1, OEE-2) (Taylor et al,, 2005)

F1FO ATP synthase CF1a,py,, (Goulas et al., 2006)

Carbon assimilation (RubisCO LSU and SSU, carbonic anhydrase, RubisCO activase (RCA) isoforms (Goulas et al., 2006); RubisCO SNO (Abat and Deswal, 2009)
Calvin cycle: PGK, PRK (Goulas et al., 2006)

Redox metabolism: 2Cys-Prx A,B; Trx m, glyoxalase | (Goulas et al, 2006)

Thylakoid lipid metabolism: MGDG synthase (Z3b et al,, 2009)

Amino acid metabolism: aspartate aminotransferase, SHMT-lke (Goulas et al., 2006)

Chiorophyl biosynthesis: protoporphyrinogen IX oxidase (Z6rb et al., 2009)

Hormone metabolism: AOC2; quinone oxidoreductase (Goulas et al., 2006)

Structural proteins: florilins (Taylor et al., 2005; Goulas et al., 2006; Urban et al., 2017)

Tonopla
Glucose metabolism: ALDO, ENO (Barkla et al, 2009)

on transport: V-ATPase (Barkia et al., 2009)

Endoplasmic reticulum:

Protein biosynthesis: ribosomal proteins (60 ribosomal protein L13-2, L18a, L24, L35; translation initation and elongation factors - elFs and eEFs Koratsu et al., 2012
Protein folding and PTMs: luminal-binding protein 5, arabinogalactan protein 2, methyltransferase PMT2 (Koratsu et al., 2012)

Fatty acid biosynthesis: 3-ketoacyl-CoA reductase 1 (Komatsu et al,, 2012)

Redox metabolism and stress-related proteins: GPX, LOX L-3, POX3, osmotin-like, stress-induced protein SAM22 (Komatsu et al, 2012)

4-

3, Ser/Thr protein kinase (Hiiner et al., 2012)

More details on proteomic experiments focused on subcellular proteomics under stress treatments are provided in Supplementary Table STB.
ADK, adenosine kinase; Adotcyase, S-adenosyl-L-homocysteine hydrolase; ALDO, aldolase; AOC2, allene oxide cyclase 2; AOX, altemative oxidase; CCOMT, CCOMT-caffeoyl-
coenzyme A O-methyitranserase; COMT, caffeic acid O-methyltransferase; CPN6O, chaperonin 60 kDa; ENO, enolase; FBP ALDO, fructose bis-phosphate aldolase; GLP, germin-lie;
GPX, glutathione peroxidase; GRF. glycine-rich protein; HDAC, histone deacetylase; HSF, heat-shock factor; HSP. heat-shock protein; LOX, ipoxygenase; MDH, malate dehyarogenase;
MGDG, monogalactosyl diacylghycerol; NDPK, nucleoside diphosphate kinase; PAR, polyphosphate-AMP phosphotransferase; POX, peroxidase; PP, peptidyl-prolyl cis-trans isomerase;
PRK, phosphoribulokinase; Prx, peroxiredoxin; SAM22, starvation-associated message 22 (orotein); SAMS, S-adenosylmethionine synthase; SHMT, serine hydroxymethyltransferase;
SOD, superoxide dismutase; Tim, mitochonaial inner membrane translocase; Trx, thioredoxin; Tom, mitochondial outer membrane translocase; VDAC, voltage-dependent anion
channel: XET, xylulose endo-transglycosylase.
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Protein category

Stress and defense (protective proteins):
Chaperones: SHSPs (Majoul et ., 2004); HSG-70 (Pang et al,, 2010); HSP9O (Manaa et al., 2011)

COR/LEA: LEA-Il dehydrins (Vitamvés et al., 2010; BeneSova et al., 2012; Kosova et al., 2013c), LEA-HIl (Yang et al., 2013a); COR410 (Ford et al., 2011)
Stress-responsive proteins: TSI-1 (Manaa et al, 2011); USP (ViarSéiova et al, 2016)

Pathogenesis-related proteins: PR10 (Sugimoto and Takeda, 20( flanaa et al., 2011; Guo et al., 2012); PR17 (Witzel et al., 2014)

ROS scavenging: Mn-SOD (Xu et al,, 2013); GS (Rasouinia ot al, 2011); APX, GPX, SOD (Jansk et al, 2011); 2-Oys Prx (Vincent ot al,, 2007); Tex h (Manaa ot al,
2011); LOX (Mostek et al., 2015)

Detoxification enzymes: lactoylglutathione lyase (Witzel et al., 2009), cyanate hydratase (Askari et al,, 2006); GST (Pang et al., 2010; Rasoulnia et al, 2011; Vitamvés
etal, 2012)

Energy metabolism

Glycolysis: FBP ALDO, TPI (Rasoulnia et al, 2011)

Photosynthesis

Antenna complexes: LHCB3 (Pandey et al., 2010); chl /b binding apoprotein CP24 (Peng et al., 2009)

Photosynthetic electron transport chain: OEC (OEE proteins OEE1, OEE2 (Taylor et al., 2005; Marsélové et al, 2016; Urban et al., 2017)
ATP synthesis: ATP synthase CF1 p (Witzel et al., 2014)

Carbon assimiation: RubisCO LSU and SSU, Calvin cycle enzymes PRK (Xu et al,, 2013; Cheng et al, 2016)

RubisCO associated proteins: RubisCO activase; carboric anhydrase (CA)

Chaperonins GPN6O,B (Guo et al, 2012; Urban et al, 2017)

Mitochondrial respiration: ATP-synthase CF1 (Witzel et al., 2014); AOX (Camejo et al., 201)

Krebs cycle enzymes: mtMDH (Vitamvés et al, 2012; Xu et al, 2013); aconitase (Jacoby et al,, 2013)

YCA (Urban et al., 2017)

Gene expression Transcription factors: NACa: (Marsélova et al., 2016); MYB-ike (Wendelboe-Nelson and Morrs, 2012); bHLH (Vincent et al., 2007)
Protein metabolism

Protein biosynthesis: elF3A - higher in T than S (Pang et al., 2010; BeneSova et al., 2012)

Ribosomal proteins: 60S ribosomal protein P2 (Marsalova et al, 2016)

Protein degradation: 268 protease 6A (VarSdlova et al., 2016)

S-adenosylmethionine (SAM) metabolism: SAMS (Faghari et al., 2015)

Hormone metaboism:

DWARFS (GA biosynthesis) (Wang et al., 2008)

AOC, LOX2 (JA biosynthesis) (Pang et al., 2010)

Signaling: 14-3-3, G proteins (Alvarez et al., 2014; Faghani et al., 2015); small G-protein Rab2 (Wendelboe-Nelson and Morris, 2012)
Regulatory proteins

GLP3, GLPSa, GLP12 (Witzel et al., 2014)

SGRP (Janski et al., 2011; Kosové et al,, 2013)

PPR (Vincent et al, 2007)

Cell division/death and development

Cell division-related proteins: eIFSA isoforms (elF5AT vs. elF5A2; Marsélova et al., 2016); fisH protease (Pang et al., 2010)
PCD-related proteins: TGTP (Mostek et al,, 2015; MarSalova ot al., 2016)

Development-related proteins: lectin VER2 (Rinalducci et al., 201 fa,b; Kosova et al, 2013d)

Structural proteins:

Storage proteins: Legurmin-like (Vitamvés et al., 2012)

Membrane transport: annexin (Mostek et al., 2015); porin (Alvarez et al., 2014), V-ATPase (Mostek et al., 2015)

Cell wall modification: p-expansin (Alvarez et al., 2014); CCOMT (Sugimoto and Takeda, 2009); COMT (Riccardi et al., 2004; Vincent et al., 2005)

AOC, allene oxide cyclase; APX, ascorbate peroxidase; CCOMT, caffeoy-coenzyme A O-methyltransferase; COMT, caffeic acid O-methylransferass; FEP ALDO, fructose-1,6-
bisphosphate aldolase; GLP, germin-lke protein; GPX, glutathione peroxidase; GS, glutamine synthase; GST, glutathione-S-transferase; HSP heat-shock protein; LOX, lipoxygenase;
PPR, pseudoresponse regulator; PR, pathogenesis-related (protein); PRK, phosphoribulokinase; SGRR, small glycine-rich protein; SAMS, S-adenosylmethionine synthase; SOD,
superoxide dismutase; TCTP, transiationally-controlled tumor protein; TP, triose phosphate isomerase; Tr, thioredoxin; TSI-1, tomato stress-induced protein 1; USP, universal stress
protein.
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Source of Main offects Interactions
variation

Cultivar Microsymbiont Pathogen Cultivar x Cultivar x Microsymbiont x Cultivar x
Microsymbiont Pathogen Pathogen Microsymbiont x Pathogen
A B c AxB Axc BxC AxBxC
Mean F-Ratio  Mean F-Ratio  Mean -Ratio  Mean Mean F-Ratio  Mean -Ratio  Mean Ratio
Square. Square Square Square. Square. Square. Square
Seed number  12.04 009 2204 017 456504 3489™* 038 007 14504 111 222,04 170 38004 252
(per plant
Seed number 017 523" 008 265 003 089 000 006 000 012 0ot 0a1 0ot 037
{per pod)
Soed (FW)per  0.00 082 004 3067 000 117 000 113 000 027 000 013 0.00 29
se0d (g)
Seed (DW) per  0.00 763 001 1924 0.00 [ 0.00 089 000 147 000 201 0.00 009
seed (9)
Seed (W)per 13526 832 17942 1096 35685 2179t 47.8 288 1698 104 920 056 020 001
plant @)
Soed (DW) per  9.29 156 4403 7.38" 12858 215470 27.60 463" 092 015 569 095 022 004
plant 9)
TSW-FW(@ 104521 082 3895870 G067 149132 147 1437.02 143 3798 027 164.59 013 38874 290
TSWOW(G 302416 763 TEMI 1924t MsS2 087 3320 089 58152 147 79477 201 3584 009
Seedyield ko) 162 832 213 1096 424 2179 056 288 020 1.04 o1t 056 0.00 001
Vigorindex 056 370 016 107 172 1138 001 009 001 004 014 088 0.00 000
Non-soaker (%) 0.19 855 004 164 003 115 000 010 001 039 000 016 000 007
Hydration 211 023 228 013 563 032 542 030 169 009 229 013 196 o011
caeficiont (%)
Flowernumber 182876 3200 66676 1170 198926 34917 11051 194 6501 114 42084 7.38 23126 406
Pod number 002 637 000 013 000 014 000 001 000 154 000 004 000 01
per noce
Pod number 2.0 014 004 000 28704 1963 504 034 1838 126 365,04 240 4004 274
per plant
Podsize fom) 118 2824 042 1010 041 e76 003 070 000 011 002 058 0.00 o1
Pod weight @ 0.17 273 031 sor 122 975" 000 007 003 051 007 114 007 107
Rhizobum 0,00 112,50 000 4050+ 000 050
density fiom
Nodues
Nodule number 0,01 5340 001 261 000 004
Nodule weight 0,00 210 oot an 000 026

W, fresh weight; DW, dry weight; TSW, seed weight. Asterisks i effects ( t: *p < 0.05, **p < 0.01 and ***p < 0.001) of factors and their interactions on variabies.





