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Under global climate changes, understanding climate variables that are most
associated with environmental kinships can contribute to improving the success
of hybrid selection, mainly in environments with high climate variations. The main
goal of this study is to integrate envirotyping techniques and multi-trait selection
for mean performance and the stability of maize genotypes growing in the
Huanghuaihai plain in China. A panel of 26 maize hybrids growing in 10 locations
in two crop seasons was evaluated for 9 traits. Considering 20 years of climate
information and 19 environmental covariables, we identified four mega-
environments (ME) in the Huanghuaihai plain which grouped locations that
share similar long-term weather patterns. All the studied traits were
significantly affected by the genotype X mega-environment X year interaction,
suggesting that evaluating maize stability using single-year, multi-environment
trials may provide misleading recommendations. Counterintuitively, the highest
yields were not observed in the locations with higher accumulated rainfall,
leading to the hypothesis that lower vapor pressure deficit, minimum
temperatures, and high relative humidity are climate variables that —under no
water restriction— reduce plant transpiration and consequently the yield. Utilizing
the multi-trait mean performance and stability index (MTMPS) prominent hybrids
with satisfactory mean performance and stability across cultivation years were
identified. G23 and G25 were selected within three out of the four mega-
environments, being considered the most stable and widely adapted hybrids
from the panel. The G5 showed satisfactory yield and stability across contrasting
years in the drier, warmer, and with higher vapor pressure deficit mega-
environment, which included locations in the Hubei province. Overall, this
study opens the door to a more systematic and dynamic characterization of
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the environment to better understand the genotype-by-environment interaction
in multi-environment trials.
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maize hybrid, mega-environment delineation, genotype-environment interaction,
climatic variables, MTMPS

1 Introduction

Maize (Zea mays L.) is an annual herb belonging to the grass
family Poaceae in botanical classification. With its high-yielding,
diverse uses, and wide adaptability, maize has surpassed rice
(Oryza sativa L.) and wheat (Triticum aestivum L.) as the most
important cereal crop in the world (Haarhoff and Swanepoel,
2018). If the world population grows to 10 billion, it will need
70% more food than can be accomplished today (Hickey et al.,
2019). Maize is estimated to account for more than half of future
cereal demand growth. Thus, there is a huge stream of
innovation for maize breeders when trying to significantly
increase maize productivity in an environmentally sensitive
way (Yan and Tan, 2019). Since 2013, maize has become the
largest crop in China in terms of planting area and production.
China’s maize planting area has exceeded 37 million hectares,
with a total production of more than 215 million tons,
accounting for one-quarter and one-fifth of the world’s maize
area and production, respectively (Hou et al.,, 2020).

Maize production is divided into spring maize, summer maize,
and autumn maize according to the growth period in China. The
Huanghuaihai (HHH) plain (Figure 1) is the largest concentrated
summer maize planting area in China, accounting for 31.86% and
30.68% of the country’s total area and yield, respectively (Zhai et al.,
2022). The meteorological conditions in the HHH plain are
complex, often encountering high temperatures, heat damage,
cloudy rain and lack of sunshine, and the invasion of various
diseases, which make maize yields vary greatly from year to year
(Wang et al., 2020; Shi et al.,, 2021; Yue et al., 2022b).
Unencouraging climate change projections suggest that the
temperature increase might be a key factor affecting the drought
risk in HHH (Yue et al,, 2022¢). This may put at risk the breeding
efforts that generated maize hybrids for this area and increase the
challenges of breeding programs that aim to release new hybrids
(Rizzo et al., 2022). Therefore, there is an urgent need to better
understand the genotype-by-environment interaction (GEI) in this
region to develop and improve climate-resilient maize hybrids that
are thoroughly evaluated in different locations and years/seasons
before release. This can be one of the most effective ways for
increasing maize production in HHH under new challenges from
climate change. In this context, identifying climate-related variables
that are most associated with the variations of hybrids within
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environments is crucial for defining management and/or
selection strategies for breeding new summer maize hybrids in
the HHH plain region (Yue et al,, 2021).

Although the challenge of developing abiotic stress-tolerant
maize hybrids has generated a large literature, most practical
breeding efforts have also focused on breeding for genetic
variation, heritability for grain yield progress under favorable
conditions (Binziger et al., 2006; Fischer and Edmeades, 2010).
Grain yield and its components are very complex agronomic
traits influenced by genotype (G), environment (E), and their
interactions (GEI). The GEI makes the genotype-to-phenotype
relationship environment-dependent, which makes the selection
of widely adapted hybrids more difficult (Ebdon and Gauch,
2002) and occurs due to the differential response of a given
genotype to a given environment stimulated by both biotic,
abiotic, or an interaction between them (Nardino et al.,, 2022). In
maize, for example, high temperatures (> 35°C) during flowering
generate a cascade effect that starts with the reduction of
RuBPCase activity by downregulating genes Zm0001d052595
and Zmo0001d004894 which limited photosynthesis and
consequently affects maize growth and development (Niu
et al, 2021). As a consequence, maize grain yield (GY) is
reduced mainly by reducing kernel number per ear, a process
associated with carbohydrate metabolic disorders, where a lower
carbohydrate availability leads to kernel abortion under post-
pollination heat stress conditions (Dong et al., 2021; Niu et al.,
2021). Therefore, even if the two environments are strictly
similar (e.g., in terms of soil fertility, average temperatures,
and rainfall precipitation), extreme events can affect the plants
differently, mainly depending on the crop stage they occur.

The correct interpretation of GEI effects in multi-
environment trials (METs) can help to select genotypes with
high-yielding and stable under different environmental
conditions, and even select special genotypes for a certain
environment (Vaezi et al., 2019; Alizadeh et al., 2022). During
breeding practice, breeders often measure many traits related to
yield and are faced with the problem of selecting stable and
superior genotypes based on multiple traits. The multi-trait
stability index (MTSI) has been successfully used for selecting
superior genotypes based on multiple traits (Koundinya et al,
2021; Singamsetti et al., 2021; Farhad et al., 2022; Lima et al,
2022; Padmaja et al,, 2022), and has a tremendous potential to
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Geographical information of the 10 test locations for the trials conducted during 2019 and 2020. The ellipses show the four delineated mega-

environments (ME) based on long-term (20 years) climate information.

combine morpho-physiological and yield traits aiming at
selecting hybrids under optimal and stress conditions (Balbaa
et al., 2022).

Identifying hybrids that rise to the top in terms of multiple
criteria from a set of evaluation sites is important but does not
contribute significantly to new insights into maize evaluation
research. Choosing an ideal genotype (stable across all
environments) may ignore specific adaptations, mainly under
the climate changes in view (Lopes et al., 2015). Therefore,
identifying mega-environments that include locations that share
similar long-term weather patterns can be an alternative to
better explore the GE interaction in favor of better selection
gains, mainly in a region/environment with high variations
among the locations/seasons (Costa-Neto et al,, 2021a).

In this sense, the main goal of this study is to use
envirotyping techniques to delineate mega-environments
across the Huanghuaihai plain in China, and to select superior
hybrids within each mega-environment that are stable across the
cultivation years based on multi-trait. Overall, this study
provides new insights into a more systematic and dynamic
characterization of the test environments, helping breeders to
make better strategic decisions toward an effective multivariate
selection in maize breeding programs.

2 Materials and methods

2.1 Plant materials, locations, and
experimental design

The experimental material consisted of 26 maize genotypes
including one local check hybrid, Zhengdan 958 (Table 1). This
study was carried out in ten environments (Figure 1) across five
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provinces ranging from middle temperate zone to the warm
temperate zone, at an elevation from 18 to 235 m above mean
sea level spreading across the states of Hebei, Shandong,
Anhui, Henan, and Hubei during 2019-2020. The field
experiment used a randomized complete block design with
three replicates. The seeds of each tested genotype were
provided by Dryland Farming Institute, Hebei Academy of
Agriculture and Forestry Sciences, and healthy and coating
seeds were selected for this study before sowing. The plot at
each location was composed of 5 rows with 0.6 m spacing
between rows, and the area of each plot had 20.1 m? in size. The
planting density of each genotype was strictly controlled at 7.5
plants m™>, and the field management applied during the
experiment was similar to the management practiced
by farmers.

