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For efficient mechanical harvesting, low grain moisture content at harvest time is essential. Dry-down rate (DR), which refers to the reduction in grain moisture content after the plants enter physiological maturity, is one of the main factors affecting the amount of moisture in the kernels. Dry-down rate is estimated using kernel moisture content at physiological maturity and at harvest time; however, measuring kernel water content at physiological maturity, which is sometimes referred as kernel water content at black layer formation (BWC), is time-consuming and resource-demanding. Therefore, inferring BWC from other correlated and easier to measure traits could improve the efficiency of breeding efforts for dry-down-related traits. In this study, multi-trait genomic prediction models were used to estimate genetic correlations between BWC and water content at harvest time (HWC) and flowering time (FT). The results show there is moderate-to-high genetic correlation between the traits (0.24–0.66), which supports the use of multi-trait genomic prediction models. To investigate genomic prediction strategies, several cross-validation scenarios representing possible implementations of genomic prediction were evaluated. The results indicate that, in most scenarios, the use of multi-trait genomic prediction models substantially increases prediction accuracy. Furthermore, the inclusion of historical records for correlated traits can improve prediction accuracy, even when the target trait is not measured on all the plots in the training set.
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KEY MESSAGE


- When data are limited on difficult to measure traits in historical datasets or in sparse phenotyping approaches, the use of correlated traits in multi-trait predictions models significantly increases prediction accuracy.





INTRODUCTION

Maize (Zea mays L.) is one of the most widely grown food crop across the world (Lawrence et al., 2008; Shiferaw et al., 2011). With efforts to increase maize grain yield/production to meet the growing global food demand (Ray et al., 2013), mechanization of grain harvesting has become a common practice in many countries (Pari et al., 2020). In maize, low grain moisture content at harvest is essential for efficient mechanical harvesting (Brooking, 1990; Singh et al., 1998; Liu et al., 2020). When the moisture content is low, mechanical harvesting becomes more efficient due to easier grain shelling (Chowdhury and Buchele, 1978), and low grain moisture content at harvest time is highly desirable by farmers as it allows long-term grain storage (Weinberg et al., 2008). Many developed countries have fully implemented mechanical harvesting in maize (Du Plessis, 2003); however, due to differences in technological advancements and climatic conditions, implementation is still limited in many countries (Du Plessis, 2003). In northern China, for example, efficient mechanical harvesting requires grain moisture content of maize hybrids to be between 25 and 40% (Nielsen, 2011), making the reduction in grain moisture at harvest a main objective of maize breeders in China.

Grain moisture content, at harvest time, depends on the dry-down rate at maturity (Liu et al., 2020). Dry-down rate, which refers to the reduction in grain moisture content after physiological maturity, is an important trait for reaching the desired level of grain moisture content at harvest time (Cross, 1985; Cross and Kabir, 1989; Martinez-Feria et al., 2019). Varieties with a fast dry-down rate can stay-green late into the season to provide nutrients to the grain (Arriola et al., 2012) while ensuring lower grain moisture content at harvest. Dry-down rate is a polygenic quantitative trait (Li et al., 2021) and is usually inferred from grain moisture content at physiological maturity and grain moisture content at harvest time (Cross and Kabir, 1989; Kebebe et al., 2015). To determine the physiological maturity of maize, time of black layer formation on the grain, an indication of physiological maturity of the grain (Rench and Shaw, 1971; Daynard, 1972; Carter and Poneleit, 1973), needs to be recorded. Grain moisture content at physiological maturity or at black layer formation is very difficult and time-consuming to measure since it requires diligent monitoring of the grain for black layer formation (Knittle and Burris, 1976; Tekrony and Hunter, 1995). Therefore, predicting grain moisture content at black layer formation from genomic information and readily available correlated trait(s), such as grain moisture content at harvest time (HWC) and flowering time (FT), is desirable and beneficial to drive genetic improvement using multi-trait genome prediction methods (Schulthess et al., 2016).

Genomic selection (GS) is a popular method that implements and improves upon marker-assisted selection (MAS). Genomic selection (GS) is especially beneficial when dealing with complex traits that are affected by many quantitative loci each with very small effects (Goddard and Hayes, 2007; Hayes et al., 2009; Heffner et al., 2009; Jannink et al., 2010; Crossa et al., 2017). Genomic selection (GS) takes advantage of genome-wide molecular markers, single-nucleotide polymorphisms (SNPs), and has been successfully implemented in both animal and plant breeding to predict genomic breeding values (GEBVs) (Ceballos et al., 2015; Hickey et al., 2017; Zenger et al., 2019). Multi-trait genome prediction (MTGP) models have emerged as a promising approach for joint analyses of multiple traits (Guo et al., 2014; Lyra et al., 2017; Lado et al., 2018; Runcie and Cheng, 2019). MTGP benefits from the information of genetically correlated traits in order to improve genomic prediction accuracies for traits that are difficult to measure/record and can be otherwise inferred from readily available correlated traits (Schulthess et al., 2016).

In this study, multi-trait genomic best linear unbiased prediction (MT-GBLUP) models were used to estimate genetic correlations between BWC and HWC and FT. MT-GBLUP was performed using different model training approaches to investigate optimal prediction strategies and investigate prediction accuracy for BWC when using HWC and FT as secondary traits.



MATERIALS AND METHODS


Materials

The population used in this study contained 397 diverse maize inbred lines with a wide genetic background. These lines were sourced from China (281 lines), United States (105 lines), and CIMMYT (11 lines). Most of the inbred lines from the United States and China are from a temperate environment background, whereas the inbred lines from CIMMYT are from tropical backgrounds.