OPS/images/fpls-09-00073/crossmark.jpg
©

2

i

|





OPS/images/fpls-08-01961/fpls-08-01961-i001.jpg
Weightof -soaked seed:
Non-soakers index (%) = ~— o o non-soaked seeds -

Initial weight of seeds





OPS/images/fpls-10-00949/fpls-10-00949-g004.jpg
> aoes 9a8ePgde
JoSeEocoare a2y
SeoeRazaces ;

Z =) /

< wmwa €288

80 e Rauatato ¢
\@305, eLeR020 9o
ga8ac20y Pa88e
e

5 ) N S Wy 4

=0 \@ww%“m“w\ R

Gagloescl

rn
- T -
- -
-
™~





OPS/images/fpls-10-00949/fpls-10-00949-g003.jpg
D-19

Row No

11

10

19

13 14 15 16 117 18 19

12

13 14 15

12

10

17 18 19

16

11 12 115 14 15 16 17 18 19

10

12

10

= 14 15 16 17 18 19

12

11 2 13 14 15 16

10

17 18 19

16

13 14 15 16 117 18 19

12

10

10

12

11

10

11

lllll

14 15 16

13

15 16

14

18 19

17

2





OPS/images/fpls-10-00949/fpls-10-00949-g002.jpg
111111





OPS/images/fpls-10-00949/fpls-10-00949-g001.jpg





OPS/images/fpls-10-00949/fpls-10-00949-e002.jpg
SPE = (X/5)%.(x/%,)*

(2)





OPS/images/fpls-10-00949/fpls-10-00949-e001.jpg
PPE = (x/%,)%.(x/s)*

(1)





OPS/images/fpls-10-00949/fpls-10-00949-g008.jpg
Frequency

2013

Treat1 Treat2 Treat3

40

30 1

201

T
I
I
I

- e - . e - -

T
1
1
1
1
1
1
1
1
1

b b |

Q QQ Q Q Q 0@
S QQ Q @QQ
6@‘9 N

Pod Yield (g/plant)

Treat1 I | Treat2 | [ Treat3
401 | ; .
1 1 I
1 1 |
1 1 |
30. I 1 I
1 1 ]
1 1 |
1 1 |
20- ' ‘I
0 - :
Q Q Q
Q Q Q
RS é& §9 ,@ S §>
Fodder Biomass (g/plant)
Treat1 | I | | Treat3
40+ |
]
I
]
30 - |

] 1 ]
T

\QQ RS Q (OQ \QQ ,\(:,Q Q (OQ
Root Biomass (g/plant)

B

- Treat1 . Treat2 . Treat3

2014 2015
Treat1 I | Treat2 I I Treat3 ‘ Treat1 I I Treat2
401 i ' 40- :
I 1 I
I | I
I 1 1
30 1 | | 30 1 |
I 1 1
I 1 I
201 | : 20+ :
1 |
I
10- 10- :
1
0 ] L) L) l L} L} L) L) L) L) L) L} Ll L) 0 1 L} L) l A L) A ll L) L
Q Q Q O O S N O Q O Q Q N O N
RO 49,§p & & & 8 R §§5 .§9 S é§P
Pod Yield (g/plant) Pod Yield (g/plant)
F
Treat1 I | Treat2 I I Treat3 l Treat1 I l Treat2 |
1 1 1 40 4! L
40+ : :
1
I
30+ ;
I
I
20 '
10
L) IU L) L) L] L) l' L) Ll L) Ll ll L) L L] 0 i L) L) 1 L) L L) L) L) ll L] L) L) L)
Q 9 O 0O O O H ©H O O O P OO & O H O O N O
S §95§S§9 SESS Qp§§ﬂ§>ép RO R R $§ﬁ§9 & S é§P
Fodder Biomass (g/plant) Fodder Biomass (g/plant)
|
Treat1 I | Treat2 | I Treat3 I Treat1 | l Treat2 |
' ! : 40- : :
40 - : 1 1
| I 1
1 |
. 30- . :
301 1 ! 1
| |
I 1
20; : :
I
nll
O T 1 T T T ll T T
S & & ,@ & ¢ & @ &
Root Biomass (g/plant) Root Biomass (g/plant)





OPS/images/fpls-10-00949/fpls-10-00949-g007.jpg
% of total Biomass

n.s.

-~

~ ok

l | l I l I l
100 A I I I
| I I I I
50 1
nS TR
| 7 : I |
| l !
I |
25"
.S, P .S,
[ ] -3 [ ]
| | n.s
— . '
2013 2013C 2014 2014C 2015 2015C 2016 2016C

.Pods

Fodder

.Root





OPS/images/fpls-10-00949/fpls-10-00949-g006.jpg
1 I
- 9
7,
%@
- &
\an
- &
\an
- A 5,
%
- ml - ﬂV
1
L ....vQ .
nV 1 - /
Z
1 1 an
1 1
1 1
1 1
1 1 - O,
! i Q\Q ! %@
1 (o 1
1 1 1 1
o = = - = = = -

) ©
Q\ N
YV

S
\
P>

5-1-—---

T T
wn o
- -

15 -
10+
§ ==
0 -

(&)
pieIA pod u) aseatou) Jo Juadiad

Time in Years





OPS/images/fpls-10-00949/fpls-10-00949-g005.jpg
. 2012 . 2017

. 2009 . 2017

4000

3000

2000
Total cowpea pod yield (g/plant)

. 2013 . 2017

1000

150 ~

100 -

Aouanba.i4

T
o
wn

3000 4000

2000

Total cowpea pod yield (g/plant)
. 2012 . 2017

1000

150

100 -

50 1

Aouanbaiq

¥

200

100

150 -
100 -
50 ~

150 ~
100 -
50 -

4000

Fodder yield (g/plant)

2000

Root biomass (g/plant)





OPS/images/fpls.2019.01252/Figure_2.jpg
‘Canopy Height (Pixeis)

e

1800

1400

120

1000

400

y=2257208722
RIZ0.9868%"

OExp1_Dec-2017
*Exp2_Jun2018.

Bask

5 18

21

Canopy height (Pixels)

1500

200

1100

y=241.80+ 10533 o
Re=0.6974°

CExpt_DecA7
*Exp2_jun18

1000
os

15 2
Aerial Biomass (g)

25





OPS/images/fpls.2019.01252/Figure_11.jpg
Dim2 (208%)

Dim2 (27.3%)

PCA- Biplot

PCA - Biplot

Dim? (66:6%)

M1 (62.1%)

Contib
=6
=0
=10

Lines.

Lne1.0
Line1_w
Line2.0
Line2_ W
Line3_D
Line3_w

ww
Contrib
— 85
— 90

— s

Contrib

H’ﬁ

90

N





OPS/images/fpls.2019.01252/Figure_10.jpg
2250

g

1750

——w
o

1500

1250

1000

750

250

Canopy height (pixels)

Transgenic lino 1

Fe s s 9 e e e

Days
2250

1750

‘Canopy height (pixels)
28
N

250 Transgenic lino2

TS e e e

Days

§

Canopy height (pixels)
§38%

8

2250

1750
1500
1250
1000
750
0
20

Canopy height (pixels)

Days Rewatering





OPS/images/fpls.2019.01252/Figure_1.jpg
A Material preparation
DAY 1- Stratification

48hat 4°C n dark

DAY 3-Germination

320 ol PAR m 57

48 at 22720 °C. 16/8 h (ightdark cyclo)

DAY 5-23 Transferred seedings into the conveyor PlantScreening™ system

-
——

10 seedings

5 seadlings. \i

Canopy helght

Flucrescence

B Image acquisition
RGB CFM
SIDE VIEW TOP VIEW TOP VIEW
Boforn stress Watorstress Rowiatoring Rutorn strass Waterstress  Rewatoring Before stress  Waterstress  Rewatering
o w o w 0o w o w0 _w 0w o w o w_ D W
C Data analysis
IMAGE PROCESSING VALIDATION

DATAINTERPRETATION

multivariate data analysis.

Linear correlation

PC analysis






OPS/images/fpls.2019.01252/crossmark.jpg
©

2

i

|





OPS/images/fpls.2019.01125/table1.jpg
Country

Portugal

Spain

Greoco.

taly

Turkey

France

Gormany

Tho Netherlands.

National network

PHENTALY
(13 rosoarch
organizations,
Universtis, and
regional agencies)
Norw

French Pant
Phenctyping
Network www
phencme-
empasis )

Gorman Plant
Phenctyping
Network (tps2/
doprplant-
phenciyping:
retwork do)
Nethorands Pant
Eco-Phenctyping
Contrs v,
npecr)
PhonomicsiiL

(s phanomics )

Inter-national
Notworks

COST FAI306
EMPHASS
(support counte)

COST FAIS06
EvPHASS
(support county)

COST FAIS06
EvpHASS
(support county)

COST FA1306
EUPHASS (core
country)

=Y

COST FAI306

COST FAI306
EVPHASS (coro
country)

EPPN (core
member)

COST FAI306
EMPHASS (coro
country)

EPPN (core
member)

COST FAIS06
EMPHASS (core
country)

EPPN (core
member)

Fiold and indoor
phenotyping

Moocuiarlevel
Ch fuorescence,
IRGAIR imagng,
hyperspeciral
Molocuiarovel
Ghland muticolor
forescence,
1RGA, Rimaging
Hyperspoctial
HIPP (ndoor)
Moocuiarevelat
indoor phenctyping

Funding

Pubic (FCT,
EUtunding
No private funding

Puble (Central
and egioral
Governments)
EUtunding

EUtunding

Pubic ONR,
s
EUunding
Prite

Publc (TUBITAK
EUtunding Priate

EUunding

Main crops.

Fitcrops

Frut crops,

Mool parts

Fritcrops

Coreals and fit

Coreals and it

Coreas, it
crops, grapevin,
vegetabies

Fold and

Foldand

ormamentals)

Futurs

Low-cost precison
aghouturo and
breodng

Low-cost recision
aghculuro and
breoding

Fiod-phenatyping
facity for research
and breeding. Low-

“Thoso countris aro rpresonto at EMPHASIS via EMPHASISsupport gros: ALSA, AGenzi Lucana 6 Svkpo o i Inrevazons i Agnolaa; CNR, NatonalFesaarch Counct of
ta; T, Portuguesn Natnal Scienco and Tochnology Fdig stuton; TUBITAK, St an Tachrekogal Rasaarch Counci of Tskey: Ch, chioropty: TP i throughs
e e e





OPS/images/fpls.2019.01125/Figure_3.jpg





OPS/images/fpls.2019.01125/Figure_2.jpg
ELIXR

Strategies to
follow the
experiments

Phenotypic Data sharing
analysis and reuse

PHENOTYPING AND ANALYSING TRAITS

* Tracking: * Data cleaning * From * Enable
objects, events, * Calculated traits measurements reproducible
images Time courses to traits analyses (GXE,

* Following: Spatial analysis GWAS, Genomic
Plants, sensors, Ratios (growth prediction,
cameras per...) Evolution)

* Environmental * Tools for data * Tools for trait + Data integration
conditions quality quality and linking
Mapping/time Reproducible ? heritability + Data publication
course Cross scale ? genetic + Data discovery

* Sensor calibration Modelling ? correlations * Pipeline hosting






OPS/images/fpls.2019.01252/Figure_4.jpg





OPS/images/fpls.2019.01252/Figure_3.jpg
™ 0
e e o Ere
o
w
2w
B
g 7
g
S o
H 1 H
g z
H H
£
a1 W - -Batey1D
—ocateyiW ~o-BaeytD
o E—
asaeW -aBa2D
“RMmSW EesBulraD Barey3 W Barey3 D
s
CiisisiiiiunRRubeTew IR AR AR
Days Days
oay 1 oy 0ays oayo oay 11 oay 15 oay 10
WEkat  FCl Wesoisiess  Wedaomess  @dmorsiss  @dauidss  20dayeiswess | 4ihdayoliowalsing






OPS/images/fpls-10-00949/fpls-10-00949-t001.jpg
Year - design

2010-D7

2011 -D7

2012-D19

2013 -D19

2014 -D19

2015 -D9

2016 -D9

2017 -D3

Genotypes'

2*
1
3
Control
1
5
2
Control
17
14
11*
Control
3
g*

7
Control
15
8
7%
Control
6
5
3*
Control
7
4%

5
Control
2*

3
I

Mean pod yield (g)

398
382
344
276
356
375
350
Missing data
999
977
970
596
656
591
590
538
651
646
637
492
1,746
1,561
1,543
1,460
926
884
788
495
1,690
1,638
1,613

% of best

100
96
86
69
95

100
93

97
95
94
58
100
90
90
82
100
99
98
75
100
89
88
83
100
95
85
53
100
97
95

Sl

7.99
6.43
7.53
4.57
12.7
8.11
8.4

7.65
8.45
6.58
2.46
1.63
1.8
2.71
1.89
7.79
6.46
8
2.9
713
7.24
7.37
3.87
4
6.21
5.47
1.71
3.6
2.9
3.6

% of best

100
80
94
57

100
64
66

91
100
78
29
100
57
86
60
95
79
98
35
97
98
100
53
65
100
88
27
99
79
100

sPE

11.6
8.6
8.1

3.18

14.7

10.4
9.4

10
10.7
8.17
1.15
2.43
2.18
3.26

1.9
9.57
7.83
9.43

2
9.68
7.85
7.81
3.67
6.53
9.16

6.4
0.79
3.78
2.83

3.5

% of best

100
74
70
27

100
71
64

95
100
77
11
74
67
100
58
100
82
98
21
100
81
81
38
71
100
70
9
100
75
92

The values are also depicted in % of the highest line for this particular year. The design code associated with each year denotes the total number of entries evaluated

during the year. The line codes with asterisks denote the pedigree of line with code number 2 which demonstrated the highest sPE value during the final year.