2.2 Morphological data recording

A total of 9 yield-related agronomic traits were recorded in
this study. Agronomic traits viz., grain yield (GY, t ha') was
manually harvested from the middle three rows, adjusting the
moisture to 14% and converting the unit to tons per hectare;
grain moisture content (GMC, %), measured from each plant at
each plot; plant height (PH, cm), measured from the base of the
root to the top of the tassel; ear height (EH, cm), measured from
the base of the root to the stalk of the ear; ear length (EL, cm),
measured from the line up 10 ears, and dividing the data
obtained by 10; ear row (ER), counting the total number of
rows in each ear; bare tip length (BTL, cm), measured from the
top part with no grains (if any) to the part with grains; grain
weight per ear (GWE, g) and 100-seed weight (HSW, g) (Yue
et al., 2022a).
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TABLE 1 Basic information of the 26 tested maize hybrids.

Code Genotype Parentage Plant height (cm)
G1 Xianyu335 PH6WCXPH4CV 286
G2 Hengyul702 H1027xHC705 255
G3 Hengyu7182 H103xH102 245
G4 Jiuheng517 H103xH92 243
G5 Huanong138 B105x]J66 281
G6 Hengyul587 H58xH59 254
G7 Denonglio88 Wan73-1xM518 280
G8 Xundan29 X313xX66 258
G9 Hengyu7188 HB4xH88 260
G10 Hengyu321 H14xH13 275
G11 Hengyul182 H11xH82 268
G12 Hengl10 H58/H59 242
G13 Liyul6 953xL191158 264
G14 Denghai662 DH371xDH382 272
G15 Heng9 H1027xH765 244
Gl6 Zhengjiel L112xLx9801 259
G17 Nongle988 NL278xNL167 250
G18 Lianchuang5 CT07x1x9801 270
G19 Tunyu808 T88xT172 253
G20 Zhengdan958 Z58xC7-2 250
G21 Meiyu5 758xHC7 255
G22 Lile66 C28xCHO05 270
G23 Liyu86 L5895xL5012 267
G24 Hengdan6272 H462xH72 261
G25 Weike702 WKB858xWK798-2 252
G26 Shengrui999 S68xS62 250

2.3 Statistical Analysis

2.3.1 Mega-environment delineation

Aiming at defining mega-environments with a similar long-
term pattern of climate characteristics, we used the function
get_wheater() function from the R package EnvRtype (Costa-
Neto et al, 2021b) to download a 20-year (2001-2020), daily-
basis weather data for 19 environmental covariables (EC)
(Table 2). For each year, we considered the period between May
and October, which cover the maize growing season in the studied
locations. EnvRtype is a very practical package that downloads and
processes remote weather data from “NASA’s Prediction of
Worldwide Energy Resources” (NASA/POWER, https://power.
larc.nasa.gov/). Experimental results show that NASA/POWER
can be used as a source of climatic data for agricultural activities
with reasonable confidence for regional and national spatial scales
(Monteiro et al., 2018). A correlation analysis between
NASA/POWER data and observed data at Shenzhou location
(Supplementary Figure S1) showed a high concordance for
temperature variables and sunshine duration (r > 0.91, P< 0.01),
and relative humidity (r=0.88, P< 0.01). For rainfall precipitation, a
lower agreement (r > 0.54, P< 0.01) was observed. For the
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Ear height (cm) Origin  Maturity  Input requirements

103 Liaoning Medium High

98 Hebei Medium Medium
87 Hebei Early Low

78 Hebei Early Low

102 Beijing Medium High
101 Hebei Medium Medium
120 Shandong Late High
117 Henan Medium High

97 Hebei Medium Low

115 Hebei Medium Medium
109 Hebei Early Low

82 Hebei Early Low

123 Hebei Late High

98 Shandong Late Medium
79 Hebei Early Medium
92 Shandong Medium High
113 Henan Late High
106 Henan Early High
110 Tianjin Medium High
110 Henan Late Low

107 Henan Early Medium
108 Henan Late High
114 Hebei Medium High
126 Hebei Medium Medium
107 Henan Late High
107 Henan Medium Medium

04

accumulated rainfall precipitation, NASA/POWER tended to
overestimate the real observed precipitation.

The 19 EC observed in each location were used to create the called
envirotype covariable matrix W that was further used to compute
environmental kinships using the function W_matrix() of the
EnvRtype package (Costa-Neto et al., 2021b) as proposed by (Costa-
Neto et al, 2021a). To better capture the temporal variation of the
environmental information across months of the year, six monthly
periods were considered (May-October). Therefore, each one of the
2280 variables (20 years x 19 variables x 6 periods = 2280) has become
an envirotype descriptor of environmental relatedness. Finally, quality
control was done by removing covariables that exceeded +3SD, where
SD is the standard deviation of the covariables across environments
(Costa-Neto et al,, 2021a). Then, using the W (10 rows x 2280
columns) matrix, we calculated an enviromic kernel (equivalent to a
genomic relationship), using the function env kernel() of the EnvRtype
package (Costa-Neto et al., 2021b), as follows:

wWw’
trace(WW') /nrow(W)

where K is the enviromic-based kernel for the similarity
between environments and W is the matrix of envirotype
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TABLE 2 List of environmental covariables used in the study.

10.3389/fpls.2022.1030521

Source Environmental factor Unit
Nasa POWER® Insolation Incident on a Horizontal Surface MJ m™? day ™
Downward Thermal Infrared (Longwave) Radiative Flux MJ m~? day™’
Extraterrestrial radiation MJ m~> day"
Wind speed at 2 m above the surface of the earth ms™!
Minimum air temperature at 2 above the surface of the earth °C day !
Average air temperature at 2 above the surface of the earth °C day ™'
Maximum air temperature at 2 above the surface of the earth °C day '
Dew-point temperature at 2 m above the surface of the earth °C day ™'
Relative air humidity at 2 above the surface of the earth %
Rainfall precipitation mm day
Calculated” Temperature range °cd!
Potential Evapotranspiration mmd™
Deficit by precipitation mmd™
Vapor Pressure Deficit kPad™
Slope of saturation vapor pressure curve Kpa°Cd™
Effect of temperature on radiation-use efficiency -
Growing Degree Day °C day ™!
Actual duration of sunshine hour
Daylight hours hour
“Estimated from NASA orbital sensors (Sparks, 2018); b processed using concepts from Allen et al. (1998) and Soltani and Sinclair (2012).

descriptors. To identify mega-environments, a hierarchical
clustering (average method) was applied to K .

Finally, to visually understand the relationships between
environmental variables and their association with the location
study, we conducted a Principal Component Analysis (PCA)
with a two-way table with the average values for the
environmental variables (columns) for each location (rows).
A biplot was produced with the function fviz_pca_biplot()
from the R package factoextra (Kassambara and Mundt, 2020).

2.3.2 Environmental typology of the trials

To characterize the climate data observed during the
experimental period, we used the function env_typing() of the R
package EnvRtype to create environmental typologies based on
quantilic limits of the 19 EC (Table 2) collected between the sowing
and harvesting of each trial. To better capture the temporal variation of
the environmental information across crop development, the crop
cycles were divided into five main phenological stages in days after
sowing (DAS): 0-14 (Initial growing); 15-35 DAS (leaf expansion I,
V4-V8); 36-65 DAS (leaf expansion II, V8 - VT); 66-90 DAS
(flowering); and 91-120 (grain filling). For each YEAR-ME-stage
combination, frequency distributions were computed considering the
quantiles 0.01, 0.25, 0.50, 0.75, 0.975, and 0.99; with this, extreme
values (e.g., high temperatures) can be identified.