All 397 inbred lines were planted in three locations in China: Shenyang City in 2019 (19SN) located in northeastern China (N40°82’, E123°56’), Shenfu City in 2017 (17SF) located in northeastern China (N41°51’, E123°54’), and Hainan Province in 2017 (17HN) located in southern China (N18°45’, E109°10’). Figure 1 shows the location of the three field trials in the experiment, where the blue, red, and green circles represent SN, SY, and HN, respectively. All lines were planted using a randomized complete block design with two replicates per line. The lines were planted in a single row plot of 2-m long, 0.6-m wide, with a 0.4-m aisle between rows.
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FIGURE 1. Locations of the three field trials. The blue, red, and green circles represent SN, SY, and HN, respectively.


Since grain moisture at physiological maturity is a component of dry-down rate calculations (Cross and Kabir, 1989; Yang et al., 2010), it was important to determine when the inbred lines entered maturity. Using black layer as a mark for maturity (Daynard and Duncan, 1969; Daynard, 1972; Carter and Poneleit, 1973), all maize inbred lines were phenotyped for time to black layer formation. This was done by observing all plants after pollination until the starch layer of maize grains gradually decreased and the black layer formed. When the black layer appeared, the water content of the kernels was measured for six plants that were randomly selected from each inbred line and showed uniform growth. The water content of the kernels was measured with a moisture meter to a depth of 3 mm at two time points, first when the black layer appeared, and then either 15 or 7 days, for temperate or tropical, respectively. Hainan province is located in the tropical zone with little rainfall and high temperatures, so the dry-down rate of kernels is faster than in temperate zones. A preliminary experiment was done and found that approximately 90% of the lines were ready for harvest after 15 and 7 days after physiological maturity in temperate or tropical zones, respectively. Therefore, a modification to dry-down rate was made to ensure correct comparisons between tropical and temperate zones, after the black layer formation as the moisture content at harvest. Days to flowering was defined as the time taken from planting for 50% of the plants in a plot to commence flowering. The experiment was conducted in two ecological zones, the temperate and tropical. The temperate ecological zone had two locations (SN and SF), while the tropical ecological zone had only one location (HN). All phenotypes were collected on the 397 inbred lines.

Genotyping-by-sequencing data with 600 K single-nucleotide polymorphism (SNP) markers were available for the 397 inbred lines. After quality control for missing rate (< 10%), minor allele frequency (MAF > 0.05), and LD pruning (at 0.9), missing genotypes were imputed using TASSEL 5.0 (Bradbury et al., 2007).1 A total of 56,563 SNP markers were used.



Methods

Dry-down rate was calculated for the temperate and tropical regions as follows in Equations 1 and 2.
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where DRTRO and DRTEM are dry-down rate (DR) for the tropical and temperate climate zone, respectively. BWC is grain moisture content when black layer appeared, and HWC is grain moisture content at harvest time.

Single-trait genomic best linear unbiased predictions (ST-GBLUP) were used to estimate genetic and residual variances in each location using the following model for each trait (BWC, HWC, and FT):
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where y is the vector of raw phenotypes, μ is the overall mean, b is the fixed effect of replication, u is the vector of random additive genetic effects for inbred lines, X is a design matrix for the fixed effect of replicate, Z is the design matrix for additive genetic effects, and e is the vector of residuals. The distribution of the random effect u was assumed to be [image: image], where [image: image] is the additive genetic variance and the G is the additive genomic relationship matrix between the inbred lines (Vanraden, 2008) calculated as follows:
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Elements of matrix W are wij where wij is the genotype represented as the number of copies of the major allele of line i at marker j, denoted as 0 or 2 for the minor and major homozygous genotypes, respectively, and pj is the allele frequency at marker j. Each column of W is mean centered prior to calculation of G.

Narrow sense heritability (h2) explains the proportion of phenotypic variation due to additive genetic variance. Heritability was calculated as follows:
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Where [image: image] is the additive genetic variance, and [image: image] is the residual error. Variance components were estimated by fitting a ST-GBLUP model with the genomic relationship matrix (GRM).

A MT-GBLUP model was fit to estimate the genetic and residual covariance between three traits: black layer water content (BWC), harvest time water content (HWC), and flowering time (FT). The general MT-GBLUP model within each ecological zone was as follows:

[image: image]

where y1, y2, and y3 are the vectors of phenotypes for BWC, HWC, and FT, respectively, μ1, μ2, and μ3 are the overall mean for each trait, b1, b2, and b3 are the fixed effects of location and replication nested within location, u1,u2, and u3 are vectors of the random additive genetic effects for each trait, X1, X2, and X3 are the design matrices for the fixed effect of replication, Z1, Z2, and Z3 are the design matrices for the random genetic effect, and e1, e2, ande3 are the vectors of residuals. It was assumed that [u1, u2, u3]∼N(0,Go⊗G), where Go is the variance–covariance matrix of the genetic effect of the traits as follows:
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where G0 represents a symmetrical 3 × 3 variance–covariance matrix of the genomic effect of genotypes in the environments. The diagonal of the G0 matrix is the additive genetic variance for three traits, while the off-diagonal elements represent the genetic covariance between the traits.

G is the same as Eq. 3, and residual errors were assumed to be distributed as [e1, e2, e3]∼N(0,I⊗R), where I is the identity matrix and R is a symmetrical unstructured matrix of the residual (co) variances:
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ST-GBLUP and MT-GBLUP models were fit separately for each ecological region. For the temperate zone where there were two locations, both Eqs 3 and 6 were modified to account for the random location effect and the effect of replicate was nested within location. However, since there is only one location in the tropical ecological zone, the location effect in both Eqs 3 and 6 was ignored.