OPS/images/fpls-10-00949/fpls-10-00949-i002.jpg
ot |





OPS/images/fpls-10-00949/fpls-10-00949-i001.jpg





OPS/images/fpls-10-00949/fpls-10-00949-g012.jpg





OPS/images/fpls-10-00949/fpls-10-00949-g011.jpg
| “.m“_,..-.m...m






OPS/images/fpls-10-00949/fpls-10-00949-g010.jpg
i

Troament I+ I - W >

QY

Troamen I+ - W3






OPS/images/fpls-10-00949/fpls-10-00949-g009.jpg
bbb
| mmnmmnl.m






OPS/images/fpls.2019.01125/Figure_1.jpg
Target level

ECOSYSTEMS

ORGANISMS

ORGANS

TISSUES

CELLS

MOLECULES

Phenotyping approaches





OPS/images/fpls.2019.01125/crossmark.jpg
©

2

i

|





OPS/images/fpls-10-00949/fpls-10-00949-t002.jpg
Year - design

2012 -D19

2013 -D19

2014 -D19

2015-D19

2016 -D19

2017 -D19

Genotypes

17
14
11*
Control
3
g*

7
Control
15
8
7%
Control
6
5
3
Control
7
4%

5
Control
o
3
1

sPE for pod yield

10
10.7
8.17
1.15
2.43
2.18
3.26

1.9
9.57
7.83
9.43

2
9.68
7.85
7.81
3.67
6.53
9.16

6.4
0.79
3.78
2.83

3.5

% of best

95
100
77
11
74
67
100
58
100
82
93
21
100
81
81
38
71
100
70
9
100
75
92

sPE for fodder biomass

4.37
4.30
10.30
8.80
2.8
3
4
1.7
6.6
6.1
8.7
13
13
rd
8.4
9
6.2
6.3
3.9
5.4
3.25
3.4
3.22

% of best

21
20
49
42
56
60
79
33
51
47
67
100
96
51
62
66
98
100
62
87
97
100
96

sPE for root biomass

No root data taken in 2012

5.6
5.9
10
9.8
11
10.8
12.7
8.9
15
7.8
11
21
13.6
5.3
6.2
12.6
5
4.4
1.9

% of best

52
55
95
91
60
58
68
48
74
38
54
100
100
39
46
93
100
87
38

The values are also depicted in % of the highest line for this particular year. Notably, the fodder and root sPE values do not necessarily contain the highest line with the
100% value of the particular trial, as the direct selection was only for high pod sPE. The line codes with asterisks denote the pedigree of line with code number 2 which

demonstrated the highest pod sPE value during the final year.
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Categories Traits? Units Irrigated Non-Irrigated GeneticP Irrigation Genetic x  Year®  Genetic x Year x Residual® h2¢

scenario® Irrigation year®  Irrigation
scenario® scenario®
Mean Min Max Mean Min Max

Agronomic Plant height om 149181850 99.16 197.07 127071373 9195 18504 4947 2004™* 514" 044"  701™ 008" 912 087
Yield tha=! 301£092 092 650  218x06 099 476 46.02* 19.04™ 746 019° 1127 000E+00 1602 075
Cell Wall residue  NDF %DM 53.14£291 4644 6140  5491£252 4840 6074 4548 666" 1505 123" 879 043" 2236 062
Degradabiity IVDMD %DM 49.44£263 4408 5627  63£2.56 4642 50.40 2741 57.23* 385 120 665 175 1858 065
IVCWRD %OWR 3342195 2839 3823  41.31£207 3588 4654 8142 5580 286 168" 309 028 791 077
Lignin content KLCWR %CWR 1544 £0.56 13.85 1747 139+£0.59 1248 1631 3691 22.50" 1222 0.27** 287 084" 7.84 0.83
ADLNDF 9%NDF 516£04 407 643  412+042 303 508 1506 6805 326" 008 282° 082 661 088
Lignin structure ~ bO4 nmole g~ KL 50479+ 63.72 31391 65276 482.36=57.45 27636 603.11 3832 266" 1276 O000E+00 1326 172" 3128 056

bO4.H pmoleg=1 KL 1497 £ 165 9.86 21.24 1806+ 135 1401 20.62 24.43** 3403 851 481 6.33 119" 20.71 0.56
bO4.G nmoleg™! KL 248.24 +:34.82 13214 320.08 254.52:+30.07 152.30 309.80 38.2"" 0.15 1229 076" 1286 287 3285 057
b04.S pmole g~ ! KL 241.94 +32.81 132.45 334.45 217.98+302 11528 287.12 3604 846" 1257 5 ol 11.85 095" 28.01 0.54

S/G 0964006 081 1.14 0.85+007 070 1.06 29.76"* 29.28** 7.49 6.07* 6.91 031" 20.18 0.66
p-Hydroxycinnamic PCAest mgg~! CWR 1237+109 951 14.91 939+1.13 664 1242 2643** 5561 4.48" 0.15" 32 0.63** 9.49 0.82
acids
FAest mgg~! CWR 33404 2.16 437 3174039 214 4.08 4931 281 1092" 0.63" 8.11 745" 20.77 0.73
Faeth mgg~'CWR  254£007 229 275 243+£007 226 265 2754 2496 1154 545" 7.58 273 2021 0.53
Structural sugars ~ CL.NDF 9%NDF 650.61+1.36 47.38 54.38 49.87 +£1.44 4644 6392 65238 266" 9.47 0.12 10.36" 326" 21.87 0.74
GLU %CWR 3835+102 3516 4251 3719+ 089 3479 40.02 30.75"*  17.5™" 13.49* 0.59" 10.41 028" 31.18 0.51
HC.NDF 9%NDF 4428+168 3978 48.15 46.02+18 4087 65053 51.33"* 13.43"* 741 0.07 8.37 167 17.72 0.79
ARA %CWR 3454013 297 3.77 373+£0.16 323 411 3497  38.19™ £ Y e 0.05 563 016" 13.94 0.78
GAL %CWR 0.74 £0.1 0.38 1.01 0.96 £0.11 0.59 124 253"  37.23" 9.29" 1720 6.9 1.06"* 1851 0.58
XYL %CWR 19.18£0.47 1692  20.56 1904+£038 1785 19.89 1879  1.28"" 832" 32.83* 7.04 14.79** 16.95 0.49

ANDF, neutrel detergent fiber; IVDMD, in vitro cry matter degradabilty; VCWRD, in vitro cell wall resicues degradebilty; ADL, acid detergent lignin; KL, Klason lignin; PCA, para-coumaric acid; FA, ferulic acid; CL, celllose; HC,
hemicelllose; GLU, glucose; ARA, arabinose; GAL, galactose; XYL, xylose.

572 yalue from the anova using the model (2). "significant at p < 0.06, “significant at p < 0.01 and ™ significant at p < 0.001.

Broad-sense heritabilty:
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Categories. Traits® Units. Irigated Non-Irrigated % of response  Geneticd Imigation Genetic x Yeard  Genetic x  Year x  Residuald
scenariod  Imigation yeard  Inigation
scenariod scenariod
Forif Cmag4l For1f cmdg4’ F271  Cmdg4
Agronomic Plant height em 172089 £978 184060 £878 1435201122  122913£794 166 83 502 243" 491 047 950 057 1025
Yield tha=! 3.8 £ 036 24805080 2430 £075  20°:045 366 157 2360 2043 028" 2160 818" 122 31.06
Cel Wallresidue  NDF %M 528204201 4783175  5458°:22 524594214 38 97 30997 2402 499" 265 060 038 36.36
Degradabilty IVOMD %DM 4676 £238 5568188 50950 £230 5628 £235 89 11 7.8 004 11 1959
IVOWRD %OWR 20413£225  8640P 142 8816°x243  43199x281 267 184 53067 047" I 076" 039 9.8
Ugnincontent  KLOWR %OWR 1641°£056 14610037 14670 £04 18.39 %027 106 90 42.4 089" 049 079" 1247 938
ADLNOF %NDF 574° 036 4780 +021 4.66° +026 385018 88 189 4873 044 127 105 080* 928
Ugnin structure 04 pmoleg=TKL 667810 5617 49234 £519 520410 £ 6400 47502247158 99 35 2494 696™ 207 462 228 348 5568
bO4H wmoleg™! KL 1524°£127 13942098  178°%175 17.18%£115 166 282 582" 52227 068 069 281" 3413
b04.G pmoleg™ KL 288420 £3471 240242 £2635 271.060 £34.45 24521343639 6.0 21 2328 234" 231 289 50.41
b04S pmoleg™TKL  280.66°+27.1  247.34P£2032 242860 £3001 22433243835 135 93 108 181 327 50.70
s 0950 +0.08 100°£005 086 £006 0.90% & 0,06 95 100 S267 025 17.05™ 009 1.25 03
p-Hydroxycinnamic. PCAest mgg~TCWR 14044124 114392073 10940 £ 081 8.66% £ 066 221 201 4945 019 1257 049 156" 1380
adids
FAest mgg~TOWR 3520 %034 351P£080 82424034  3.88% £ 001 80 a7 8.08" 121 322" 077 2178 6404
Facth mgg~' GWR 2570 £0.11 2502£018 2507 %008 2.45% £ 007 27 20 6.56" 051 2281 014 4006
Structural sugars  CLNDF %NDF 50380 4162 4987812 502404125 49234093 03 13 241 1 688" 006 6684
G %OWR 3067°£123  3801P£104 375 £085  36432£099 54 42 1982v 78T 086 1464 018 24.46
HCNOF %NDF 438421197 4532136 45.P£139  4698° £ 105 29 36 21 027 639" 010 47.58
ARA %CWR 3.30° £ 0.16 sebr012 s 012 389° 0.1 24 69 3037 041 036 19.06
GAL %CWR 0672 £ 0.14 08 £014 093011 1.10° £ 011 %88 204 0.0t 003 X 25,54
Xy %OWR 19940 £071 19389065 19420 £079 18999 097 26 20 018 5906 035 291 2088

°NDF, neutral detergent fiber; IVDMD, in vitro dry matter degradabity; VCWRD, in vitro cell wall residues degradabilty; ADL, acid detergent lignin; KL, Klason lignin; PCAest, esterified para-coumaric acid; FAeth, etherified ferulic acid;
Fhest, esterified ferulic acid; CL, cellulose; HC, hemicelllose; GLU, glucose; ARA, arabinose; GAL, galactose; XYL, xylose.
fWhen two samples show different letters atter the mean, the difference between them is significant (nomal letters, P < 0.05). 912 value from the anova using the model (2). "significant at p < 0.05, "significant at p < 0.01 and ™"significant

atp < 0.001.
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Categories

Cell Wall residues

Degradability

Lignin content

Lignin structure

p-Hydroxycinnamic acids

Structural sugars

Traits?