2.3.3 Variance component analysis

To estimate the effect of the respective influences of ME and
year on the genotype behavior, for each trait we fitted a linear
random-effects model (only intercept as fixed) was fitted using
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the Imer() function from the Ime4 R package (Bates et al., 2015),
according to the following model:

Yijkn = L+ G + Mj + Yy + GMj; + GYy + MYy + GMY

+ REpn(}-:k) + €ijkn

where yj, is the trait scores of i-th genotype observed in the
n-th replicate, which is nested within the j-th mega-environment
of the k-th year; u is the grand mean; G; , M; , and Y} are the
main effects of genotype, mega-environment, and year; GMj; is
the interaction effect of genotype and mega-environment; GYy is
the interaction effect of genotype and year; MYj, is the
interaction effect of mega-environment and year; GMYj; is the
interaction of genotype, mega-environment, and year; REP,(;.x)
is the effect of the replicate n (assumed to be the combination of
location and blocks) nested within the mega-environment and
year; and €;j, is the random error associated to yjj, . Variance
components and genetic parameters were estimated using
Restricted Maximum Likelihood, REML (Dempster et al,
1977). Significance testing for random effects was done by the
likelihood ratio test (LRT) comparing a complete model (with all
terms) and a model without the term under test. The broad-
sense heritability on a genotype-mean basis (H?) was computed
as the ratio between genotypic variance (6%) and variance of a
genotype mean (63), as follows (Yan, 2014; Schmidt et al., 2019).
H? - G_ZG _ o

B 2 2 2 B
(¢} 2 o 9%y , Ywum , Scuy O¢
P GG + K + ] + K + EleN
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Where J, K, and N are the numbers of mega-environments,
years, and combinations of location/blocks, respectively. GZG,
Gy, Osypand 6%y yvare the variances of GEN, GENxYEAR
interaction, GENXME interaction, and the GENXYEARXME
interaction, respectively; Ggis the residual variance. An H?>
close to 1 means that any observed differences among the
genotypic effects are completely due to genetic differences; On
the other hand, an H? close to 0 means that observed genotypic
differences, are due to either genotype-by-environment
interactions or experimental errors (Yan, 2014). Finally, we
compute the accuracy (Ac) as follows:

Ac = VH?

Both the percentage of the variance of phenotypic mean
values (considering each term of the random-effect model) and
the percentage of the variance of a genotype mean (contribution
of each component to the 63) were presented as filled bar plots.

2.3.4 Mean performance and stability of
single trait

Genotype selection was performed within each delineated
ME aiming at selecting genotypes that combine desired
performance within the ME and are stable across years; such a
genotype would be desired by both farmers and breeders. First,
for each ME, the average performance of the I genotypes in the K
years (Y;) was computed. Then, the Wricke’s Ecovalence (W; )
was used as a measure of the genotypic stability across the years
and was computed as follows:

(Yp-Y, =Y +Y)

M=

W, =

1

k

Genotypes with low values of W; have smaller deviations
from the mean across years being then more stable. To account
for both mean performance and stability (MPS;) of genotypes,
we adapted the concept of the WAASBY index, which is based
on the weighted average of absolute scores from the singular
value decomposition of the matrix of best linear unbiased
prediction (BLUP) for the GEI effects generated by a linear
mixed-effect model (LMM) and response variable (Olivoto et al.,
2019a), by replacing the weighted average of absolute scores
(WAASB) with W; as stability measure, since to compute
WAASB at least two Interaction Principal Component Axes
are needed. The MPS; was computed as follows:

where MPS; is the superiority index for genotype i that
weights between mean performance and stability; 0y and 6, are
the weights for mean performance and stability, respectively; rY;
and rW; are the rescaled values for mean performance Y; and
stability (W;) , respectively of the genotype i. Here, we used
0y=70 and 6,=30 to account for a higher weight for mean
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performance, since selecting highly stable hybrids that do not
perform well is not desired. The rescaled values were computed
as follows:

nma — nmi

rY, =rW,; = x (0; — oma) + nma

oma — omi

where nma and nmi are the new maximum and minimum
values after rescaling; oma and omi are the original maximum
and minimum value, and ojs the original value for the response
variable (or ecovalence value) for the genotype i. For W; and the
traits GMC, PH, EH, and BTL in which lower values are desired,
we used nma = 0 and nmi = 100. So, the genotype with the lowest
mean and lowest W; would have rYi =100 and rWi =100 after
rescaling. For, GY, EL, ER, GWE, and HSW in which higher
values are desired, we used nma = 100 and nmi = 0. After
rescaling all the traits, a two-way table M, with g rows
(genotypes) and p columns (traits) was created. In rMg, each
column has a 0-100 range that considers the desired sense of
selection (increase or decrease) and maintains the correlation
structure of the original set of variables (Olivoto and Nardino,
2021). Additionally, to show how the ranking of genotypes is
altered depending on the weight for mean performance and
stability, for each ME we planned 21 scenarios changing the 0y/
0, ratio, as follows: 100/0, 95/5, 90/10,..., 0/100. To assist with
intuitive interpretation, a heat map graph was produced. To
compute these indexes we used the function mps() and wsmp()
of the R package metan (Olivoto and Liicio, 2020).

2.3.5 Mean performance and stability of
multiple traits

To account for the mean performance and stability of
multiple traits, we used the function mgidi() of the metan R
package to compute the multi-trait mean performance and
stability index (MTMPS). The MTMPS is based on the
concept of the Multi-trait stability index, MTSI (Olivoto et al.,
2019b). The only difference between MTMPS and the MTSI is
that in this study the MTMPS was computed considering the
Wricke’s Ecovalence (W; ) rather than the WAASB index. First,
an exploratory factor analysis was computed with Mg, to group
correlated variables into factors and compute the factorial scores
for each genotype, as proposed by Olivoto and Nardino (2021):

X=u+Lf+e

where X is a px1 vector of rescaled observations; [t is a px1
vector of standardized means; L is a pxf matrix of factorial
loadings; f is a px1 vector of common factors; and € is a px1
vector of residuals, being p and f the number of traits and
common factors retained, respectively. Initial loadings were
obtained considering only factors with eigenvalues higher than
one. After varimax rotation criteria (Kaiser, 1958) final loadings
were obtained and were used to compute the genotype scores, as
follows:
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F=Zz(A"R")"

where F is a gxf matrix with the factorial scores; Z is a gxp
matrix containing the standardized (zero mean and unit
variance) rMgy; A is a pxf matrix of canonical loadings, and R
is a pxp correlation matrix between the MPS values. g, p , and f
represent the number of genotypes, traits, and retained
factors, respectively.

Considering the rescaled values in rM,,, the ideotype would
be the genotype that presents 100 for all analyzed traits; in other
words, is the one that has the better performance and stability for
all the analyzed traits. Thus, the ideotype was defined by a (1xp)
vector I such that I=[100,100,...,100] . The genotype ranking
was based on the Euclidean distance computed with the scores of
each genotype to the score of the ideotype, as follows:

MTMPS, = [Ef

5 0.5
I (Fy — F?]

Where MTMPS; is the multi-trait mean performance index
of the ith genotype, F; represents the jth scores of the ith
genotype, F; represents the jth scores of the ideotype. The
genotypes with the lowest MTMPS values were closer to the
ideotypes and thus showed high mean performance and better

stability in the evaluated traits.

2.3.6 Selection differentials

For each mega-environment, we assumed a selection
intensity of ~23% (six selected hybrids). The selection
differential in the percentage of population mean (AS%) was
then computed for each trait as follows:

AS% = (X, - X,)/ X, x 100

Where X, and X, are the mean phenotypic value of the
selected genotypes and population mean, respectively.

2.3.7 Statistical software

All statistical analyses in this study were performed using the
R software 4.1.0 (R Core Team, 2022) with the packages and
functions mentioned in each method.

3 Results
3.1 Environmental kinships and typology

3.1.1 Historical data

Based on 20 years of climate information considering 19
environmental covariables, four mega-environments (ME) were
delineated (Figure 2). The MEL included only one location
(Yicheng). The ME2 included Suixi, Jieshou, and Nanyang.
The ME3 included Handan, Gaocheng, Shenzhou, and
Dezhou; The ME4 included Jinan and Laizhou (Figure 2). The
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grouped ME were geographically close (Figure 1), suggesting
that there is a relevant variation in the climate variables among
the locations.