Multi-Trait Genomic Prediction and Cross-Validations

Genomic predictions were performed using MT-GBLUP and ST-GBLUP using Eqs 6 and 3 for different cross-validation scenarios. This was done to assess prediction accuracy for BWC using information on correlated traits, HWC and FT, in each ecological zone. For that purpose, three cross-validation scenarios were considered.

Figure 2 shows an example of the first cross-validation scenario (CV1). In CV1, a standard 5-fold cross-validation scenario was used; however, the phenotypic value for BWC was set to missing for an additional randomly selected 20, 40, or 60% of the training set. The phenotypic information for HWC and FT was either kept as complete (Figure 2A) or set to missing (Figure 2B) when BWC was missing. The purpose of this scenario was to examine a genomic selection approach in which historical data are used to predict performance of untested lines and to determine the value of including historical records for correlated traits, even when the target trait (BWC) was missing. This represents a likely scenario as the cost of phenotyping BWC on all tested lines at all test locations will likely be cost prohibitive.
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FIGURE 2. Data used for ST-GBLUP and MT-GBLUP prediction in CV1. Each box indicates the presence or absence of phenotypic data for a particular trait in either the training or validation set. The presence and absence of phenotypic data are indicated by blue dotted (phenotypic data present in the training set), gray (phenotypic data absent in the validation set), and blue vertical stripes (phenotypic data absent in the training set). The phenotypic information for HWC and FT was either kept as complete in the training set (A) or set to missing when BWC was missing (B).


Figure 3 shows an example of the second cross-validation scenario (CV2). CV2 tested prediction accuracy using 10-, 5-, 3-, and 2-fold cross-validation. In each case, the entire dataset was subdivided to groups, with one of the groups used as a validation set (BWC set to missing), with the rest of the group used as a training set. Figure 3B shows an additional scenario (CV_90), in which the validation set was constructed by setting the BWC phenotype of 90% of the maize inbred lines to missing. In this scenario, 90% of the population were randomly selected and BWC was set to missing and fit using MT-GBLUP model. This process was replicated 10 times. In all CV2 scenarios, the phenotypic value for BWC was set to missing in the validation set, while keeping the phenotypic information for HWC and FT. This scenario was used to compare the prediction accuracy in a sparse phenotyping scenario where only a subset of lines are phenotyped for the difficult to measure BWC trait. To examine the impact of using genomic information on prediction accuracy, as opposed to only using correlated trait information, the MT-BLUP model was also fit with an identity matrix in place of the GRM.
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FIGURE 3. Data used for ST-GBLUP and MT_GBLUP prediction modeling in CV2 (A) and the CV_90 scenario where 90% of the inbred lines were randomly selected and had BWC phenotypes set to missing (B). Each box indicates the presence or absence of the phenotypic data for a particular trait on either the training or validation set. The presence and absence of phenotypic data are indicated by dotted blue and gray filled, respectively.


In the third scenario (CV3), the validation and training sets were constructed in such a way that one replication or one location was selected and used as a validation set, with the remaining locations and replications used as a training set. In the validation set, the phenotypic value for BWC was set to missing while keeping phenotypic information for HWC and FT. The purpose of this scenario was to simulate a breeding program where BWC is measured only in one replicate or in one location while HWC and FT are recorded in all replicates and locations.

The prediction models were run 10 times, and the Pearson correlation between phenotypic values for BWC (corrected for fixed effects) and predicted values was calculated in each run. The result presented here is the average of the 10 runs. All single- and multi-trait analyses were done using ASReml 4 (Gilmour, 1997)2.




RESULTS


Heritability and Genetic Correlations

Heritability estimates for BWC, HWC, and DR were obtained using the ST-GBLUP model. As shown in Table 1, small (0.22)-to-moderate (0.69) heritability estimates were obtained for BWC across the different locations and ecological zones. Heritability estimates for HWC ranged from small (0.27) to moderate (0.51) across locations and ecological zones, and heritability estimates for DR ranged from 0.15 to 0.26. Table 2 shows MT-GBLUP genetic correlations, genetic variance, and genetic covariance between BWC, HWC, and FT in temperate ecological zone. Genetic correlations between the BWC, HWC, and FT ranged from 0.24 to 0.66, with the highest genetic correlation between BWC and HWC and the lowest between BWC and FT. Low-to-moderate heritability estimates for BWC and HWC indicate that effective selection pressure can be placed on these traits, and high genetic correlations between BWC, HWC, and FT suggest that multi-trait genomic selection may represent the best approach for genomic prediction for these traits.


TABLE 1. ST-GBLUP heritability estimates for BWC, HWC, and DR within each agro-ecological zone and location.
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TABLE 2. MT-GBLUP genetic correlation, genetic variance, and genetic covariance between BWC, HWC, and FT in the temperate ecological zone.

[image: Table 2]


Prediction Accuracies

Figure 4 shows prediction accuracy for BWC in the temperate ecological zone from CV1. Only results from the temperate zone (2 locations) are illustrated, as inconsistent model convergence was observed for the tropical environment, likely due to the limited phenotypic data collected in tropical zone. The box plots on the left side of the dotted line are prediction accuracies where all individuals in the training set have phenotypes for the three traits (BWC, HWC, and FT) and when 5-fold cross-validation without additional missing data in training set was used (purple bars). As shown in the Figure 4, when all the three dry-down-related traits were set to missing for additional 20, 40, and 60% of the training set (green bars), lower prediction accuracies were observed compared to the case where only the phenotype for BWC was set to missing (blue bars). ST-GBLUP model gave the highest accuracy (red bars) in the cases where the phenotype for BWC was set to missing for additional 20% of validation set, but the MT-GBLUP model performed best when all correlated phenotypes were included in the training set and BWC was set to 40 and 60% missing.
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FIGURE 4. Prediction accuracy from ST-GBLUP and MT-GBLUP models from the first cross-validation (CV1) scenario in temperate zone. Method “_ST_” is the ST-GBLUP model; Method “ALL” is a multi-trait model with all the three dry-down-related traits set to missing for an additional 20, 40, and 60% of the training set; Method “BWC” is a multi-trait model where only the phenotype for BWC is missing for an additional 20, 40, and 60% of the training set; Method “VeSA” is a multi-trait model with complete phenotypic data for all traits in the training set. The results to the left of the dashed lined had no missing data for any trait in the training set.