NDF
IVDMD
IVCWRD
KL.CWR
ADL.NDF
bO4
bO4H
bO4.G
b04.S
S/G
PCAest
FAest
Faeth
CL.NDF
GLU
HC.NDF
ARA
GAL
XYL

Units

%DM

%DM

%OWR
%CWR

9%NDF

wmole g=1 KL
pmole g=1 KL
pmole g~ 1 KL
pmole g~ KL

mgg~! CWR
mgg~! CWR
mgg~! CWR
9%NDF
%CWR
9%NDF
%OWR
%OWR
%CWR

Range

43.34-60.2
323-66.9
25.67-51.02
11.06-18.67
3.21-6.91
255-1,023
3285
132.15-564.24
119.06-640.39
0.46-1.68
4.66-17.94
2.05-6.92
1.69-3.88
43.42-54.48
28.73-43.35
39.67-51.89
3-4.84
06-2.06
16.64-23.39

57
160
161
167
57
168
166
166
166
166
164
164
164
57
81
57
81
81
81

Calibration

r

0.983
0.963
0.805
0.852
0.925
0.893
0.636
0.869
0.856
0.709
0.864
0.802
0.451
0.903
0.835
0.905
0.843
0.945
0.623

n

0
38
38
40
0

40
40
40
40
40
30
39
30
0

19
o

19
19
19

Validation

r

0.95
0.93
0.81
0.83
0.83
0.90
0.71
0.88
0.86
0.62
0.78
0.83
0.45
0.78
0.76
0.77
0.77
0.93
0.70

SECV

1.77
222
328
0.77
0.48
86.00
4.08
50.80
52.40
0.19
171
0.54
0.31
1.62
3.22
1.81
0.26
0.156
1.08

2NDF, neutral detergent fiber; IVDMD, in vitro cry matter degradability; NCWRD, in vitro cell wal residues degradabilty; ADL, acid detergent ignin; KL, Klason lignin; PCAest, esteriied para-coumaric acid; FAeth, etherified ferulic acid;

FAest, esterified ferulic acid; CL, cellulose; HC, hemicellulose; GLU, glucose; ARA, arabinose; GAL, galactose; XYL, xylose.
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Protein Salt stress induction Promoter position and strand

Group 4 Class lll peroxidases
Promoter: MBS
Function: MYB binding site involved in drought-inducibility

B6T3V1 Positive 96 (+)
1408 (-)

Q9ZTS8 Neutral 137 (+)
1143 (+)
787 (-
1030
K7VCN5 Neutral 1198 ()

-

Promoter: TC-rich repeats
Function: cis-acting element involved in defense and stress
responsiveness

B6T3V1 Positive 1237 (-)
BET7B1 Negative 42 (+)
Q9ZTS8 Neutral 718 (+)

Group 5 Class lll peroxidases

Promoter: ABRE

Function: cis-acting element involved in the abscisic acid
responsiveness

B4FY83 Positive 587 (+)
ASH8G4 Negative 940 (-)
1042 ()
1378 ()

Promoter: DRECRTCOREAT
Function: Core motif of DRE/CRT (dehydration-responsive
element/C-repeat)

B4FY83 Positive 264 ()
A5HB8G4 Negative 917 (+)

Promoter: DRE2COREZMRAB17

Function: “DRE2” core found in maize (Z.M.) rab17 gene promoter

B4FY83 Positive 690 (-)

Selected genes of proteins in groups four and five had their sequences analyzed

using plantCARE online tool, up to 1,500 bp.
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RIL No Trichome density RIL No Trichome density RIL No Trichome density RIL No Trichome density

Adaxial Abaxial Adaxial Abaxial Adaxial Abaxial Adaxial Abaxial

2 215 0 115 29 0 226 390 44 342 7 0
4 109 6 116 142 ¢4 227 247 38 348 230 21
7 249 0 117 283 0 228 252 16 353 259 12
8 201 0 120 161 0 230 329 122 355 326 0
9 186 0 121 121 0 231 333 39 357 166 0
10 115 0 122 166 6 232 202 0 425 256 0
" 145 0 123 138 12 233 275 0 434 229 84
12 218 0 124 17 0 234 348 37 435 175 0
14 314 0 125 179 0 235 218 66 436 288 54
15 168 5 126 172 3 236 206 43 440 94 0
16 245 3 127 253 0 237 254 26 442 186 54
17 270 0 131 374 104 241 121 26 443 221 5
18 248 0 132 235 75 243 178 10 457 83 0
19 216 0 133 314 0 244 340 [ 459 195

20 173 0 135 115 i 245 235 0 460 176 16
21 298 0 138 283 74 246 316 12 520 7 10
.4 311 91 139 244 39 247 185 3 524 160 0
23 300 0 142 290 0 248 228 6 528 290 0
27 305 27 143 337 53 249 293 0 530 146 0
28 167 0 144 320 0 301 230 42 531 170 0
31 4 0 145 378 97 307 1 0 633 23 0
32 331 112 146 235 0 312 395 76 536 3 0
35 288 0 148 323 79 313 349 8 537 104 0
37 192 0 149 248 51 314 229 23 539 43 4
40 160 9 206 167 1 316 333 4 540 219 19
42 171 5 209 321 58 317 146 0 541 222

44 200 ¥ 212 119 16 319 il 0 542 144 1
45 299 0 215 314 0 320 190 0 544 226 10
46 216 0 216 161 22 323 229 3 547 123 1
107 228 56 217 146 3 327 323 4 549 281 36
108 167 0 220 396 32 331 394 0 553 133 0
110 258 0 221 327 142 337 252 0 556 96 0
111 0 0 222 229 33 338 67 0 558 376 0
12 198 0 223 175 16 339 173 15 TN1 0 0
114 293 10 224 234 73 340 208 [ W1263 314 45

Adaxial surface Abaxial surface
Min 0 0
Max 396 194
LSD (0.05) 2.10 1.97

Al values were converted to square root transformed values (x + 0.5) before analysis. DA, damaged area; DS, damage score; LL, leaf length; LW, leaf widith.
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Variable ~ ENV  Min

DA E1 71.08
DA E2 87.35
DA E3 10784
DS Et 300
DS E2 300
DS =] 300
w Et 31.00
w 2 27.00
w E3 2800
w E1 060
w 2 060
w =] 050

DA, damaged area; DS, damage score; LL, leaf fength; LVY, leaf wiaith; £

Max

1068.70
77973
590
200
900
900
8200
86.00
66.00
1.80
150
1.50

33830
33599
35834
612
787
640
5426
4255
44.04
114
1.00
094

Range

90762
69238
83805
600
600
600
51.00
39.00
3800
1.20
090
1.00

Variance

2135081
18775.50
2117176
321
31
318
7000
5858
65.47
003
002
002

wet season 2013; E2 = ofy season 2013-2014; E3 = wet season 2014.

Std Dev

146.12

137.02

145,51
179
1.76
178
837
765
809
047
014
016

ov

4319
4078
4060
2030
2393
2789
15.42
17.99
1837
14.74
1384
16,64

Skewness.

112
088
093

-003

-075

-0.14

-016
061
026
0.10
002
055

Kurtosis

1.80
075
088

~0.76

—0.42

-076
026

-008

-0.53
047
094
1.04

Pev

327
4083
4069
2034
2398
27.98
15.44
18.02
18.40
1477
1383
16.67

4080
38.58
3816
2631
2141
2585
13.66
16.83
17.26
10,64
1043
14.02

h?

8890
8925
8795
8038
8003
8561
78.26
8730
87.98
s1.87
5684
7068

GA

173
174
170
1.48
147
163
143
168
170
077
088
122

SE.

2816
2597
2022
0.6
045
039
226
158
162
007
005
005

oV (%)

14.41
1339
1412
13.00
10.70
1060
7.20
642
638
1025
900
9.03
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Infection

Pathogen
Pathogen
Pathogen
Pathogen
Pathogen
Mock
Mock
Mock
Mock
Mock

RZ

mean

0.50
0.15
0.31
0.85
0.54
0.19
0.59
017
0.88
0.64

R2
2.5%

0.40
0.08
0.22
0.82
0.45
0.11
0.51
0.09
0.86
0.56

R2
97.5%

0.58
0.24
0.41
0.88
0.62
0.29
0.67
0.26
0.91
0.70

RMSE

mean

0.0425
0.0465
0.0694
0.0269
0.0459
0.0696
0.0255
0.0823
0.0196
0.0234

RMSE
2.5%

0.0374
0.0410
0.0617
0.0235
0.0404
0.0619
0.0228
0.0738
0.0175
0.0208

RMSE
97.5%

0.0477
0.0519
0.0767
0.0304
0.0513
0.0772
0.0285
0.0910
0.0216
0.0259

In contrast to Table 3, this table confers to data with an adjusted start value
considering the leaf tissue to be healthy at 5 hpi and hence equalizing the first
measurement value of mock- and pathogen infected ROIs.
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Band
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Green
Red
NIR

Blue
Green
Red
NIR

Inoculation

Pathogen
Pathogen
Pathogen
Pathogen
Pathogen
Mock
Mock
Mock
Mock
Mock

R2

mean

0.46
0.45
0.64
0.87
0.45
0.06
0.46
0.09
0.88
0.65

R2
2.5%

0.37
0.36
0.56
0.84
0.36
0.02
0.37
0.038
0.86
0.58

R2
97.5%

0.55
0.54
0.71
0.89
0.54
0.13
0.55
0.16
0.91
0.71

RMSE
mean

0.066

0.0499
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0.0252
0.0615
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0.120

0.0196
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Start (hh:mm, hpi)

mage acquisitions duration
hh:mm)

No. frames
No. images/frame
¥ images/band (of all 5 bands)

Total experiment duration
hh:mm pi)

Time lapse 1
26.07.2017

06:00
22:40

17
16
272 (1369)
27:40

Time lapse 2
01.09.2017

06:15
26:40

20
16
320 (1600)
31:55

Time lapse 3
04.09.2017

05:45
25:20

19
15
285 (1425)
31:05
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Band Center wavelength Band width

number Band color (nm) (nm)
1 Blue (B) 475 20
2 Green (G) 560 20
3 Red (R) 668 10
4 Near infrared (NIR) 840 40
5 Rededge (RE) 7 10

T https://support.micasense.com/hc/en-us/article_attachments/204648307/
RedEdge_User_Manual_06.pdf accessed 18.10.2018.
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0

Annotation ANOVA Number of identified Best ion score
peptides
0.05)
Endochitinase A 1.5E-03 10 71.23
Glutathione S-transferase 12 7.6E-03 8 57.86
Glutathione transferase 11 8.2E-03 9 61.44
Probable alpha-mannosidase 2.0E-06 25 81.34
ily 1 member 3.2E-03 3 44.78
0.05)
Protein EXORDIUM 7.9E-03 2 91.58
1.0E-02 5 67.3
TolB protein-related 1.3E-02 17 87.95
1.7E-02 4 29.94
4.0E-02 1 61.39
17.4 kDa class Il heat shock protein 1.0E-03 1 37.33
Bowman-Birk type trypsin inhibitor 1.2E-02 9 38.25
1.8E-03 3 80.68
Sarcosine oxidase 0.0E+00 8 732
1.7€-02 3 45.02
DPP6 N-terminal domain-like protein 2.4E-02 " 68.71
Adenosylmethionine aminotransferase 1 1.9E-03 6 102.82
Cystalm protein 1.5E-02 2 325
\B17 protein 5.0E-04 9 66.41
Dehydroasoorbate reductase 1.6E-02 6 57.49
Adeny\al 1.36-02 6 83.8
Actin1 isoform 1 2.6E-03 6 7427
Germin-like prolem sub(amlly T member 1 2.6E-03 4 55.02
0.0E+ 39 109.83
Asparagine synthetase 7.0E-05 6 62.08
1 i boxyl: id: 3.0E-02 3 64.43
Putative uncharacterized protein 1.6E-04 6 69.92
Glutathione S-transferase IV 1.0E-02 7 68.29
Glutathione S-transferase GSTUB 2.1E-03 6 78.68
Auxin-induced protein PCNT 2.2E-04 5 55.4
N-acetyltransferase 1.5E-04 2 40.56
APx1-cytosolic ascorbate peroxidase 4.1E-03 10 72.86
1.4E-04 2 55.27
Dihydrofiavonol-4-reductase 1.1E-02 1 54.66
17.4 kDa class | heat shock protein 3 1.0E-05 1 68.53
Catalase 9.2E-04 12 93.3
Tryptophan synthase beta type 2 5.0E-05 3 27.57
Asparagine synthetase 4.0E-02 13 71.36
2.7E-02 1 34.54
Heteroglycan glucosidase 1 1.5E-03 3 0.4
Cell number regu\alor 10 1.4E-02 1 52.01
eroxi 3.5E-03 14 90.79
Uncharacterized protein 71603 1 45.13
quinone oxidor 5.1E-03 13 96.74
Glucose-6-phosphate 1- dehydrogeﬂase 8.0E-04 14 73.31
Histone H2B 3.0E-02 8 89.45
Disease resistance response protein 206 1.1E-04 3 87.74
Blue copper protein 3.1E-03 2 51.37
Peroxidase 8.0E-05 5 106.76
Peroxidase 2.5E-03 7 89.2
8.2E-03 8 112.35
GDSL esterase/lipase 3.6E-03 8 87.71
Putative patelin family protein 2.36-04 2 44.36
Nicotianamine synthase 1 2.4E-02 2 36.61
Lipoxygenase (fragment) 7.6E-03 1 44.4
Phosphoenolpymvale carboxylase 2 7.36-03 3 22.92
3.5E-03 1 71.18
0.05)
2.0E-09 21 103.76
3.1E-04 1 67.1
Heat shock protein 90-2 4.6E-02 21 106.84
2.9E-05 18 66.66
Cysteine protease 1 1.3E-03 10 98.91
Peroxidase 7.3E-03 5 32.28
0.05)
Thioredoxin 3.3E-03 3 49.05
Ribosomal protein L15 9.1E-03 6 87.54
608 ribosomal protein L35 1.4E-03 1 21.96
Histone H3 7.7E-03 " 56.75
ruvate kinase 3.8E-03 5 101.31
Guaiacol peroxidase 2 2.1E-03 6 71.84
Remorin 8.2E-04 5 30.12
Cystathionine gamma-synthase 1 chloroplastic 7.4E-03 5 43.29
i 1.1E-03 16 63.73
3.2E-02 4 67.87
S-adenosylmethionine synthase 2.8E-03 18 66.87
eta-D-glucosidase 8.2E-03 52 134.22