The extraterrestrial radiation (RTA), daylight hours (N), and
deficit by precipitation (PETP) were the climate variables that
most contributed to the environment scores (Supplementary
Figures 52-6). The PCA biplot (Figure 3A) shows that ME1 is
mainly characterized by having higher rainfall precipitation,
relative humidity, and deficit by precipitation (higher deficit
means more available water). The ME2 has the higher values for
downward thermal infrared (Longwave) radiative flux. Contrary
to ME1, ME3 has higher values for vapor pressure deficit and
temperature range, meaning a drier environment (Figure 3A).
The higher differences in the vapor pressure deficit of ME3 are
specially observed from May to August (Supplementary Figure
56). The ME4 is mainly characterized by having a lower average
temperature and consequently a small accumulation of growing
degree days (Figure 3A).

The slope of the saturation vapor pressure curve, average
temperature, and minimum and maximum temperature was
positively associated. Temperature range and vapor pressure
deficit were positively correlated but negatively correlated with
relative humidity and precipitation, whereas potential
evapotranspiration was strongly and positively correlated with
extraterrestrial radiation (Figure 3A).

3.1.2 Two years of trials

Figure 3B and C show the PCA biplot with the climate
variables and MEs for the trials conducted in 2019 and 2020,
respectively. It can be seen a high temporal (seasonal) effect, with
different correlation patterns between the climate variables in the
two years. For example, in 2019, rainfall precipitation and vapor
pressure deficit were positively correlated whereas in 2020 were
negatively correlated. This suggests that the interaction genotype
x ME x year would have an important contribution to the
phenotypic variance. In this case, identifying superior
genotypes within ME that are stable across the years would be
of great interest. Overall, ME1 had higher yields and rainfall
precipitation. The higher temperatures were observed in ME2
and the ME3 had the higher values for vapor pressure deficit and
the lower deficits by precipitation (Figure 3D).

In ME1 during 2019, most parts of the days in the flowering
and grain filling stages have vapor pressure deficit between 1.29
kPa d! and 3.33 kPa d’%. In this same ME in 2020, the vapor
pressure deficit was smaller, with values ranging from 0.24
kPad™' and 0.804 kPad™' during ~50% of the days in the
flowering and grain filling stages. Although 2019 presented on
average lower precipitation (Figure 3B), the ME1 presented the
higher deficit by precipitation, with positive values for almost ¥»
of the days during leaf expansion. In grain filling, for example,
~60% of the days had deficits that ranged from-7.54 mm day
to 31.5 mm day ' (Figure 4A).
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Heat map showing the delineated mega-environments considering the similarity based on 20 years of information for 19 environmental covariables.

3.2 Variance components analysis

The likelihood ratio test of the deviance analysis revealed a
significant (P < 0.01) genotype effect for all the traits, except for
GY and BTL (Table 3), suggesting good prospects of selection
gains for most of the studied traits. The GEN x ME x YEAR
interaction was significant for all the traits, with the highest
contributions to the phenotypic variance of BTL, EH, ER, and
PH (Figure 5A). The results suggests that those morphological
traits are dependent on how the genotypes respond to different
environmental stimuli. The ME x YEAR interaction was
significant (P < 0.01) for GMC and GY, suggesting that the
contrasting climate variables observed across the two years
affected the ME differently. Thus, it is reasonable to perform
the selection within each ME. Overall, the REP (MExXYEAR)
effect was significant for all the traits and was the component
with the highest contribution for the phenotypic variance of GY.
This high contribution likely comes from the implicit effect of
location, since the location and complete blocks were combined
to serve as replicates within each mega-environment. Here,
although showing a high contribution, the location effect is not
of primary interest, since the main goal is to identify superior
genotypes within each mega-environment.

The broad-sense heritability on the genotype-mean basis
(H?) ranged from 0.324 (GY) to 0.896 (ER and PH) (Table 3).
For the traits GY and BTL the H? was less than 0.5, which means
that the genotypic component accounted for less than 50% of the
variance of a genotype mean (Figure 5B). For these traits, most
of the variance of the genotype mean was due to both GEN x ME
and GEN x ME x YEAR interactions. The greater contributions
of interaction terms for these traits compared to the other ones
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reinforces that the phenotype-genotype relationship of this traits
is strictly environment-dependent, which makes more difficult
the selection of widely adapted hybrids and indicates that the
selection within delineated mega-environments would provide
better gains.

3.3 Correlation between traits in each
mega-environment

Supplementary Figure S7 shows the phenotypic correlations
among the studied traits within each mega-environment over
the two years. Overall, PH and EH were positively correlated
with each other across all the MEs. Negative correlations were
observed between PH and HSW, suggesting that taller plants
have a lower density of grains. In ME1 and ME3 a negative
correlation between GY and BTL (r = -0.13 and r = -0.12,
respectively) was observed. For ME2 and ME3, a positive
relation between GY and BTL was observed. These changes in
the relationships in the different ME resulted in a low degree of
Mantel’s correlation between the matrices (Supplementary
Figure S8) (Guillot and Rousset, 2013). Therefore, this
supports the use of a multi-trait index within each ME to take
into account the different correlation structures.

3.4 Selection differentials for mean
performance and stability

The selection considering the multiple traits resulted in
different hybrids being selected in each ME (Figures 6 and 7).
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FIGURE 3

Biplot for the principal component analysis between environmental variables. (A) long-term pattern data (average of 20 years of climate
information); (B) observed climate variables in the trials during 2019; (C) observed climate variables in the trials during 2020; (D) average
information of the two years of trials. The variables are: grain yield (GY), genotype variance within mega-environment (var); average air
temperature (TMED, °C d™%); minimum air temperature (TMIN, °C d%); maximum air temperature (TMAX, °C d™Y); dew-point temperature
(T2MDEW, °C d%) at 2 m above the surface of the earth at 2 m above the surface of the earth; total rainfall precipitation during the crop cycle
(PRECTOT, mm); daily temperature range (TRANGE, °C d™), deficit by precipitation (PETP, mm d™); air relative humidity (RH, %), potential
evapotranspiration (ETP, mm d™%); slope of saturation vapor pressure curve (SVP, Kpa °C d™Y); vapor pressure deficit (VPD, kPa); Effect of
temperature on radiation-use efficiency (FRUE); Growing Degree Day (GDD, °C day™3); Actual duration of sunshine (n, hours); Daylight hours (N,
hours); Wind speed at 2 m above the surface of the earth (WS, m s™); Extraterrestrial radiation (RTA, MJ m~2 day™%); Downward Thermal Infrared
(Longwave) Radiative Flux (DTIRF, MJ m~2 day™Y); Insolation Incident on a Horizontal Surface (SIHS, MJ m~2 day ™).
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TABLE 3 Variance components for the main effect of genotypes (62—, mega-environments (63,), cultivation year (6%), and their interactions

estimated for nine traits assessed in 26 maize hybrids.

Source of variation BTL? EH EL ER GMC GWE GY HSW PH
o 0.050™ 50.028** 0.211%* 0.859** 1357 39.221% 0.038™ 1.770% 199.780**
o 0.000" 0.000™ 0.053™ 0.000™ 0.000™ 104.484" 0.000™ 0.000™ 96.522™
s 0.000™ 27.351™ 0.083™ 0.016™ 9.488* 55.866™ 0.000™ 0.000™ 31.061™
Gt 0.048™ 0.000™ 0.219%* 0.078™ 0.000™ 26.481™ 0.059™ 0.250™ 0.000™
oy 0.00 ™ 4.622™ 0.000™ 0.000™ 0.000™ 10.899" 0.000™ 0.000™ 4.833™
Sy 0.000™ 30.248™ 0.000™ 0.000™ 2.738%* 0.000™ 0.453* 0.000™ 11.210™
Semy 0.353** 59.987** 0.311%* 0.484** 1.011%* 77.715%* 0.355%* 0.852** 128.617**
Shepar ) 0.135** 98.436** 0.657** 0.138** 4.033** 300.744** 1.521% 12.844* 108.140**
o> 0.472 126.749 1.337 1.194 9.136 464.349 1.185 9.817 274.329
ol 0.117 61.950 0.327 0.959 1.636 68.744 0.117 2.103 222.846
H,? 0.433 0.808 0.646 0.896 0.830 0.571 0.324 0.842 0.896
Ac 0.658 0.899 0.804 0.946 0.911 0.755 0.569 0918 0.947

“BTL, bare tip length; EH, ear height; EL, ear length; ER, ear row; GMC, grain moisture content; GWE, grain weight per ear; GY, grain yield; HSW, 100-seed weight; and PH, plant height.