Figures 5A,B shows prediction accuracies for BWC from CV2 in the temperate and tropical ecological zones, respectively. Red and blue box plots represent prediction accuracies from the MT-GBLUP model with genomic relationship matrix (GRM) or identity matrix (IDM), respectively. The box plots on left side of the dotted line are the prediction accuracies from 10-, 5-, 3-, and 2-fold cross-validation scenario. The box plots on right side of the dotted line are the prediction accuracies when 90% of the lines in the population were used as the validation set (CV_90). As shown in Figure 5A, prediction accuracies in temperate ecological zone range from 0.45 to 0.79 when the GRM was fit in the MT-GBLUP model, as compared to accuracies ranging from 0.4 to 0.65 when the identity matrix was used. Figure 5B shows prediction accuracies for BWC in the tropical ecological zone following the CV2 and CV_90 scenarios. When the GRM was fit in the MT-GBLUP model, prediction accuracies ranged from 0.5 to 0.87 as compared to accuracies ranging from 0.8 to 0.82 when the identity matrix was used. In general, the results from CV2 indicate that higher prediction accuracies are obtained when the GRM is used instead of an identity matrix in the MT-BLUP model.
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FIGURE 5. Prediction accuracy for black layer water content (BWC) in temperate (A) and tropical (B) ecological zones from the CV2) scenario (left of the dashed line) and an CV_90 scenario where 90% of the inbred lines were selected and had BWC phenotypes set to missing (right of the dashed line). Methods “GRM” and “IDM” refer to multi-trait models using a genomic relation matrix or identity matrix for the genetic effect, respectively.


Table 3 shows prediction accuracies in the temperate ecological zone following the CV3 scenario. As shown in Table 3, high prediction accuracies ranging from 0.79 to 0.96 were obtained for BWC in the temperate ecological zone from the MT-GBLUP model. This result indicates that unreplicated designs for BWC data collection can produce accurate results, with potentially large savings in labor and logistical costs.


TABLE 3. Prediction accuracy from the CV3 scenario for the temperate zone.

[image: Table 3]



DISCUSSION

Development of maize varieties with low HWC is an ideal situation that ensures efficient mechanical harvesting can be applied. To achieve this goal, a good breeding strategy which can reduce the consumption of resources while achieving desired rates of genetic gain for the target traits is essential. In this study, we consider the genetic architecture of dry-down-related traits and effective prediction strategies for genomic-enabled breeding, leveraging correlated traits (HWC and FT) that are relatively easy to phenotype (Tsuruta et al., 2011; Jia and Jannink, 2012; Guo et al., 2014; Okeke et al., 2017; Lozada and Carter, 2019). Compared with single-trait genomic prediction model (ST-GBLUP), when a target trait has lower heritability and phenotypic data on highly correlated traits are available, multi-trait genomic prediction model (MT-GBLUP) has a great advantage (Guo et al., 2014). In MT-GBLUP, secondary traits are used to predict a target trait, which is often difficult to phenotype or measure (Lozada and Carter, 2019). The use of MT-GBLUP in US Holstein breeding efforts has improved prediction accuracy of several traits to varying degrees when compared to ST-GBLUP, (Tsuruta et al., 2011). Analogously, when multi-trait and multi-environment mixed models were used to predict agronomic traits, 40% improvement were obtain in prediction ability in cassava (Okeke et al., 2017).

The advantage of MT-GBLUP model, however, depends on the genetic correlation between the target and the secondary traits (Jia and Jannink, 2012). Estimates of (co) variance components for maturity and dry-down traits indicate that moderate-to-strong genetic correlations exist between routinely measured maturity and harvest moisture traits and the more difficult to measure traits like BWC and DR (Table 2). These results, combined with the moderate-to-low heritability found for DR (Table 1), suggest that genomic-enabled breeding strategies for selection on DR related traits should consider the use of correlated traits. The moderate-to-high correlations between HWC and BWC also indicate that strategies focused primarily on selection for HWC and yield could be used effectively to apply indirect selection pressure on DR. In this study, both hold (CV1 and CV2) and instant (CV_90) prediction accuracy calculations were used. It should be noted that the use of hold prediction accuracies can create negative bias in the correlations used to estimate prediction accuracy, this bias increases as the number of folds increases (Zhou et al., 2016).

The first cross-validation scenario (CV1) focused on breeding strategies that rely on generating predictions for lines that have yet to be tested in the field. As such, no phenotypic information on correlated traits is available on lines in the validation or prediction set. As seen in Figure 4, in situations where no correlated traits have been measured, MT-GBLUP model has no comparative advantage over ST-GBLUP when the training dataset has complete records for BWC. In fact, the results suggest that in this scenario, the use of ST-GBLUP may be a more parsimonious model leading to results that are as good or slightly better than MT-GBLUP. These results agree with previous findings that the advantage of MT-GBLUP is largest when the correlated traits were measured on prediction candidates and included in the model (Maier et al., 2015; Mehrban et al., 2019).