Abundance in salt stres





OPS/images/fpls-10-00007/fpls-10-00007-g005.jpg
Log2 Fold Change

Log2 Fold Change

1.6 1

1.4 -

1.2 +

1.0 -

0.8 -

0.6

0.4 1

0.2 1

WDHN13

® WS vs Nov
—— Regr. line

1.6

0.8 A

0.6

0.4 A

0.2

WDHN13

R=0.53

® WSvsJan
—— Regr. line

20

30

40 50 60

Wheat winter survival

70

80

Log2 Fold Change

Log2 Fold Change

2.0

1.5

1.0

0.5

2.0

0.5

WCS120
| ® WS vs Nov
R=074 —— Regr. line
WCS120
| ® WSvsJan
R=023 Regr. line
20 30 40 50 60 70

Wheat winter survival

80





OPS/images/fpls-10-00628/fpls-10-00628-g001.jpg
/ RGB image,
incl, ROI

/ overtay

single imdge / rame

1y )

1 stack per band &
time lapse replicate

Image

image
~ sabiliziation

/2 rojection | ithin
. Average frame
. Intensiy

for each frame & band






OPS/images/fpls-10-00007/fpls-10-00007-g004.jpg
> [ —
Se go S2
o = %]
g 29 28
@ L ® - ® -
" “ & &
o ©r
I
w e @
+ &« o @© o v * o o © © % v o o o o %
~N ~N ~N S = b : ~N ~N o~ - S s N ~N N = - -
(zww,ay) suupAysp jo Aysueg (zww,@y) suupAysp jo AysueQg (zww,ay) suupAysp jo AysuaQg
-t o—@—|
Se Eelll 22 |
T celllss] T
W mw B “ 0 ] m nmv e w R
® ® _ . _
- —o—
5 8 .
o | o | o
|} n
| i = “ ° | o o —e— -
=i
/ I
J s , i —e— i
© . o o o o . o o w o s o o ®
- - - b o - g - s o - - - = o
(zww,qy) SNHQA Jo AisuaQ (zww,ay) SNHA Jo AususQ (zww,ay) SNHA Jo AusuaQ

70 80

60

40

30
Wheat winter survival

20

10

30 40 50
Barley winter survival

20

10





OPS/images/fpls-10-00628/cross.jpg
3,

i





OPS/images/fpls.2020.00096/fpls-11-00096-g006.jpg
Match (%)

Match (%)

- 1170422018 - 23/0472018
2 7

0 s

2 2

00 TS 0o TOST0TE

7 7

PP R R B B S )

Masching window size (pixels)

Color depth : 8 bits

12501 1024, isarty map il
1280 1024, disarky map ke
2560 x 208, disparity map unfld
2560 x 2048, disparicy map filed





OPS/images/fpls-10-00007/fpls-10-00007-g003.jpg
A St—Fabian-V  Barley-L Barley-V Wheat-V
Mw WCS
S 200/

DHNS5






OPS/images/fpls-10-00552/fpls-10-00552-t002.jpg
Indices Equation Relationship (R2) with yield  Relationship (R?) with AUDPC

Wavelengths Fungicide  Non-fungicide  Fungicide  Non-fungicide
treatment treatment treatment treatment

WS50 (550 nm) 000 040" 020" 050"

W660 (660 nm) 008 059" 002 072"

W735 (735 nm) 008 072" 028" 085"

W790 (790nm) 037" 079" 026" 091"
CTURAL INDICES

Normalized difference vegetation index (NDVI) (gaiggg) 028" 0.76" 0.02 0.90"

(Rouse et al., 1973)

Renormalized DVI (RDVI) (Roujean and Breon, (S, 040" 079" 013 093"

1995) 7o

Optimized soi-adjusted vegetation index (14016 R g 035" 079" 008 092"

(OSAVI) (Rondeaux et al., 1996)

Modified simple ratio (MSR) (Chen, 1996) 1 /(ngl)“ +1 003 055 0.06 057

Modified chiorophyll absorption in reflectance  1.2'[2.5" (Rgoo — 7o) — 13" (Reoo — Asso)]  0.87" 079" 024" 093"

index (MCARI) (Haboudane et al., 2004)
1.2'[2.5"(Rago—Re70)—1-3"(Reoo—Asso)]

Modiified chiorophyll absorption in reflectance 036" 08t 016" 093"
index (MCARI2) (Haboudane et al., 2004) @ Raco 17~ (6'Rgoo~5"y/eso) -0

Pigment specific simple ratio for chiorophyll A (Fem) 016" 079" 0.00 087"
(PSSRa) (Blackbum, 1998)

Green (G) (Zarco-Tejadi et al, 2005) (f2) 005 076" 0.14 088"

AUDPG (Vanderplank, 1963) 014 084" - -

"p <0.01; *'p < 0.05.
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Genotype Available pedigree or  Origin Non-fungicide treatment Fungicide treatment % grain yield loss

entry # commercial name (company/organization)
AUDPC®  Grain Yield (vha) ~AUDPC  Grain Yield (ha)

1 CLTHW14001 CIMMYT 29.94 4.70 29.49 5.81 19°
2 CLTHW14007 CIMMYT 20.72 513 2917 6.36 19"
3 CLTHW13001 CIMMYT 28.85 4.90 29.4 5.30 8

4 CLTHW15008 CIMMYT 49.37 435 29.51 499 13"
5 H-565/CML576 INIFAP 49.71 435 20.33 5.46 20"
6 P-4082W PIONEER 92.41 3.28 29.48 4.89 33
i DK-357 DEKALB 106.68 1.91 32.46 419 54"
8 XT-3402 ASPROS 46.23 425 2017 5.26 19*
9 ZAPATA-7 CAUDILLO 73.01 2.89 29.65 4.48 36"
10 REGATA REGA 48.31 3.56 20.67 4.94 28"
1 Imparable BERENTSEN 76.67 23 29.43 3.01 23"
12 Ps-464 POWER 86.66 2.08 30.47 4.98 58"
13 CLTHW13003 CIMMYT 56.96 4.04 20.82 5.16 23"
14 CLTHW11001 CIMMYT 63.41 4.01 29.75 5.62 27
15 CLTHW13006 CIMMYT 60.06 3.04 29.28 4.03 25"
16 CSTHW13003 CIMMYT 102.21 238 31.75 5.14 54*
17 CSTHW13004 CIMMYT 96.86 3.08 32.63 4.95 38"
18 CSTHW13005 CIMMYT 105.26 242 35.54 4.64 48"
19 CSTHW14007 CIMMYT 114.156 163 36.53 358 67"
20 CSTHW14008 CIMMYT 103.37 2.01 30.02 421 52*
21 CSTHW14009 CIMMYT 112.99 1.89 31.42 4.24 65*
22 Resistant Check 1° CIMMYT 48.69 447 20.74 454 1

23 Resistant Check 2 CIMMYT 54.41 4.09 294 5.29 23
24 Susceptible Check 1 CIMMYT 120.19 221 30.79 3.56 38"
25 Susceptible Check 2 CIMMYT 117.04 235 36.17 4.20 44"

The asterisk () indicates that a significant difference between the two treatments (ie., fungicide vs. non-fungicide) for the genotypes was detected at p < 0.05.
2Area under disease progress curve.
bResistant Check 1, CLTHW13007; Resistant Check 2, CLTHW13008; Susceptible Check 1, DTMA-112/DTMA-229; Susceptible Check 2, DTMA-217/DTMA-207.
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Trait?

SD (%)

EH (%)

HS (%)

TSW (9)

DFF (days)

DLF (days)

DF (days)

DFP (days)

Environment?

2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_51
2009_82
2010_S1
2010_82
Average S1
Average S2
2009_S1
2009_82
2010_$1
2010_82
Average S1
Average S2

Mean

23.07
21.56
29.69
31.84
26.38
26.7
18.19
16.48
20.97
8.84
24.08
12.66
58.75
61.96
40.34
50.32
49.545
60.64
454.76
418.31
380.72
368.73
417.74
393.52
—-0.83
—0.90
1.42
—-1.91
0.30
—-1.41
0.43
—0.16
2.61
1.46
1.52
0.65
—1.26
-0.74
-1.19
—-3.38
—-1.22
—2.06
0.15
1.03
0.45
0.49
0.30
0.76

SD

9.81
8.08
8.65
11.94
9.23
10.01
16.7
13.36
16.5
9.33
16.1
11.345
20.2
16.47
16.98
14.41
18.59
15.44
150.73
143.49
143.49
139.89
147.11
141.69
4.48
5.7
5.06
5.02
4.86
5.35
6.09
6.50
9.06
3.25
7.73
5.16
4.56
4.82
6.80
3.97
5.74
4.58
4.50
4.58
4.91
6.05
4.67
5.32

aSD seeds presenting surface damage, EH Seeds presenting emergence holes,
HS healthy seeds, TSW thousand-seed weight, DFF days to first flowering with
respect to the control “MELODIE,” DLF days to last flowering with respect to the
control “MELODIE,” DF duration of flowering, DSP days to first pod-setting with
respect to the control “MELODIE.” ?2009_S1 early sowing in 2009, 2009_S2 late
sowing in 2009, 2010_S1 early sowing in 2010, 2010_S2 late sowing in 2010.
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Protein identification®

2,3-Bisphosphoglycerate-independent phosphoglycerate mutase

Triosephosphate isomerase, cytosolic

NADH dehydrogenase [ubiquinone] iron-sulfur protein 1, mitochondrial

Aconitate hydratase, cytoplasmic

S-Formylglutathione hydrolase-like isoform X1

Auxin-induced protein PCNT115-like

Galactinol-sucrose galactosyltransferase

2-Methylene-furan-3-one reductase-like
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Transketolase, chloroplastic

Glyceraldehyde-3-phosphate dehydrogenase B, chloroplastic

Phosphoglycerate kinase, chloroplastic

Phosphoglycerate kinase, chloroplastic

Phosphoribulokinase, chloroplastic-like

Ribulose bisphosphate carboxylase/oxygenase activase, chloroplastic-like isoform X2
Ribulose bisphosphate carboxylase/oxygenase activase, chloroplastic-like isoform X2
Ribulose bisphosphate carboxylase/oxygenase activase, chloroplastic-like isoform X2
Ribulose-1,5-bisphosphate carboxylase/oxygenase large subunit, partial (chloroplast)
Ribulose-1,5-bisphosphate carboxylase/oxygenase large subunit (plastid)

Plastid ribulose-1,5-bisphosphate carboxylase/oxygenase small subunit, partial
Sedoheptulose-1,7-bisphosphatase, chloroplastic

ATP synthase CF1 alpha subunit (plastid)

ATP synthase CF1 alpha subunit (plastid)