"Broad-sense heritability on the mean-basis.
*P < 0.05; **P < 0.01 (See the P-values in Supplementary Table S1); ™ P > 0.05.
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Overall, two hybrids were selected only for specific MEs,
suggesting a narrow adaptation of such hybrids in such ME
(Figure 7). Only two hybrids (namely, G23 and G25) were
selected in three ME (MEI, ME2, and ME4). This suggests
that these hybrids present a wide adaptation, performing well in
different environments.

For all the MEs, four factors (FA) were retained, explaining
76.07%, 73.77%, 78.09%, and 73.64% of the total variance for
ME1, ME2, ME3, and ME4, respectively (Supplementary Table
S2). Given the different correlation structures (Supplementary
Figure S7), different traits were included in each FA within each
ME (Supplementary Table S3).

The multi-trait selection resulted in a success rate in
selecting traits with desired selection differentials (SD) of
~77% (7 out of 9 traits) in ME1, ME2, and ME3, and ~44% (4
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out of 9 traits) in ME4 (Figure 8). The six selected maize hybrids
(ranked by MTMPS) within ME1 were G10, G23, G22, G6, G25,
and G5 (Figure 6A). In ME2, the selected hybrids were G25, G4,
G23, G2, G21, and G26 (Figure 6B). In ME3 the selected hybrids
were G5, G11, G6, G4, G15, and G9 (Figure 6C). For ME4, G15,
G25, G21, G26, G18, and G23 were selected (Figure 6D).

The SD for BTL was negative for all ME except ME1. For GY
positive SD that ranged from 3.81% in ME3 to 6.17% in ME4
were observed (Figure 8; Supplementary Figures S9-12;
Supplementary Table S3). Considering the stability over the
two cultivation years, negative SD was observed for most of the
studied traits (Figure 9). For GY, negative SDs were observed in
all the ME, with lower values for ME3 and ME4. These results
show that the selected hybrids stand out as having satisfactory
mean performance (average GY ranging from 10.38 Mg ha™ in
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Genotype ranking and selected genotypes for the multi-trait mean performance and stability index (MTMPS) considering a selection intensity of 25%
within ME1 (A), ME2 (B), ME3 (C), and ME4 (D). The red and black circles represent selected and unselected genotypes in their respective environments.

ME2

N

FIGURE 7
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ME4 to 12.08 Mg ha-1 in MEI) with better stability across

contrasting cultivation years.

3.5 Ranking the mega-environments

Figure 10 shows the genotype plus genotype-by-
environment (GGE) biplot showing the ranking of the
delineated mega-environments relative to an ideal mega-
environment. Considering the average yield in each ME, the
ME1 (which included only Yicheng) is closer to the “ideal”
environment. On average, the yield in MEI was 11.4 Mg ha™
(Supplementary Figures S13-14). On the contrary, ME4
presented lower average yields (9.8 Mg ha''), appearing far
from the score of the “ideal” environment (Figure 10).
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4 Discussion

4.1 Seasonal effects impacted the mega-
environments differently

The 10 environments included in this study were categorized
into 4 mega-environments (ME) by which the similarity was
assessed on an “omics” scale of 19 environmental covariables
with long-term (20 years) weather data (Figure 2). These results
support previous studies that also identified the complex
climatic conditions in HHH (Tao et al.,, 2017).

The two years of trials had contrasting climate characteristics
(Figures 3B, C), which may be the source of the significant (P< 0.05)
MEXYEAR interaction for GY (Table 3; Supplementary Table S1).
In MEL, for example, a highly distinct pattern of vapor pressure
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deficit, minimum and maximum air temperatures across the crop
cycle were observed in the two cultivation years. While in 2019 most
of the flowering period in ME1 had a high vapor pressure deficit
(Figure 4A) and maximum temperatures between 34.5°C and °C
39.3°C (Supplementary Figure S15A), 2020 had milder
temperatures and a smaller vapor pressure deficit. This approach
can leverage plant ecophysiology knowledge aiding to identify the
main sources of the genotype-environment interaction to select
stress-resilient hybrids (Costa-Neto and Fritsche-Neto, 2021;
Resende et al., 2021; Carcedo et al., 2022).

In warm weather, the loss of water by evapotranspiration is
greater than in colder weather. On average, ME1 experienced
higher values of vapor pressure deficit, which by combining
relative humidity and temperature into a single quantity
(Penman and Keen, 1948) is an accurate measure for predicting
plant transpiration (Seager etal., 2015). Surprisingly, ME1 2019 was
the most productive environment with an average yield of 1.2 Mg
ha! greater than the yield observed in 2020 at the same location
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(Supplementary Figure 13). The high yields in such environments
lead to the hypothesis that the deficit by precipitation (Figure 4B),
mainly during grain filling, was not sufficiently high to cause the
limited transpiration rate trait, frequently expressed in some
hybrids under high vapor pressure deficit and water-limited areas
(Shekoofa et al,, 2016). As a C4-metabolism plant, maize has a
higher temperature optimum for photosynthesis than C3 plants
due to the operation of a CO,-concentrating system that inhibits
Rubisco oxygenase activity (Berry and Bjorkman, 2003). Previous
studies have shown that maize net photosynthesis is only inhibited
at leaf temperatures above 38°C and that the maximum quantum
yield of photosystem II is relatively insensitive to leaf temperatures
up to 45°C (Crafts-Brandner and Salvucci, 2002). When leaf
temperature is increased gradually, rubisco activation and net
photosynthesis acclimate by the expression of a new activase
polypeptide. This acclimation may have occurred in ME1 since
maximum air temperatures > 32°C were observed for most of the

days since leaf expansion and may explain why this environment
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GGE biplot showing ranking of test mega-environment relative
to an ideal test mega-environment.

presented a high yield even with ~75% of the flowering period
experiencing temperatures > 34.5 °C (Supplementary Figure SI5A).
Another climate variable that can explain the higher yield of
MELI in 2019 is the minimum temperatures. In 2020, ~75% of
the days during the grain filling stage had minimum air
temperatures below 19.2°C (Supplementary Figure S15B),
which resulted in a negative correlation between GY and
minimum temperature (Figure 3C). Previous studies have
shown that temperatures below 20°C rose abruptly the redox
state of the primary electron acceptor of photosystem II (QA),
and increase the non-photochemical quenching of chlorophyll
fluorescence, suggesting a restriction in electron transport in
such conditions (Labate et al., 1990; Sowinski et al., 2020).

4.2 Higher precipitation does not ensure
higher yields

Overall, the environments in 2020 presented accumulated
rainfall during the experiment greater than 500 mm, researching
~920 mm in ME1 (Supplementary Figure S16). As a result, these
environments showed a higher deficit by precipitation (positive
deficits mean more water availability), and a lower vapor
pressure deficit (Figure 4B). Unexpectedly, higher yields were
not observed in such environments. In Jieshou, for example, the
average yield was 2.6 t ha™ smaller in 2020 compared to 2019,
even with rainfall precipitation ~2.4-fold higher, with 387 mm in
2019, and 917 mm in 2020 (Supplementary Figure S16).
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A possible explanation for the lower yields observed in
environments with higher water availability may be related to
the restricted plant transpiration in such cases. Water moves
from the soil into plant roots, and by negative pressures within
the xylem due to capillary forces in the cell walls, to the leaves.
The water, warmed by the sun, turns into vapor passing out
through stomata, at the same time that allows absorption of CO,
to photosynthesize (Taiz and Zeiger, 2010). The propulsive force
of this process is regulated by the difference in the concentration
of water vapor between the intercellular spaces of the leaves and
the external atmospheric mass; the energy of this process is
provided by the amount of radiation available. In ME1 during
2020, for example, ~87% of the grain filling period presented
relative humidity greater than 70% (Supplementary Figure
S15C). In addition, the wind speed in such a location had the
lowest average (0.20 m sV). The combination of high relative
humidity and lower wind speed might have dramatically
reduced plant transpiration. While limitation on transpiration
at high vapor pressure deficit is a promising trait that could be
incorporated into breeding programs to improve drought
tolerance in maize (Yang et al., 2012), lower yield under
elevated air relative humidity may be related to the hindered
acquisition of mineral nutrients, mainly those supplied to plant
roots by mass flow (NOs, Ca*?, and Mg*z), considering the
transpiration-driven mass flow concept (Cramer et al., 2009).