In the first cross-validation scenario (CV1), we further investigated the impact of including records in the training set that have no BWC phenotypic information but do have phenotypic records for correlated traits like FT and HWC. Many maize breeding programs record HWC and FT as agronomic traits for many generations (Abadassi, 2015), while BWC is rarely phenotyped. As a result, it is likely that historical data will have far more phenotypic data points for HWC and FT than for BWC. Historical HWC and FT provide breeders a considerable amount of historical data on correlated traits that can be used to predict BWC. The impact of including historical records without the target trait measured varies depending on how unbalanced the historical data are, but as the number of BWC records in the training set decreases, the advantage of MT-GBLUP increases when all correlated trait records are included for model training. These results suggest that including correlated traits in the training set can improve prediction accuracy substantially when there is sparse information on the target trait in historical datasets.

In CV2, the phenotype for BWC was set to missing for a subset of the population in order to mimic a breeding program that collects data on a trait that is expensive and difficult to measure on a subset of the population and predicts the phenotype for the rest of the population using routinely collected data on correlated traits. This is not an uncommon scenario as in most breeding programs, resource and time efficiency are important factors to consider (Morris and Bellon, 2004; Ceccarelli, 2015). The results in Figure 5 indicate that by using MT-GBLUP, BWC can be predicted with high accuracy for the majority of the population, thus reducing the cost and time that is required to record BWC for all lines being tested in the program.

As shown in Figure 5, the inclusion of correlated traits in the validation set resulted in significantly higher prediction accuracies (0.77 compare to 0.55) when compared to results from CV1, as the model exploits genetic correlation with the traits for which phenotypic data is available (Calus and Veerkamp, 2011; Lyra et al., 2017; Lado et al., 2018; Lozada and Carter, 2019; Runcie and Cheng, 2019). Prediction accuracies decreased as the number of lines with missing BWC data increased. Comparison of MT-GBLUP using a GRM with MT-GBLUP using the identity matrix shows that the GRM contributes significantly to prediction accuracy when there is more training data available for BWC. As the number of BWC phenotypic records decreases, the relative advantage of using the GRM decreases, indicating that the prediction accuracy is derived largely from correlated traits measured on the lines with missing BWC phenotypes when there are few BWC phenotypic records available to train the model. This trend is more pronounced in the temperate environments as compared to the tropical environment. The presence of several low prediction accuracy outliers for CV_90 is not unexpected given only 10% of the records have BWC information. The composition of the training set for these outliers was examined, and no obvious cause (i.e., population structure) of the lower accuracies was detected.

Multi-location and multi-replication trails play an important role in agronomic research and plant breeding programs (Crossa, 1990). In such cases, phenotyping a trait that is difficult or expensive to measure, such as BWC, in one location or one replication and predicting the phenotype for the other locations/replicates using correlated traits represents a cost-effective testing strategy. The CV3 scenario examines a sparse phenotyping approach in which only one replicate is phenotyped for BWC, while FT and HWC are phenotyped on all plots. The results show high accuracies for BWC predictions (>0.79), indicating that sparse phenotyping approaches can be effectively used to reduce the cost of BWC phenotyping without making large sacrifices in BWC predictions. This approach could be applied in combination with CV2, in which a sparse phenotyping approach is used for field trails after an initial line selection is made based on predictions from a MT-GBLUP model trained using historical BWC records as well data on correlated traits.



CONCLUSION

In this study, multi-trait genomic prediction was tested using different cross-validation scenarios to investigate prediction strategies for genomic-enabled breeding for dry-down-related traits in maize. The results clearly show that the use of correlated traits, like HWC and FT, and sparse phenotyping can yield high prediction accuracies while reducing the cost of extensively phenotyping for difficult to measure traits like BWC. While the sparse phenotyping approaches consistently yielded very high prediction accuracies, the need to phenotype selection candidates on correlated traits places limitations on gains that can be made by increasing selection intensity and reducing generation intervals. Examining strategies for predicting untested lines, the accuracy of model prediction drops substantially when compared to sparse phenotyping; however, this strategy does enable gains in response to selection through increased selection intensity and reductions in the generation interval. Regardless of the breeding strategy, the results of this study show clear advantages to using correlated traits when information on the target trait is sparse in historical datasets.
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Supplementary Figure 1 | Example scatter plot for phenotype value against predict value for (A) CV1 (20% BWC set to missing), (B) CV2 (5-fold CV in the temperate ecological zone), and (C) the scenario in which 90% of the inbred lines were random selected and had BWC phenotypes set to missing (CV_90).

Supplementary Table 1 | Information on the phenotype data of dry-down-related traits.


FOOTNOTES

1https://tassel.bitbucket.io/

2https://www.vsni.co.uk/software/asreml


REFERENCES

Abadassi, J. (2015). Maize agronomic traits needed in tropical zone. Int. J. Sci. Environ. Technol. 4, 371–392.

Arriola, K., Kim, S., Huisden, C., and Adesogan, A. (2012). Stay-green ranking and maturity of corn hybrids: 1. Effects on dry matter yield, nutritional value, fermentation characteristics, and aerobic stability of silage hybrids in Florida. J. Dairy Sci. 95, 964–974. doi: 10.3168/jds.2011-4524

Bradbury, P. J., Zhang, Z., Kroon, D. E., Casstevens, T. M., Ramdoss, Y., and Buckler, E. S. (2007). TASSEL: software for association mapping of complex traits in diverse samples. Bioinformatics 23, 2633–2635. doi: 10.1093/bioinformatics/btm308

Brooking, I. R. (1990). Maize ear moisture during grain-filling, and its relation to physiological maturity and grain-drying. Field Crops Res. 23, 55–68.

Calus, M. P., and Veerkamp, R. F. (2011). Accuracy of multi-trait genomic selection using different methods. Genet. Select. Evol. 43, 1–14. doi: 10.1186/1297-9686-43-26

Carter, M., and Poneleit, C. (1973). Black layer maturity and filling period variation among inbred lines of corn (Zea mays L.) 1. Crop Sci. 13, 436–439.