ATP synthase gamma chain, chloroplastic

Chlorophyll a-b binding protein 8, chloroplastic

Photosystem | reaction center subunit Il, chloroplastic-like

Chlorophyll a-b binding protein of LHCII type 1

Chlorophyll a-b binding protein of LHCII type 1-like

Chlorophyll a-b binding protein of LHCII type 1-like

Chlorophyll a-b binding protein 36, chloroplastic

Oxygen-evolving enhancer protein 1, chloroplastic

Oxygen-evolving enhancer protein 2, chloroplastic-like

ATP-dependent zinc metalloprotease FTSH 2, chloroplastic

ATP-dependent zinc metalloprotease FTSH 2, chloroplastic

ATP-dependent Clp protease ATP-binding subunit ClpA homolog CD4B, chloroplastic
LOW QUALITY PROTEIN: RuBisCO large subunit-binding protein subunit alpha-like
RuBisCO large subunit-binding protein subunit beta, chloroplastic

Elongation factor G-2, chloroplastic-like

Elongation factor 2

L-Ascorbate peroxidase, cytosolic-like

Thioredoxin H-type-like

Thioredoxin M4, chloroplastic-like

Chloroplast stem-loop binding protein of 41 kDa a, chloroplastic-like

Isoflavone reductase homolog PCBER-like

Isoflavone reductase homolog PCBER-like

Heat shock cognate 70 kDa protein 2-like

Heat shock cognate 70 kDa protein 2

Heat shock cognate 70 kDa protein 2

Stromal 70 kDa heat shock-related protein, chloroplastic-like

Heat shock 70 kDa protein, mitochondrial

Auxin-binding protein ABP20-like

Acidic endochitinase-like

Abscisic stress-ripening protein 5-like

Accession no.4

15631848506
1627522406
1627604080
1627562521
1627584126
1631837410
1631812739
1627480760
1631836679
1627513560
15631823890
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1627502141
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7

aFunctional characterization of the proteins based on MapMan 'Bin’ and Go ontology.? The number that identified protein spots on 2-DE gel (Figure 3).°The proteins
were identified by MALDI-TOF/TOF-MS/MS followed by homology search in Coffea NCBI database.?The accession number from GenBank assigned to the polypeptide
after MS/MS analysis.®Days after PRIs treatments.
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Assessment Comparisons Days Number of Spots with
spots* unique ID

PRI treatments CxGxA 3 16 12
5 44 24

7 13 9

PRI 4+ Hv treatments  Ci x Gi x Ai 5(2 20 14
7 (4) 13 8

Multiple interactions Cx GxAxCixGixAi 5 (2) 44 34
7 (4) 15 1

Number of spots that significantly changed in abundance due to PRI treatments
Greenforce CuCa (G) and ASM (A) and Control leaves (C) at 3, 5, and 7 days after
treatments, and at 2 and 4 days after inoculation (i) with H. vastatrix (Hv).*ANOVA
(p-value < 0.05) and Fold Change > 1.5.
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DA DS LL w DA DS LL w DA DS LL w

E1 DA 1.00

DS 0.90** 1.00

LU 0.13 0.16 1.00

w 0.41%* 0.47** 0.04 1.00
E2 DA 0.94*** 0.85%* 0.15 0.39 1.00

DS 0.76% 0.80** 0.10 0.54%+ 0.82%+ 1.00

LL -0.07 -0.01 0.36** 0.01 —-0.05 -0.01 1.00

w 0.49*** 0.48***  -0.06 0.55"* 0.47* 0.51***  -0.03 1.00
E3 DA 0.89*** 0.81** 0.13 0.41% 0.90** 0.72**  -0.01 0.49 1.00

DS 0.81%*+ 0.82** 0.17 0.50* 0.84*+ 0.80** 0.01 0.49% 0.92** 1.00

LL -0.17 -0.18 0.16 0.01 -0.17 -0.18 0.32* -0.11 -0.14 -0.14 1.00

w 0.42* 0.44* 0.04 0.64** 0.40 0.47* 0.02 0.56** 0.43* 0.45* 0.11 1.00

Significance levels: *P < 0.05, **P < 0,01, and ***P < 0.001. DA, damaged area; DS, damage score; LL, leaf length, LW, leaf width; E1 = wet season 2013; E2 = dry
season 2013-2014; E3 = wet season 2014.
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Mineral Final concentration (ppm) Final concentration (mM)

NaNOs (N) 195.8 2.3
HsPO4 (P) 209 0.000969
KNO3 (K) 271.4 2.685
MgSO, (Mg) 75 0.623
ZnS0y (Zn) 0.748 0.0025
Cus0; (CU) 0.496 0.00198
MoOg (Mo) 0.131 0.00081
MnSO; (Mn) 3.441 0.0154
Borax (B) 0.3 0.00078
C1oHaFeN,NaOg (Fe) 8.66 0.0204

Citric acid was used to reduce the pH of the stock solution (concentrated 100X from the values mentioned in the table) to 1.5. The pH of the final irrigation solution from
the dripper (after dilution with tap water) varied between 6.5 and 7.
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Morphological variable P-value

Treatment x
Treatment Performance performance

group group
rootPlantRatioDry 6.86E-24 1.13E-07 6.52E-05
rootShootRatioDry 4.25E-24 2.04E-07 5.72E-05
rootLeafRatioDry 1.05E-24 1.8E-06 0.000563
leafPlantRatioDry 1.08E-11 0.004 0.069
rwclLeaf 1.66E-16 0.038 0.238
leafLeafYoungest 5.2E-19 0.533 0.013
rwcPlant 7.5E-31 0.076 0.023
rwcRoot 1.02E-36 0.16 0.694
leafAreaTot 1.22E-19 0.047 0.02
psGrowthTot 1.32E-23 1.54E-05 0.108
leafAreaYoungest 5.56E-20 0.005 0.02
leafWidthTot 3.28E-10 0.043 0.000464
leafLengthTot 4.92E-17 0.064 0.009
leafWidthYoungest 1.1E-16 7.04E-06 0.000578
plantTranspTot 1.36E-16 3.75E-07 0.032
plantTranspRate_per day 1.35E-11 4.79E-09 0.089

Two performance groups are used: group 1 (eight cultivars) and group 2 (three
cultivars). Eight unique plants per treatment and cultivar.
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53.45 + 3.92
43.87 + 3.45
40.34 +2.38
44.3 £ 4.85
47.38 + 2.56
40.02 + 2.74
39.76 +£2.22
36.2 £ 2.96
32.76 + 1.45
209+1.75
32.78 £ 2.47
27.67 +1.68
31.56+4.97
275+ 3.64
39.7 £3.99
42.45 £ 2.44
24.3 + 3.87
40.92 &+ 3.67
31.41 £ 3.33
30.37 + 3.32
24.86 + 2.52

21.8+1.33
2418+ 1.4
29.01 +1.85
2167 £2.21

19.09 £1.17
1317 £2.07
16.6 £2.05
7.32 £1.14
13.3 £ 1.91

5% PEG

29.11 +£2.02

27.62 +1.83
27.44 £23
26.14 £ 3.21
25.4 + 4.44
24.46 + 1.9
24.43 £ 1.81
23.79 + 1.83
23.48 + 1.91
21.94 + 1.49
19.59 + 1.48
18.65 + 2.36
18.44 +2.18
18.44 + 4
18.22 + 1.51
18.14 + 4.58
17.29 + 4.08
16.86 + 2.96
16.29 £ 2.2
15.96 + 3.43
15.22 £ 2.12
13.85 + 2.34

13.44 £1.36
13.33 £1.66

1256 +£2.02
1217 £2.54

11.656+1.4

10.68 £1.02
9.59+22
6.55 + 1.67
4.64 £1.038

Growth
inhibition (%)

28.9*

48,34+
37.5%
35.2%
42.7*
48.4%%*
g
40. 1%
35.1%
g
34 e
43 1%
33.3*
415"
33.7+
54,3
59.3%**
30.6"
60.2%%*
49 2%
49.9*
44 3%

38.3***
44,97
56-9***
43.6*

3w+
19.7n8
42 2%

10.5"S
65. 1%

Mean aboveground biomass production (£SE) in 0% PEG and 5% PEG conditions
(n = 8). Growth inhibition (%) calculated as the difference between mean
aboveground biomass in 0% PEG and 5% PEG relative to the mean in 0%
PEG. Significance of t-test (growth in 0% PEG compared to 5% PEG) indicated
(**p < 0.001, *p < 0.01, *p < 0.05, nS: p > 0.05).





OPS/images/fpls-10-00905/fpls-10-00905-g005.jpg
Ratio of water reabsorption
to calculated plant weight (g/g)

Daily transpiration (g)

Water reabsorption (g)

500

300 -

200

100

0

20

10 -

0.08

0.06

0.04

0.02

- = =Control R'“""Vz
- = -ICL-SW
- = =ICL-NewFo1l

Pretreatment

A

| _==®23]

Dayl Day7 Day13 Day19 Day25 Day31

Control ICL-SW ICL-NewFol
A A
B
Control ICL-SW ICL-NewFo1
Pretreatment

Resilience
(recovery slope/stress degree)

Ratio of water reabsorption

Water reabsorption (g)

to calculated plant weight (g/g)

10 - X
A
7.5 4 2
A

5 -
25 4

0 A T T

Control ICL-SW ICL-NewFo1

Control ICL-SW ICL-NewFo1l

0.08 -
0.07 -
0.06 -
0.05 -
0.03 -
0.02 -
0.01 -

o
2

(=]
'

Control ICL-SW ICL-NewFo1

Recovery





OPS/images/fpls-09-00887/math_11.gif
H (x) =

P
I+

©





OPS/images/fpls-10-00352/fpls-10-00352-t002.jpg
X T IEGTMTMOO®>

w

Trait

duration_Start
duration_Maximum
duration_Reduction
relTransp_Night
relTransp_Start
refTransp_Maximum
refTransp_Reduction
rellransp_Day
refTransp_dayNight
transp_Night_propDaily
transp_Start_propDaily

transp_Maximum_propDaily
transp_Reduction_propDaily
relTranspRate_Start
refTranspRate_Maximum
relTranspRate_Reduction
transpRate_Start_propNight
transpRate_Maximum_propNight
transpRate_Reduction_propNight

transpRate_Day_propNight

relmLSave
closureProp

propSave

Description

Duration of the start segment

Duration of the maximum transpiration segment

Duration of the reduced transpiration segment

Night time transpiration

Transpiration in the start segment

Transpiration in the maximum segment

Transpiration in the reduced segment

Day time (ight on) transpiration

24 h transpiration

Transpiration in the night relative to the 24 h transpiration
Transpiration in the start segment refative to the 24 h
transpiration

Transpiration in the maximum segment relative to the 24 h
transpiration

Transpiration in the reduced segment relative to the 24 h
transpiration

Transpiration rate in the start segment

Transpiration rate in the maximum segment

Transpiration rate in the reduced segment

Transpiration rate in the start segment relative to the night
time transpiration rate

Transpiration rate in the maximum segment relative to the
night time transpiration rate

Transpiration rate in the reduced segment relative to the night
time transpiration rate

Transpiration rate in the day relative to the night time
transpiration rate

The volume of water saved by the reduction feature

The relative decrease of transpiration rate between maximal
and reduced segment

The volume of water saved by the reduction feature relative to
the whole day transpiration

Unit

[mUh*g)l
[mUh*g)l
[mU/h*g))

[mL/g]

Normalized
by plant
mass

X X X X x X

Type

C oo o oo oo B

o

o

c

d

Formula

E+F+G
D+E+F+G
o/

A
F/l
an
E/A
F/B
G/C
N/(D/12 )
O/D/12 h)
P/AD/12h)
HD

[E+F+(C* O)-H
1-(P/O)

1-[H/E+F+(C* O)]

Every variable is depicted by a letter, corresponding to Figure 3, formulas are derived by letters. Variables are classified (type column): (a) the duration of every
segment, (b) the segment specific transpiration volume, (c) transpiration rates relative to the night water loss rate, (d) the relative decrease of transpiration rate between
maximal and reduced.
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Subgroup