4.3 Envirotyping helped to better
understand the genotype-
environment interaction

The significant GENXMExXYEAR interaction suggests the
complex interaction of the genotypes with contrasting
environments on the trait phenotypic expression. Similar
reports were also observed in previous studies (Kamutando
et al.,, 2013; Mebratu et al,, 2019; Yue et al., 2020; Singamsetti
et al,, 2021). Along with the global changes in climatic variables
over the past decades, there is a growing consensus that future
food production will be threatened by environmental conditions
(Ceglar and Kajfez-Bogataj, 2012; Steward et al., 2018).
Therefore, knowledge about the influence of climatic variables
on maize yield and genotypic variation within a certain
environment is particularly necessary. Among the climatic
factors investigated, temperature, vapor pressure deficit, deficit
by precipitation, and relative humidity were key environmental
factors to distinguish yield across different environments, which
in turn affects GE interactions (de Araujo et al., 2019).

Growing resilient crops with consistent yield performance in
unpredictable and complex weather changes is critical to
ensuring food security. Given the large scale of production,
high degree of mechanization, and developed biotechnology,
coupled with measures and technical means such as reasonably
dense planting, scientific fertilization, biological pest control,
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and water-saving irrigation, the maize yield level of Unites States
of America has long been among the highest in the world (~10.5
Mg ha''). China’s maize yield in 2020 was 6.35 Mg ha! which
was 60% of the US yield level (Guo et al., 2021). Given the huge
difference in corn production between China and the United
States, how to select and breeding excellent corn hybrids that
adapt to the climate characteristics of different ecological regions
is the key to ensuring the healthy and stable development of
China’s corn industry (Yue et al., 2022b). Since the 1960s, the
Dryland Farming Institute, Hebei Academy of Agriculture and
Forestry Sciences has been focusing on the breeding of new high-
yield and stable maize hybrids and the multi-environment trials
of summer maize in the HHH Plain, making full use of foreign
germplasm resources to improve local germplasm. A series of
excellent summer maize hybrids were selected and bred.

Here, we provided evidence that using envirotyping techniques
to define mega-environments based on climate variables may help
breeders to better understand the genotype-by-environment
interaction. Several studies define mega-environments based on
the genotypes’ response in a single year (Singh et al., 2019; Mushayi
etal.,, 2020; Enyew etal.,, 2021), but since the environmental pattern
that defines the genotype response may change significantly across
years (Figure 4), this may lead to mistaken recommendations. In
most studies that evaluate genotypes across multiple locations and
years, the average yield across years is used to fill a two-way table
(genotypes x locations) that is further used in AMMI or GGE biplot
analysis (Shojaei etal., 2022). Here, we have shown how integrating
multi-trait selection for mean performance (within mega-
environments) and stability (across years) with detailed
environmental typology may be useful to identify specific
adaptations (such as tolerance to warmer environments),
increasing the sustainability of breed programs mainly under the
climate changes in view (Lopes et al., 2015). Therefore, our results
can leverage plant ecophysiology knowledge aiding in identifying
the primary sources of the genotype-environment interaction in
plant breeding programs (Costa-Neto and Fritsche-Neto, 2021;
Resende et al., 2021). The use of this approach becomes particularly
interesting due to the dynamism and exhaustivity of the data
available (climate information available for all points of the
globe) that make it possible to replicate the procedure anywhere,
anytime, and the possibility of including additional information
such as soil proprieties, crop management, companion organisms,

and crop canopy (Xu, 2016).

4.4 The multi-trait selection provided
desired gains for most of the
studied traits

To the best of our knowledge, this is the first introduction of
the term multi-trait mean performance and stability index
(MTMPS). The MTMPS can be seen as an adaptation of the
MTSI (Olivoto et al., 2019b) where several parametric and non-
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parametric stability measures (beyond the WAASB) can be used.
Similar to the MTSI, genotypes that have lower values of
MTMPS are assumed to have better mean performance and
stability based on the set of accessed traits. Multi-trait stability
index has recently been employed as a robust tool to assist the
selection of elite genotypes based on the mean performance and
stability of various variables. Some examples include the
selection of resistant soybean genotypes to drought and
salinity (Zuffo et al., 2020), bread wheat ideotypes for
adaptation to early sown conditions (Farhad et al., 2022),
barnyard millet lines for shoot fly resistance (Padmaja et al,
2022), drought tolerant chickpea genotypes (Hussain et al,
2021), pea lines adapted to autumn sowings in broomrape-
prone Mediterranean environments (Rubiales et al., 2021), and
maize inbred lines under optimal and drought stress conditions
(Balbaa et al., 2022).

A key factor in using the MTMPS is choosing an adequate
6y/6; ratio for each trait, which will likely change the genotype
ranking. By plotting the genotype ranks in several scenarios of
6y/6; ratio (Supplementary Figure S17) it is possible to identify
groups of genotypes with similar performance regarding stability
and productivity. For example, in ME1, G10 and G23 (selected
by the MTMPS) remained well-ranked regardless of the 6y/6;
ratio. This suggests that they have both high yield and
satisfactory stability. On the other hand, G8 remained poorly
ranked either considering only the mean performance or
stability (Supplementary Figure S17). The poor performance
for GY —and possibly for all the other traits— made this genotype
the last ranked within ME1 (Figure 6A). In our case, highly
stable hybrids across years could be identified as those that are
better ranked when 0y/ 6, tends to 0. One example in ME1 would
be G21, which was the top-ranked when only stability was
considered in the MPS (Supplementary Figure S17).

Here, we found that the use of the MTMPS provided desired
gains for the mean performance and stability for most of the
studied traits (Figures 8 and 9) and that the selection within
mega-environments with similar climatic patterns may provide
satisfactory gains. The use of MTMPS is expected to grow
rapidly among breeders helping to identify hybrids that
combine desired mean performance and stability for
important traits. For example, envirotyping and morpho-
physiological and yield traits accessed [eg., Balbaa et al.
(2022)] can be combined to identify stress-adaptive traits with
a high yield and helps to better understand the genotype-by-
environment interaction.

5 Conclusions

Considering 20 years of climate information and 19
environmental covariables, we identified four mega-
environments (ME) for maize cultivation in the Huanghuaihai
plain in China. Overall, most of the studied traits were
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significantly affected by genotype x mega-environment X year
interaction. The vapor pressure deficit, maximum temperature,
relative humidity, and deficit by precipitation were the climate
variables that most contributed to the envirotyping. This provides
relevant evidence that evaluating maize stability and adaptation to
mega-environments using single-year, multi-environment trials
may provide misleading recommendations. Counterintuitively,
higher yields were not observed in the environments with
higher accumulated rainfall precipitation. We provide strong
pieces of evidence that vapor pressure deficit, minimum
temperatures, and relative humidity may be climate variables
that —in environments with no water restriction—-, have a
relevant control on the plant transpiration and consequently,
yield. Utilizing the MTMPS approach in this study led to
identifying six different selected hybrids in each mega-
environment, with higher stability and prominent mean
performance for most of the studied traits. G23 and G25 were
selected within three out of the four mega-environments, being
identified as stable. The G5 shows satisfactory yield and stability
across contrasting years in the drier, warmer, and with higher
vapor pressure deficit mega-environment, which included
locations in the Hubei province. To the best of our knowledge,
this is the first study that integrated envirotyping techniques and
multi-trait selection for mean performance and stability, opening
the door to a more systematic and dynamic characterization of the
environment to better understand the genotype-by-environment
interaction in multi-environment trials.