Ceballos, H., Kawuki, R. S., Gracen, V. E., Yencho, G. C., and Hershey, C. H. (2015). Conventional breeding, marker-assisted selection, genomic selection and inbreeding in clonally propagated crops: a case study for cassava. Theor. Appl. Genet. 128, 1647–1667. doi: 10.1007/s00122-015-2555-4

Ceccarelli, S. (2015). Efficiency of plant breeding. Crop Sci. 55, 87–97.

Chowdhury, M. H., and Buchele, W. F. (1978). The nature of corn kernel damage inflicted in the shelling crescent of grain combines. Transactions ASAE 21, 610–0614.

Cross, H. (1985). A selection procedure for ear drying-rates in maize. Euphytica 34, 409–418.

Cross, H., and Kabir, K. (1989). Evaluation of field dry-down rates in early maize. Crop Sci. 29, 54–58.

Crossa, J. (1990). Statistical analyses of multilocation trials. Adv. Agron. 44, 55–85.

Crossa, J., Pérez-Rodríguez, P., Cuevas, J., Montesinos-López, O., Jarquín, D., De Los Campos, G., et al. (2017). Genomic selection in plant breeding: methods, models, and perspectives. Trends Plant Sci. 22, 961–975. doi: 10.1016/j.tplants.2017.08.011

Daynard, T. (1972). Relationships among black layer formation, grain moisture percentage, and heat unit accumulation in corn 1. Agron. J. 64, 716–719.

Daynard, T., and Duncan, W. G. (1969). The black layer and grain maturity in corn 1. Crop Sci. 9, 473–476.

Du Plessis, J. (2003). Maize Production. Pretoria: Department of Agriculture, Directorate Agricultural Information Services Private Bag X144.

Gilmour, A. (1997). Asreml for testing fixed effects and estimating multiple trait variance components. Proc. Assoc. Adv. Anim. Breed. Genet. 12, 386–390. doi: 10.3168/jds.2011-4148

Goddard, M., and Hayes, B. (2007). Genomic selection. J. Anim. Breed. Genet. 124, 323–330.

Guo, G., Zhao, F., Wang, Y., Zhang, Y., Du, L., and Su, G. (2014). Comparison of single-trait and multiple-trait genomic prediction models. BMC Genet. 15:30. doi: 10.1186/1471-2156-15-30

Hayes, B. J., Bowman, P. J., Chamberlain, A. J., and Goddard, M. E. (2009). Invited review: genomic selection in dairy cattle: progress and challenges. J. Dairy Sci. 92, 433–443. doi: 10.3168/jds.2008-1646

Heffner, E. L., Sorrells, M. E., and Jannink, J.-L. (2009). Genomic selection for crop improvement. Crop Sci. 49, 1–12.

Hickey, J. M., Chiurugwi, T., Mackay, I., and Powell, W. (2017). Genomic prediction unifies animal and plant breeding programs to form platforms for biological discovery. Nat. Genet. 49, 1297–1303. doi: 10.1038/ng.3920

Jannink, J.-L., Lorenz, A. J., and Iwata, H. (2010). Genomic selection in plant breeding: from theory to practice. Brief. Funct. Genom. 9, 166–177. doi: 10.1093/bfgp/elq001

Jia, Y., and Jannink, J.-L. (2012). Multiple-trait genomic selection methods increase genetic value prediction accuracy. Genetics 192, 1513–1522.

Kebebe, A., Reid, L., Zhu, X., Wu, J., Woldemariam, T., Voloaca, C., et al. (2015). Relationship between kernel drydown rate and resistance to Gibberella ear rot in maize. Euphytica 201, 79–88.

Knittle, K., and Burris, J. (1976). Effect of kernel maturation on subsequent seedling vigor in maize 1. Crop Sci. 16, 851–855.

Lado, B., Vázquez, D., Quincke, M., Silva, P., Aguilar, I., and Gutiérrez, L. (2018). Resource allocation optimization with multi-trait genomic prediction for bread wheat (Triticum aestivum L.) baking quality. Theor. Appl. Genet. 131, 2719–2731.

Lawrence, C. J., Harper, L. C., Schaeffer, M. L., Sen, T. Z., Seigfried, T. E., and Campbell, D. A. (2008). MaizeGDB: the maize model organism database for basic, translational, and applied research. Int. J. Plant Genom. 2008:496957. doi: 10.1155/2008/496957

Li, W., Yu, Y., Wang, L., Luo, Y., Peng, Y., Xu, Y., et al. (2021). The genetic architecture of the dynamic changes in grain moisture in maize. Plant Biotechnol. J. 19, 1195–1205. doi: 10.1111/pbi.13541

Liu, J., Yu, H., Liu, Y., Deng, S., Liu, Q., Liu, B., et al. (2020). Genetic dissection of grain water content and dehydration rate related to mechanical harvest in maize. BMC Plant Biol. 20:118. doi: 10.1186/s12870-020-2302-0

Lozada, D. N., and Carter, A. H. (2019). Accuracy of single and multi-trait genomic prediction models for grain yield in US Pacific Northwest winter wheat. Crop Breed. Genet. Genom. 1:23. doi: 10.3390/genes11070779

Lyra, D. H., De Freitas Mendonça, L., Galli, G., Alves, F. C., Granato, ÍS. C., and Fritsche-Neto, R. (2017). Multi-trait genomic prediction for nitrogen response indices in tropical maize hybrids. Mol. Breed. 37, 1–14.