Banksii
Zebrina
Ambon
Cavendish

Gros Michel
Ibota
Mutika/Lujugira
Red

Rio

Unknown
Inolena

Mysore

Pisang Kelat
Pisang Raja

Plantain
Pome

Sik
Bluggoe

Kiuai tiparot
Monthan
Ney Mannan
Pelipita
Peyan
Pisang Awak

Saba
Pisang Kiutuk Wulung

Genome

AAB
AAB
AAB
AAB

AAB
AAB

BB

inITC group genotype
/ 42 Banksii
/ 34 Zebrina
/ 25 Pisang Bakar
51 26 Grande Naine
Poyo
Wiliams
9 28 Gros Michel
7 7 Khai Thong Ruang
76 32 Mbwazirume
10 24 Red Dacca
3 25 Leite
/ / Pisang Berangan
2 47 Uzakan
10 15 Pisang Ceylan
5 Pisang Palembang
4 40 Pisang Raja Bulu
Pisang Rajah
292 48 Orishele
25 20 Foconah
Prata Ana
14 19 Figue Pomme Géante
16 45 Cachaco *
Dole
3 13 Kluai Tiparot
10 45 Monthan
7 45 Blue Java
4 / Pelipita
2 / Simili Radjah
17 16 Fougamou 1
Namwa Khom
6 44 Saba

/

14

Pisang Kiutuk Wulung

ITC code

ITC0623
ITC1177
ITC1064
ITC0180
ITC0345
ITCO365
ITC1122
ITCo662
ITC1356
ITC0575
ITC0277
ITC1287
ITC0825
ITC1441
ITC0450
ITC0843
ITC0587
ITC1326
ITC0649
ITC0962
ITCO769
ITC0643
ITCo767
ITC0652
ITC1483
ITCO361
ITC0472
ITCo123
ITCO101
ITCOB59
ITC1138
ITC1587

XX X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X

X X X X X X X X X X X

x

XX X X X X X

X X X X X

Eleven successive experiments were caried out, with each time Cachaco (*) as reference cultivar: Per subgroup, the total number of accessions in the International Musa
germplasm collection (ITC) s given as well as the corresponding taxonomic group (after Christelova et al, 2016)
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Trait code N treatment W treatment N + W treatment

An=5 D(n=4) A(n=5) D(n=4) An=5) D(n=4)
Image-based traits

PSA 1812+ 30 1296 + 22 1186 + 20 1052 & 39 1001 + 36 1004 + 34
PTA 1546 + 25 1449 + 61 1191 £ 30* 1006 + 40 1107 £ 41°* 893 + 21
sCom 925 +27 962 + 66 857 + 39 910+ 72 796+ 17 813+ 76
TCom 500 & 44 546 & 80 445 + 56 472468 40432 442 91
CHA 5612 +276 5321 + 328 4226 + 258 3984 + 250 3823+ 155 3786+ 242
Solt 28515 27724 28415 256+ 1.1 287 +1.2* 235+1.3
SCovt 138408 13.4+2.1 137 £04° 115£09 12.6+05 1.30.1
Cle 83.3+ 24" 74132 68018 653+23 66.6+1.8 644228
And 075 +0.02 0.74£0.02 0.72+0.03 072001 069+ 0.02 071001
PHg 143+6 137 %7 %8+5 101+4 %+6 %9+6
PWd 650+ 1 628+4 6332 50.1+3 615+2 6874
Lcn 11.8+03 12807 10205 109£07 96+07 104 £1.1
Ln 69.1+3.4 66.6+ 4.1 688+35 66.1 % 4.1 68.7+45 66.4+2.7
Lwd 7701 69+0.4 6802 65403 6802 62:+0.4
EBvTt 154 % 4* 139 £ 1 155 a4 102:+3 86+2
A 312+08 304+ 1.1 304£07 284+15 302+07 27.0+21
psilt 521+05 515+0.7 468+0.7 46117 466+ 06 439£27
vaat 74£02 80+02 98+06 104£1.0 101£07 109+1.7
B2G* 1901 1.8+01 32+03 34£07 34203 35+ 1.1
R2G" 20£00 20£00 40£0.1 50£02 6.0+0.1 60+03
Lab_a 106+ 1 106+ 1 kb 3] mMx 1M1 110+1
Lab_b 1524 1 166+ 1 164+ 1 156+ 1 1565+ 1 156+ 1
RGB_g 43806 41606 34606 34307 342£09 34.7+09
RGB_bT 16.6+0.2 162403 180405 176406 17.8+06 17.4£04
RGB_r 26305 258+ 0.4 27706 267£06 27.3+08 26.1%0.2
Manually measured traits

BFw 21542 200+8 156 & 2* 136£6 146 + 2° 12446
BDw 24.4+08° 21303 15.4 % 0.4 129+ 0.3 14.4 % 0.4% 12101
NG 1.78 007 1.79 £ 006 2.73+0.08 279£0.10 263+ 0.12 261+0.18
RWC 938+05 982+05 858+1.2 83.9+ 1.1 872 1.1 809£15
SPW 7724 17" 68.4+1.2 50.1 +1.0° 455+ 1.1 50.6 + 2.2* 438£1.0
WUE 1.54 +0.03 1.49 £ 008 2.1+ 0,06 1.84 £ 0.04 2.04 +0.05° 175+ 0.05
Indice

PNUE 123£ 1.7 241£1.0 930+ 100 1021 £5.0 72080 774£20

n denotes number of inbred lines belong to the group. +Values were multiplied by 100, t1given in mega-voxel. Significant differences between groups A and D obtained
by t-test were bolded (*significant at P < 0.05; **significant at P < 0.01). N, nitrogen stress; W, water stress; N + W, combination of nitrogen and water stress. Trait
names are given in Section “Materials and Methods,” while their definitions and details of extraction are provided in Supplementary Table 2.
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Predictor Biomass fresh weight (BFw) Biomass dry weight (BDw)

c N w N+W [ N w N+W

PSA 0.049 0.084 0.301 0.232 0.087 0.046
PTA 0.424 0532 0.237 0.184 0.269 0.228 0.395 0.294
sCom ~0.146 —0.164 ~0.126 ~0.151
TCom ~0.162 —0.633

CHA

Sol 0.143 0.102
SCov 0.073

Cle 0.033 0.182 0.041
Rnd —0.221 ~0.146 0.096 0077

PHg 0.171 0.344 0.304 0.203

PWd

LCn -0011 -0.047 -0.023 -0.035 -0.196 -0.111
LLn 0.024 0.090 0.124
Lwd -0.210 —0.435

EBv 0340 0218 0212 0260 0.337 0236 0225 0246
Fl

Pl 0346 0316 0.194 0.176
Y26 0.124 0.153 -0477 ~0.151

B2G —0.048 ~0.060 —0.051 ~0.033 -0.033 -0.102 —0.000 ~0.094
R2G 0.062 —0.008

Lab_a 0.089 0.039 0.114 0.082
Lab_b ~0.008 ~0.332 ~0.174 —0.224 ~0.192 -0.182
RGB_g

RGB_b ~0.061 -0.037 0026 0075
RGB_r 0.031 0.005

The blank entries correspond to variables excluded from the model. C, control; N, nitrogen stress; W, water stress; N + W, combination of nitrogen and water stress. Trait
names are given in Section “Materials and Methods, " while their definitions and details of extraction are provided in Supplementary Table 2.
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3224
32.24
229.67
55.4
3224
32.24
53.36
253.51
40.11
3224

Alchemy Brompton  Claire
6924419 7072664 68961.26
79011.69 806347 7913284
83601.38 8462525 83505.17
85421.27 86303.78 84829.58
84679.14 86124.21 8533253
8452025 83636.76 84650.83
827325 8213626 83508.19
35021 35154 37208
54921 55246  547.53
560.86 57726 5627
587.3 59507  586.07
59951 60128 60033
61088 62054 60856
63591 63062  634.65
66519 67213  664.86
690.27 741 689.67
70959 71892  705.97
70659 71682 71503
712 72801 71197
70556 71801 710.01
70312 71239 697.06
29019 287.85 30231
2020398 1858362 20025.34
277082 2756807 2737938
3664201 367916  36739.89
24279 2335  237.44
382 36 358
1129 13 13
653 654 652

Hereward

712178
79320.72
82474.3
85063.95
84096.08
834259
81775.89
365.19
529.87
546.19
585.94
593.75
609
629.29
668.97
695.06
71813
709.11
709.62
708.75
704.36
289.38
20084.7
2741043
37302.61
241.51
4.05
1.31
6.55

Rialto

64324.87
72208.77
747372
76910.64
76355.65
75116.47
72993.25
366.47
54662
547.5
586,81
600.11
50423
636.49
67064
699.69
703.46
708.93
708.92
700.14
697.64
299.26
18496.39
26809.1
35800.98
240,05
359
12
654

Robigus

88639.24
104657.47
110709.22
115352.08
114026.02
113026.45

1110188

37033
605.29
58253
656.97
649,53
6203
688.47
748.67
82691
8375
855.32
86057
856.26
850
296.85

18941.17

38035.26

52020.44

244.43
278
1163
675

Soissons.

824208
95155
99681.57
101544.8
100925.26
97528.08
94719.31
365.25
602.12
5732
665.65
64104
621.7
67817
752.33
798.72
820.89
839.75
8358
831.98
831.53
299.37
13170.77
38044.2
51199.04
203.84
3.05
1148
6.68

Xi19

68635.23
78610.13
8196603
84263.48
84268.74
81995.76
81649.07
48314
53892
580.93
574.99
58064
627.37
617
655.72
637.68
69151
6953
693.25
691.63
e81.1
374.83
195214
25882.88
35243
241.79
382
1131
652

h2

026
030
032
033
032
0.32
032
038
032
028
025
030
0.23
034
032
041
042
0.40
040
0.40
0.41
031
025
026
033
025
025
031
038

logP

503
613
684
7.24
7.0t
698
669

85

69

552
a7

62
400
7.59
684

10.12

1047
962
975
977
10.02
616

42

49
7.04
419
425
658
909

P-value

o _ o
ccocococo0oo00305000000000CO

0
003
001

o
002
005

o

o

Lower

1100001
1100001
1100001
1100001
1100001
1100001
1100001
62600001
1000001
100001
1500001
1000001
100001
1000001
1000001
1000001
1000001
1000001
1000001
1000001
1000001
62700001
13800001
1300001
1100001
12500001
74600001
1100001
1100001

Upper

2100001
2200001
2300001
2300001
2200001
2300001
2300001
78600001
2100001
200001
2100001
1300001
200001
2100001
2200001
2800001
2800001
2500001
2500001
2500001
2400001
78500001
13900001
2100001
2100001
13700001
74700001
2200001
2500001

aM is the marker position. I is hertabiity. logP is 4og 10 at the QL peak; chr is the chromosome. P-value is the genome wise P-value for the QL based on permutations. Alchemy, Brompton, Claire, Hereward, Riatto, Robigus,
Soissons and Xi-19 indicate the estimated founder QTL effects as produced by HAPPY. Last two columns show 90% confdence interval (CY) for the QTL based on permutatiors. These values are island intervals, they are the segments
exceeding the genome-wide significance level.
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Name

B-73
A-632
Mo-17
V-273
V-395/31

L 375/25-7
L 325/75-2
TVA1415-1
727574
TVA912-1
PZS61
CK674/78-2
TVA810-1
RC109
Vir44 PEP
UE23

S49
L-335/99
TVA1736-1
TVA303-1

Code

| .
Lo

L A R
P TR R St
© 00 N O O~ W N 2+ O

L20

Maturity
group

Late
ntermediate
Late
Late
Late
ntermediate
Late
Early
ntermediate
ntermediate
Early
ntermediate
ntermediate
ntermediate
ntermediate

ntermediate
Early
Late

ntermediate

Early

Gene pool

Dent

Dent

Dent
Semi dent
Dent

Dent

Dent

Dent
Semi dent
Flint

Dent
Semi flint
Dent
Semi dent
Dent

Dent

Flint

Flint

Dent

Dent

Sector

Pub
Pub!

Pub

Pub!

Pub!
Pub
Pub
Pub!
Pub
Pub
Pub!
Pub
Pub
Pub!