Data availability statement

The source code used to produce the static website and the
results in this article have been archived at https://doi.org/
10.5281/zenodo.7221255 as manuscript_v3.0.0 (Olivoto, 2022).

Author contributions

HY: Conceptualization, data curation, formal analysis, funding
acquisition, investigation, methodology, software, visualization,
writing-original draft, writing-review & editing. TO:
Conceptualization, statistical analysis, writing- review & editing. JB:
Conceptualization, data curation, formal analysis. JL: Data curation,
formal analysis. JW: Conceptualization, writing original draft, writing-
review & editing. JX: Conceptualization, data curation, formal
analysis, funding acquisition, methodology, supervision. SC:
Conceptualization, data curation, formal analysis, funding
acquisition, methodology, supervision, validation. HP:
Conceptualization, data curation, funding acquisition, methodology,
supervision. MN: Conceptualization, statistical analysis. XJ:

Frontiers in Plant Science

10.3389/fpls.2022.1030521

Conceptualization, data curation, formal analysis, funding
acquisition, investigation, methodology, software, visualization,
writing-original draft, writing-review & editing. All authors
contributed to the article and approved the submitted version.

Funding

This study was supported by the Key Research and
Development Projects of Hebei Province (20326305D), Special
Fund for National System (Maize) of Modern Industrial
Technology (CARS-02), the Science and Technology Support
Program of Hebei Province (16226323D-X), HAAFS Science
and Technology Innovation Special Project, “Three-Three-
Three Talent Project” Funded Project in Hebei Province
(A202101056), the Agricultural Science and Technology
Achievement Transformation Project of Hebei province
(21626310D), the National Key Research and Development
Program of China (2019YFE0120400) and Natural Science
Foundation of Shandong Province, China (ZR2021MC107).

Acknowledgments

The authors are grateful to the K. M. Chen (Assistant
Professor, Meteorological Bureau of Hengshui, Hebei, China)
for compiling and collecting meteorological data of this research.

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.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fpls.2022.1030521/full#supplementary-material

frontiersin.org


https://doi.org/10.5281/zenodo.7221255
https://doi.org/10.5281/zenodo.7221255
https://www.frontiersin.org/articles/10.3389/fpls.2022.1030521/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2022.1030521/full#supplementary-material
https://doi.org/10.3389/fpls.2022.1030521
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Yue et al.

References

Allen, R. G., Pereira, L. S., Raes, D., and Smith, M.. (1998). Crop
evapotranspiration: guidelines for computing crop water requirements, FAO
Drainage and Irrigation Paper 56, Food and Agriculture Organization, Rome,
1998. Available at: http://www.fao.org/docrep/X0490E/X0490E00.htm.

Alizadeh, B., Rezaizad, A., Hamedani, M. Y., Shiresmaeili, G., Nasserghadimi, F.,
Khademhamzeh, H. R, et al. (2022). Genotype x Environment interactions and
simultaneous selection for high seed yield and stability in winter rapeseed (Brassica
napus) multi-environment trials. Agric. Res. 11, 185-196. doi: 10.1007/s40003-021-
00565-9

Balbaa, M. G., Osman, H. T., Kandil, E. E., Javed, T., Lamlom, S. F., Ali, H. M.,
et al. (2022). Determination of morpho-physiological and yield traits of maize
inbred lines (Zea mays 1.) under optimal and drought stress conditions. Front. Plant
Sci. 13. doi: 10.3389/fpls.2022.959203

Binziger, M., Setimela, P. S., Hodson, D., and Vivek, B. (2006). Breeding for
improved abiotic stress tolerance in maize adapted to southern Africa. Agric. Water
Manage. 80, 212-224. doi: 10.1016/j.agwat.2005.07.014

Bates, D., Machler, M., Bolker, B., and Walker, S. (2015). Fitting linear mixed-
effects models using Ime4. J. Stat. Software 67, 1-48. doi: 10.18637/jss.v067.i01

Berry, J., and Bjorkman, O. (2003). Photosynthetic response and adaptation to
temperature in higher plants. Annu. Rev. Plant Physiol. 31, 491-543. doi: 10.1146/
annurev.pp.31.060180.002423

Carcedo, A. J. P., Mayor, L., Demarco, P., Morris, G. P., Lingenfelser, J., Messina,
C. D, etal. (2022). Environment characterization in sorghum (Sorghum bicolor 1.)
by modeling water-deficit and heat patterns in the great plains region, united states.
Front. Plant Sci. 13. doi: 10.3389/fpls.2022.768610

Ceglar, A., and Kajfez-Bogataj, L. (2012). Simulation of maize yield in current
and changed climatic conditions: Addressing modelling uncertainties and the
importance of bias correction in climate model simulations. Eur. J. Agron. 37,
83-95. doi: 10.1016/j.j2.2011.11.005

Costa-Neto, G., and Fritsche-Neto, R. (2021). Enviromics: bridging different
sources of data, building one framework. Crop Breed. Appl. Biotechnol. 21, 393521-
393533. doi: 10.1590/1984-70332021v21Sa25

Costa-Neto, G., Fritsche-Neto, R., and Crossa, J. (2021a). Nonlinear kernels,
dominance, and envirotyping data increase the accuracy of genome-based
prediction in multi-environment trials. Heredity 126, 92-106. doi: 10.1038/
541437-020-00353-1

Costa-Neto, G., Galli, G., Carvalho, H. F., Crossa, ., and Fritsche-Neto, R.
(2021b). EnvRtype: a software to interplay enviromics and quantitative genomics in
agriculture. G3 Genes Genomes Genet. 11, jkab040. doi: 10.1093/G3JOURNAL/
JKAB040

Crafts-Brandner, S. J., and Salvucci, M. E. (2002). Sensitivity of photosynthesis in
a C4 plant, maize, to heat stress. Plant Physiol. 129, 1773-1780. doi: 10.1104/
pp-002170

Cramer, M. D., Hawkins, H.-J., and Verboom, G. A. (2009). The importance of
nutritional regulation of plant water flux. Oecologia 161, 15-24. doi: 10.1007/
500442-009-1364-3

de Araujo, M. J., de Paula, R. C,, Campoe, O. C,, and Carneiro, R. L. (2019).
Adaptability and stability of eucalypt clones at different ages across environmental
gradients in Brazil. For. Ecol. Manage. 454, 117631. doi: 10.1016/
j.foreco.2019.117631

Dempster, A. P., Laird, N. M., and Rubin, D. B. (1977). Maximum likelihood
from incomplete data via the EM algorithm. J. R. Stat. Society Ser. B. 39, 1-38.
doi: 10.1111/j.2517-6161.1977.tb01600.x

Dong, X., Guan, L., Zhang, P., Liu, X,, Li, S., Fu, Z,, et al. (2021). Responses of
maize with different growth periods to heat stress around flowering and early grain
filling. Agric. For. Meteorology 303, 108378. doi: 10.1016/j.agrformet.2021.108378

Ebdon, J. S., and Gauch, H. G. Jr. (2002). Additive main effect and multiplicative
interaction analysis of national turfgrass performance trials: I. interpretation of
genotype x environment interaction. Crop Sci. 42, 489-496. doi: 10.2135/
cropsci2002.4890

Enyew, M., Feyissa, T., Geleta, M., Tesfaye, K., Hammenhag, C., and Carlsson, A.
S. (2021). Genotype by environment interaction, correlation, AMMI, GGE biplot
and cluster analysis for grain yield and other agronomic traits in sorghum
(Sorghum bicolor 1. moench). PloS One 16, e0258211. doi: 10.1371/
journal.pone.0258211

Farhad, M., Tripathi, S. B., Singh, R. P., Joshi, A. K., Bhati, P. K., Vishwakarma,
M. K, etal. (2022). Multi-trait selection of bread wheat ideotypes for adaptation to
early sown condition. Crop Sci. 62, 67-82. doi: 10.1002/csc2.20628