Maier, R., Moser, G., Chen, G.-B., Ripke, S., Absher, D., Agartz, I., et al. (2015). Joint analysis of psychiatric disorders increases accuracy of risk prediction for schizophrenia, bipolar disorder, and major depressive disorder. Am. J. Hum. Genet. 96, 283–294. doi: 10.1016/j.ajhg.2014.12.006

Martinez-Feria, R. A., Licht, M. A., Ordóñez, R. A., Hatfield, J. L., Coulter, J. A., and Archontoulis, S. V. (2019). Evaluating maize and soybean grain dry-down in the field with predictive algorithms and genotype-by-environment analysis. Sci. Rep. 9, 1–13. doi: 10.1038/s41598-019-43653-1

Mehrban, H., Lee, D. H., Naserkheil, M., Moradi, M. H., and Ibáñez-Escriche, N. (2019). Comparison of conventional BLUP and single-step genomic BLUP evaluations for yearling weight and carcass traits in Hanwoo beef cattle using single trait and multi-trait models. PLoS One 14:e0223352. doi: 10.1371/journal.pone.0223352

Morris, M. L., and Bellon, M. R. (2004). Participatory plant breeding research: opportunities and challenges for the international crop improvement system. Euphytica 136, 21–35. doi: 10.1111/tpj.15472

Nielsen, R. (2011). Field Drydown of Mature Corn Grain. West Lafayette: Purdue University.

Okeke, U. G., Akdemir, D., Rabbi, I., Kulakow, P., and Jannink, J.-L. (2017). Accuracies of univariate and multivariate genomic prediction models in African cassava. Genet. Select. Evol. 49, 1–10. doi: 10.1186/s12711-017-0361-y

Pari, L., Latterini, F., and Stefanoni, W. (2020). Herbaceous oil crops, a review on mechanical harvesting state of the art. Agriculture 10:309.

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

Rench, W. E., and Shaw, R. H. (1971). Black layer development in corn. Agron. J. 63, 303–305.

Runcie, D., and Cheng, H. (2019). Pitfalls and remedies for cross validation with multi-trait genomic prediction methods. G3 Genes Genomes Genet. 9, 3727–3741. doi: 10.1534/g3.119.400598

Schulthess, A. W., Wang, Y., Miedaner, T., Wilde, P., Reif, J. C., and Zhao, Y. (2016). Multiple-trait- and selection indices-genomic predictions for grain yield and protein content in rye for feeding purposes. Theor. Appl. Genet. 129, 273–287. doi: 10.1007/s00122-015-2626-6

Shiferaw, B., Prasanna, B. M., Hellin, J., and Bänziger, M. (2011). Crops that feed the world 6. Past successes and future challenges to the role played by maize in global food security. Food Secur. 3, 307–327.

Singh, V., Haken, A. E., Paulsen, M. R., and Eckhoff, S. R. (1998). Starch yield sensitivity of maize hybrids to drying temperature and harvest moisture content. Starch Stärke 50, 181–183.

Tekrony, D., and Hunter, J. (1995). Effect of seed maturation and genotype on seed vigor in maize. Crop Sci. 35, 857–862.

Tsuruta, S., Misztal, I., Aguilar, I., and Lawlor, T. (2011). Multiple-trait genomic evaluation of linear type traits using genomic and phenotypic data in US Holsteins. J. Dairy Sci. 94, 4198–4204. doi: 10.3168/jds.2011-4256

Vanraden, P. M. (2008). Efficient methods to compute genomic predictions. J. Dairy Sci. 91, 4414–4423. doi: 10.3168/jds.2007-0980

Weinberg, Z., Yan, Y., Chen, Y., Finkelman, S., Ashbell, G., and Navarro, S. (2008). The effect of moisture level on high-moisture maize (Zea mays L.) under hermetic storage conditions—in vitro studies. J. Stored Prod. Res. 44, 136–144.

Yang, J., Carena, M., and Uphaus, J. (2010). Area under the dry down curve (AUDDC): a method to evaluate rate of dry down in maize. Crop Sci. 50, 2347–2354. doi: 10.1111/ppl.13048

Zenger, K. R., Khatkar, M. S., Jones, D. B., Khalilisamani, N., Jerry, D. R., and Raadsma, H. W. (2019). Genomic selection in aquaculture: application, limitations and opportunities with special reference to marine shrimp and pearl oysters. Front. Genet. 9:693. doi: 10.3389/fgene.2018.00693

Zhou, Y., Vales, M. I., Wang, A., and Zhang, Z. (2016). Systematic bias of correlation coefficient may explain negative accuracy of genomic prediction. Brief. Bioinformatics 18, 744–753.


Conflict of Interest: 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.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Ni, Anche, Ruan, Dang, Morales, Li, Liu, Wang and Robbins. 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.


OPS/xhtml/Nav.xhtml




Contents





		Cover



		Genomic Prediction Strategies for Dry-Down-Related Traits in Maize



		KEY MESSAGE



		INTRODUCTION



		MATERIALS AND METHODS



		Materials



		Methods



		Multi-Trait Genomic Prediction and Cross-Validations







		RESULTS



		Heritability and Genetic Correlations



		Prediction Accuracies







		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
& frontiers | Frontiers in Plant Science

Genomic Prediction Strategies
for Dry-Down-Related Traits
in Maize









OPS/images/logo.jpg
’ frontiers | Frontiers in Plant Science





OPS/images/fpls-13-930429-g002.jpg
A BWC HWC DR B BwC HWC DR

Validation set

in training set

Phenotype data absent
in training set

[ ]
i Phenotype data present
[

HEREL






OPS/images/fpls-13-930429-g003.jpg
BWC

HWC

DR

g

HWC

DR
[ ]
Ty
N
[ 1 validation set
B
] Phenotype data present
] in training set
B
L1
B