Pub

ic
ic
ic

Private

ic

Private

Private

ic
ic
ic
ic
ic
ic
ic
ic
ic
ic

Private

ic

Pub

ic

Origin

United States
United States
United States
Serbia

Yugoslavi
Serbia
Serbia
Czechoslovakia®
United States’

Yugoslavia®
USSR
USSRt
Czechoslovakia®

QO

Czechoslovakia®
USSR

USSR

Poland’

Serbia
Czechoslovakia®
Czechoslovakia®

Indicates the MRIZP Gene bank accessions for which exact country of

development could not be determined so country of collection was listed instead.
Based on our knowledge or as reported in past studies (see section “Materials and
Methods” for more details) the studied genotypes can be classified as susceptible
(ILs 1-5) or tolerant (ILs 6-20).
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Species Genotype T P-value

Pisum P669 —3.91 0.003

Pisum P656 3.81 0.004

Pisum P665 3.73 0.005

Lathyrus Titana 9.54 0.0001

Vicia faba Brocal 5.65 0.0003
df =9

T-test results showed preference for oviposition on Messire at higher T levels.
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Environment Season Av. Temp Av. Humidity Accu. Rainfall Accu. Rad.
ey (%) {mm) (W/m?)

Escacena 2014-2015 152 66.1 130.0 177

Cérdoba 15.0 66.8 164.1 17.4

The parameters (Av. Temp., average temperature; Av. Humidity, average humidity; Accu. rainfall, accumulated rainfal; Accu. Red., accumulated radiation) are given for the

crop season (from sowing til harvest date).
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Source DF ss Ms

Environment (B) 1 2950.2 2950.18
Genotype (G) 12 12618.6 1051.55
ExG 12 1535.6 127.96

42.56
15.17
1.85

0.0001
0.0001
0.0645

DF, degrees of freedom; MS, mean square; G x S, term of genotype x season interaction.
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Accession

Messire
P669
P656
P665
Titana

Brocal

Species

Ps. ssp. sativum
Ps. ssp. elatius

P fulvum

Ps. ssp. syriacum
Lathyrus sativus
Vicia faba

Number of eggs
laid on pods

Flower source effect’

Days till first
oviposition

(Average + SE)

259+46
197 +08
143 +31
180+18
211+28
200 +2.3*

55402
55+02
58+05
55+0.2
56+03
8.0+ 0.4*

Bp
mortality

(Average  SE)

~1+
it
~1+
++
~/+
et

Pod source effect’

Number of eggs
laid on pods

(Average  SE)

250+42

234+02

140 +3.2

101 £3.2

12 +027
s

Days till first Bp
oviposition mortality
(Average + SE)
50+029 I+
45+025 ~I+
56+0.56 It
58+053 I+
13.4 0477 +4
s

Effect of host and non-host flowers on Bp oviposition capacity on pea ov. Messire. *Effect of host and non-host pods on oviposition of Bp feed with flowers of pea cv.
Messire. T Only six cages showed oviposition; “only four repetitions showed oviposition; $ Some eggs were observed but never on pods; SE, standard error.
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Accession

P26
P36
P37
P38
P39
P624
P638
P639
P646
P656
P665
P69
Messire

Synonym'

Pl 116056
Pl 343988
PI 505080
Pl 505092
PI505111
IFPI 2348
IFPI 2362
IFPI 2363
IFPI 2370
IFPI 3250
IFPI 3280
IFPI 3330

Origin
India
Turkey
Cyprus
Cyprus
Syria
Ethiopia
Ethiopia
Ethiopia
Ethiopia
Syria
Syria
Turkey
France

Species Subspecies
P satium satium
P sativum sativum
P satium sativum
P satium satium
P satium sativum
P satium arvense
P satium arvense
P satium arvense
P satium arvense
P fulvum

P satium syriacum
P sativum slatius

P satium sativum

Location Mean + SE:

Cérdoba

447 +6.4
346 +£14
492 +1.2
429+7
388 +54
481 +£1.7
433+18
473+7.2
406 £2.7
225+38
56+3.1
16.0 +3.8
817 £35
39.6 £3.0

%8| + SEM

Escacena

403 £0.3
20727
27.7 £82
236 +4
188+9.8
227 +1.8
302 +12
327 £129
410+£53
225+38
21+04
70+£12
452 +3.6
2641 +23

1 Pl-numbers: accessions provided by USDA, United States; IFPI-numbers: accessions provided by ICARDA, Syria. SEM, standard error of the mean.
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Protein identification after peptide annotation

Spot N-SQC sQc Fold change (N-SQC/SQC) Functional Annotation Transfer Notes
425 0.196 £ 0.014  0.158 £+ 0.008 1.24 no information available*
582  0.048 £0.002 0.034 £ 0.004 1.41 (0} Pyruvate kinase
(i) Peptidase with M16 domain
(i)  ATP synthase, F1 complex, alpha subunit
828  0.104 £0.011  0.052 £ 0.004 2.00 26S proteasome regulatory subunit
1017  0.067 £0.002  0.055 £ 0.004 1.22 (M Malate dehydrogenase, mitochondrial
(i)  D-galacturonate reductase
1044  0.666 + 0.067 0.479 + 0.033 1.39 Annexin Organization of extracellular matrix;
Signal transduction
1101 0.055 £ 0.007  0.032 £ 0.005 1.72 Isoflavone reductase
1163  0.092 £ 0.008  0.066 + 0.006 1.39 Calcium-binding membrane protein Activation/inactivation of target
proteins
1220 0.413+£0.023  0.295 + 0.031 1.40 TOM40 Import of proteins into mitochondria
1307 0.283+0.018 0.214 £0.019 1.32 ATP Synthase F1FO, mitochondrial ATP synthesis on proton gradient
1453 0.126 £0.015  0.063 £ 0.008 2.00 Basic secretory protein (BSP) Plant defense response; peptidase
1777  0.355 £ 0.026  0.263 £+ 0.027 1.35 Cyclophilin Protein folding
1870 0.616 £0.057  0.420 £ 0.048 1.47 RNA-binding protein, mitochondrial Role in RNA transcription/
processing during stress
2865 0.050 £0.004 0.036 + 0.002 1.39 no information available*
1687 0.030 £0.008  0.043 £ 0.002 0.70 (8R)-hydroxymyristoyl-[acyl-carrier-protein] Fatty acid biosynthesis; Biotin

dehydratase

metabolism

With the exception of spots 425 and 1777, all the other protein spots were found differentially expressed between groups through univariate tests and when considering
the proteome dataset alone. Detailed information is available as Supplementary Tables S3, S4. *MS spectra not obtain for this spot.
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Sampling location

Sampling location (GPS
coordinates)

Altitude (m)

Metereological station location
(GPS coordinates)

Mean air temperature (°C)’
Maximum temperature range (°C)?
Minimum temperature range (°C)?

n° months with negative
temperature?

n° months with
temperature > 35°C?

Mean year rainfall (mm)’
Soil classification®

Climatic data refers to the
available at

N-SQC

Coruche
38°46'N, 08°39'W

68
39°12'N, 08°44'W

17.0
14.7
8.5
4

54.3
Podzols

www.ipma.pt/pt/oclima/normais.clima/1981-2010;

saQc

Serra Caldeirao
37°15'N, 07°59'W

329
37°01'N, 07°59'W

17.9
10.1
7.2
2

42 .4
Lithosols

1981-2010 period (climatologic normal),

2Calcu-

lated as the minimum (or maximum) monthly temperature range (1981-2010

period); 3(Cardoso, 1965, 1974).
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Plant Species

Vitis vinifera L.

Citrus sinensis L.
Osbeck

Citrus clementina L.

Citrus reticulata L.

Citrus medica Citrus
maxima Citrus
ichangensis

Citrus unshiu L.

Olea europaea L

Estimated genome size

500 Mop
(aillon et al., 2007)

367 Mbp
(Xu et al., 2013)

302 Mbp
(Wu et al., 2014)

370 Mbp
(Wang L. et al., 2018)

391
(Wang X. et al., 2017; Wu
etal., 2018)

407 Mbp, 380 Mbp,
Mop

370 Mop

(Shimizu et al., 2017)
1380 Mbp

(Cruz et al., 2016; Unver
etal., 2017)

Genomic resources

Accessible from:

www.genoscope.cns.fr/externe/GenomeBrowser/Vitis

https://phytozome igi.doe.gov/pz/portal.
htmi#!linfo?alias=Org_Wvinifera
hitp://genomes.cribl.unipd.t/grape/index.php or
GenBank taxa id 29760

Accessible from: https://phytozome.jgi.doe.gov/pz/
portal.html#!info?alias=Org_Csinensis or GenBank
taxaid: 2711

Accessible from: https://phytozome jgi.doe.gov/pz/
portal.htmiglinfo?alias=Org_Cclementina or
GenBank taxa id: 85681

Accessible from:
hitps://www.citrusgenomedb.org/organism/5941
or GenBank taxa d: 86571

Accessible from: C. medica
hittps://www.citrusgenomedb.org/organism/5945
or GenBank taxa d: 171251 C. maxima

or GenBank taxa id: 37334 C. ichangensis
hitps:/www.citrusgenomedb.org/organism/5948
or GenBank taxa id: 2709

Accessible from: http://www.citrusgenome.Jp/ or
GenBank taxa id: 55188

Accessible from subsp. europeae GenBank taxa id:

Systems biology resources

.

Vitisnet (https:
/lwww.sdistate.edu/agronomy-horticulture-and-
plant-science/functional- genomics-bud-
endodormancy-induction-grapevines-5)
genome sequences and ESTs from the Vitis
genus, spans more than 39,000 unique
sequences and 13,145 genes assigned to 219
networks (Grimplet et al., 2009).

VTCdb based on the publicly available
microarray data from Vitis vinifera Affymetrix 16K
GeneChip and the NimbleGen Grape
Whole-genome microarray chip (29K), spans
over 29,000 genes (Wong et l., 2013) no
longer available.

Biowine (https://alpha.dmi.unict.it/biowine/)
designed for the functional analysis of genomes
of Sicilian grapevine cultivars. This system allows
the analysis of RNA-Seq including the
cconnection to miRNAs (Pulvirenti et al., 2015).
MIRVIT (http://mirvit.ipsp.cnrit/) updated MIRNA
accession list repositioned according to the most
recent V. vinifera genome (Chitarra et al., 2018).
VESPUCCI (http://vespucci.colombos.fmach.it/)
comprises most microarray and RNA-Seq data
for V. vinifera (Moretto et al., 2016).

None available

.

.

.

« Olive Genetic Diversity Database (OGDD)

4146 subsp. sylvestris http://olivegenome.org/ or
GenBank taxa id: 158386

(http: bioinfo-cbs.org/ogdd), a genetic,
morphologic and chemical database of
worldwide olive oil production for the
identification of unknown olive tree cultivars,
based on SSR markers (Ben Ayed et al., 2016).
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Isd

9
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15
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PF

99,6 £ 0.6
99,8 +0.7
97,3+ 0.1*
91,9 £ 3.5*
999+06
101,56+ 0.3
101,0+06
94,1+ 1.7
3.194

101,3+43
101,6 £ 4.8
85,1 £2.5
726+99*
100,1 £ 3.0
109,5+25
99,1£29
82,5 +5.6*
11.59

DAG

796+ 175
75,3 £ 8.0*
93.3 +24.7
74,0 + 10.0*
1466 +7.3*
113,0+9.8
101,6 + 14.4
233,5 + 16.4*
422

PUFA/SFA

108,1+33.8
9334274
119,1 £ 42.8
40,1 £ 7.7
166,6 + 10.2*
147,0 £ 27.4*
1161 £17.3
236.4 + 50.7**
44.0

TAG

Double Bond Index (DBI) compared to watered controls

983+ 1.4
91,3+ 129
1288 £ 1.3*
91,7 £7.1
89,9 + 146
106,2 £ 0.8*
115,3 + 0.4*
1032 +39
16.63

71.68 £ 1.31*

110,3 +£23.8

197,0 + 4.2%*
75,0+ 16.7

105.62 + 3.6

166,3 £ 11.2**

1348 £0.2*

1263 +12.8

57.7

FFA

133,56 +0.03*
96,5+ 1.3
100,9 + 8.4
701 £115
1633 £5.8"
117,2+98
1035+87
177,6 +23.8*
25.64

142,3 + 56.1
83,8 + 5.35"
184,77 + 29.62
125,99 + 35.4
1356,6 + 19.0*
127,7 £33.9
99,5+ 4.0
250,5 + 48.1*
53.9

Data are mean of 4 replications + standard error. * and ** indicate significant differences at P < 0.05 and 0.01, respectively, respect to their well-watered controls. I.s.d
for P < 0.0 is also given for other comparisons within the table.
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