OPS/images/fpls-13-930429-g004.jpg
Predict Accuracy

Y,

0.5~

04-

0%

20% 40%
Percent of Data Missing in Training Set

ey

O%

Method

EX _sT_
EX AL
Ed Bwc
Ed vesa





OPS/images/fpls-13-930429-g005.jpg
Prediction Accuracy

0.8

o
\l
1

o
(@)
1

=
(&}
1

0.4-

Temperate

10%

SR

*
- * * -

20%  30%  50%
Percent of data in Validation Set

90%

Prediction Accuracy

Tropical

=
co
1

&=
()}
1

0.4-

10%

20%  30%  50%
Percent of data in Validation Set

90%

Method

EJ GRM
E3 DM





OPS/images/fpls-13-930429-e003.jpg
T 23 p(i-pp

WW

@)





OPS/images/fpls-13-930429-i001.jpg





OPS/images/fpls-13-930429-e002.jpg
W+ Xb+Zu+e

®)





OPS/images/fpls-13-930429-i000.jpg
u~N
(0.02®G)





OPS/images/fpls-13-930429-e001.jpg
DRyeym =

(BWC — HWC)

15

@)





OPS/images/fpls-13-930429-i003.jpg





OPS/images/fpls-13-930429-g001.jpg
| ol ) - Viadivostok
\ & | !
b el o _// / :‘N'(;"’_’
ST — o -
_— - S\at ‘ st
e vz Shenyang y
i Uy Tald
; an / |
OBaoto;u.‘ < thangiakou ) 9 o
2 0 Datong Dandnhg -~ NORTH
Bel in >
P~ J gT:mgsh:m —~ KOREA
Baoding f -onan,m Dallan ~ Korea \Pyongyang
o [ | O BL?}" .
Taiyuan c‘).Shijiazl'uu:mg ——
Q | : OYantai |ncheon Seoul \
; oxming Hémdan Ji’%an_o; Weitang SOUTH KOREA
e oLanzhou = o _Qingdao Daejeons,
: . ,‘ : Ulsan
Z'h / 2 .. Gwangju
‘ _.Zhengzhou - Yellow Sea Busan - Ko
‘an - N ‘ Hiroshimao.
4 3 0)(I ‘an i o,o oA Ok
CHINA it Fukuoka
( Zhumadian - [
? \ ' OTajzhou P
JIanoRh__ . Hefei gNaning’ Sendai
| ‘ - v \ - Q
e A e : : ) Changzho% O oShanghal
fcgeﬂgd“ oNanchong Jichang Juhan . Suzhou.
2 S | Con \% Hangzhou Ningbo
S ( Pr ‘ OChongqing , ‘ . o
Legh: ' ‘ ) "ONanchang \ 57 |
L (\5/\ qchanqsha Ml Wenzhou
J AN T lang |
DL ‘ oLjang’r" Guiyang | N {
{’ { Ose | | - Fuzhou JNaha
¢ | 5 )& NG 7 \ , .0
e )/) ngnmingm__ OQ’Uanzhou 'OTaipel
] | : 7le Linzhou ~ G
U e 7 &
MYANMAR /| 3 B Guangzngiis’ Shantou TaiWan
Nanning O Y
(BU RMA")__ ? \,N\f‘“f‘"\\? 0 ‘. Shenzheno i bKaohslung
Mandalay 8 /"< AR\ 1{‘ ; * “Hong Kong
— -LL,\/’"ALAE ’Z { ™ "= ~b2hon]lang
O Loy
f .N/ \\/-\(: oHaiphong o B
Nay Pyi />* , Guif of S'rra-r'
g,- ' | W éw | Tonkin
; /S LLAOS :
vl S : '.‘,""%‘

Yn:m\

Leaflet | OOpenStreetMap oontributors. CC-BY-SA, Tiles © Esri — Source: Esri, DeLorme, NAVTEQ, USGS, Intermap, iPC, NRCAN, Esri Japan, METI, Esri China (Hong Kong), Esri (Thailand),
TomTom, 2012

Vlemiane S o
PR

,‘I !
J LN

Nagoya"

re!
begQOsaka “of
ayama





OPS/images/fpls-13-930429-e000.jpg
(BWC — HWC)

DR1ro = 7





OPS/images/fpls-13-930429-i002.jpg





OPS/images/fpls-13-930429-e007.jpg
2
1
o1
031

o1 013
o3 on
ox

®)





OPS/images/cross.jpg
3,

i





OPS/images/fpls-13-930429-e006.jpg
g1 Og12 Ogu3
Go = | og alz agu
Og31 Og32 a





OPS/images/fpls-13-930429-e005.jpg
020

uz

+ e

(6)





OPS/images/fpls-13-930429-e004.jpg
2

= R
o, to;

5)





OPS/images/fpls-13-930429-t003.jpg
Set-to missing

Replicate Replicate 1
Replicate 2

Location Shenfu
Shenyang

Replicate-location Replicate 1—Shenfu

Replicate 1—Shenyang
Replicate 2—Shenfu
Replicate 2-Shenyang

Accuracy

0.91
0.79
0.86
0.79
0.96
0.96
0.94
0.92






OPS/images/fpls-13-930429-t001.jpg
Ecological zone Location Traits
BWC HWC DR
Temperate Shenfu 0.45 0.47 0.22
Shenyang 0.25 0.27 0.15
Combined locations 0.22 0.28 0.18
Tropical Hainan 0.69 0.51 0.26






OPS/images/fpls-13-930429-t002.jpg
BWC HWC FT

BWC 11.59 0.66 0.24
HWC 4.36 3.78 0.42
FT 4.42 4.29 28.16

Genetic variance of the traits is presented on the diagonal; the upper diagonal
shows the genetic correlation between the traits, and the lower diagonal is the
genetic covariance between the traits.