Fischer, T., and Edmeades, G. O. (2010). Breeding and cereal yield progress.
Crop Sci. 50, S-85-5-98. doi: 10.2135/cropsci2009.10.0564

Frontiers in Plant Science

16

10.3389/fpls.2022.1030521

Guillot, G., and Rousset, F. (2013). Dismantling the mantel tests. Methods Ecol.
Evol. 4, 336-344. doi: 10.1111/2041-210x.12018

Guo, Q., Huang, G., Guo, Y., Zhang, M., Zhou, Y., and Duan, L. (2021).
Optimizing irrigation and planting density of spring maize under mulch drip
irrigation system in the arid region of Northwest China. Field Crops Res. 266,
108141. doi: 10.1016/j.fcr.2021.108141

Haarhoff, S. J., and Swanepoel, P. A. (2018). Plant population and maize grain
yield: A global systematic review of rainfed trials. Crop Sci. 58, 1819-1829.
doi: 10.2135/cropsci2018.01.0003

Hickey, L. T., Hafeez, N. A., Robinson, H., Jackson, S. A., Leal-Bertioli, S. C. M.,
Tester, M., et al. (2019). Breeding crops to feed 10 billion. Nat. Biotechnol. 37, 744~
754. doi: 10.1038/s41587-019-0152-9

Hou, P,, Liu, Y., Liu, W,, Liu, G,, Xie, R., Wang, K,, et al. (2020). How to increase
maize production without extra nitrogen input. Resources Conserv. Recycling 160,
104913. doi: 10.1016/j.resconrec.2020.104913

Hussain, T., Akram, Z., Shabbir, G., Manaf, A., and Ahmed, M. (2021).
Identification of drought tolerant chickpea genotypes through multi trait stability
index. Saudi J. Biol. Sci. 28, 6818-6828. doi: 10.1016/j.5jbs.2021.07.056

Kaiser, H. F. (1958). The varimax criterion for analytic rotation in factor
analysis. Psychometrika 23, 187-200. doi: 10.1007/BF02289233

Kamutando, C. N., Muungani, D., Masvodza, D. R,, and Gasura, E. (2013).
Exploiting genotype x environment interaction in maize breeding in Zimbabwe.
Afr. J. Agric. Res. 8, 4058-4066. Available at: https://academicjournals.org/journal/
AJAR/article-full-text-pdf/E7FFE6735132.

Kassambara, A., and Mundt, F. (2020) Factoextra: Extract and visualize the
results of multivariate data analyses. Available at: https://cran.r-project.org/
package=factoextra.

Koundinya, A. V. V., Ajeesh, B. R,, Hegde, V., Sheela, M. N., Mohan, C., Asha, K.
L, et al. (2021). Genetic parameters, stability and selection of cassava genotypes
between rainy and water stress conditions using AMMI, WAAS. Scientia Hortic.
281, 109949. doi: 10.1016/j.scienta.2021.109949

Labate, C. A., Adcock, M. D., and Leegood, R. C. (1990). Eftects of temperature
on the regulation of photosynthetic carbon assimilation in leaves of maize and
barley. Planta 181, 547-554. doi: 10.1007/BF00193009

Lima, G. W, Silva, C. M., Mezzomo, H. C., Casagrande, C. R., Olivoto, T.,
Borem, A., et al. (2022). Genetic diversity in tropical wheat germplasm and
selection via multitrait index. Agron. J. 114, 887-899. doi: 10.1002/AGJ2.20991

Lopes, M. S., El-Basyoni, I, Baenziger, P. S., Singh, S., Royo, C., Ozbek, K., et al.

(2015). Exploiting genetic diversity from landraces in wheat breeding for
adaptation to climate change. J. Exp. Bot. 66, 3477-3486. doi: 10.1093/jxb/erv122

Mebratu, A., Wegary, D., Mohammed, W., Teklewold, A., and Tarekegne, A.
(2019). Genotype x environment interaction of quality protein maize hybrids
under contrasting management conditions in Eastern and southern Africa. Crop
Sci. 59, 1576-1589. doi: 10.2135/cropsci2018.12.0722

Monteiro, L. A., Sentelhas, P. C., and Pedra, G. U. (2018). Assessment of NASA/
POWER satellite-based weather system for Brazilian conditions and its impact on
sugarcane yield simulation. Int. J. Climatology 38, 1571-1581. doi: 10.1002/joc.5282

Mushayi, M., Shimelis, H., Derera, J., Shayanowako, A. L. T., and Mathew, 1.
(2020). Multi-environmental evaluation of maize hybrids developed from tropical
and temperate lines. Euphytica 216, 1-14. doi: 10.1007/s10681-020-02618-6

Nardino, M., Perin, E. C,, Aranha, B. C,, Carpes, S. T., Fontoura, B. H., Sousa, D.
J. P, et al. (2022). Understanding drought response mechanisms in wheat and
multi-trait selection. PloS One 17, €0266368. doi: 10.1371/journal.pone.0266368

Niu, S., Du, X, Wei, D,, Liu, S,, Tang, Q., Bian, D., et al. (2021). Heat stress after
pollination reduces kernel number in maize by insufficient assimilates. Front.
Genet. 12. doi: 10.3389/fgene.2021.728166

Olivoto, T. (2022). TiagoOlivoto/paper_maize_huanghuaihai: manuscript v3
(manuscript_v3.0.0) (Zenodo). doi: 10.5281/zenodo.7221255

Olivoto, T., and Licio, A. D. (2020). Metan: An r package for multi-environment
trial analysis. Methods Ecol. Evol. 11, 783-789. doi: 10.1111/2041-210X.13384

Olivoto, T., Lucio, A. D. C,, Silva, J. A. G., Marchioro, V. S., Souza, V. Q., and
Jost, E. (2019a). Mean performance and stability in multi-environment trials I:
Combining features of AMMI and BLUP techniques. Agron. J. 111, 2949-2960.
doi: 10.2134/agronj2019.03.0220

Olivoto, T., Lucio, A. D. C,, Silva, J. A. G,, Sari, B. G., and Diel, M. L. (2019b).
Mean performance and stability in multi-environment trials II: Selection based on
multiple traits. Agron. J. 111, 2961-2969. doi: 10.2134/agronj2019.03.0221

Olivoto, T., and Nardino, M. (2021). MGIDI: toward an effective multivariate
selection in biological experiments. Bioinformatics 37, 1383-1389. doi: 10.1093/
bioinformatics/btaad81

frontiersin.org


http://www.fao.org/docrep/X0490E/X0490E00.htm
https://doi.org/10.1007/s40003-021-00565-9
https://doi.org/10.1007/s40003-021-00565-9
https://doi.org/10.3389/fpls.2022.959203
https://doi.org/10.1016/j.agwat.2005.07.014
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1146/annurev.pp.31.060180.002423
https://doi.org/10.1146/annurev.pp.31.060180.002423
https://doi.org/10.3389/fpls.2022.768610
https://doi.org/10.1016/j.eja.2011.11.005
https://doi.org/10.1590/1984-70332021v21Sa25
https://doi.org/10.1038/s41437-020-00353-1
https://doi.org/10.1038/s41437-020-00353-1
https://doi.org/10.1093/G3JOURNAL/JKAB040
https://doi.org/10.1093/G3JOURNAL/JKAB040
https://doi.org/10.1104/pp.002170
https://doi.org/10.1104/pp.002170
https://doi.org/10.1007/s00442-009-1364-3
https://doi.org/10.1007/s00442-009-1364-3
https://doi.org/10.1016/j.foreco.2019.117631
https://doi.org/10.1016/j.foreco.2019.117631
https://doi.org/10.1111/j.2517-6161.1977.tb01600.x
https://doi.org/10.1016/j.agrformet.2021.108378
https://doi.org/10.2135/cropsci2002.4890
https://doi.org/10.2135/cropsci2002.4890
https://doi.org/10.1371/journal.pone.0258211
https://doi.org/10.1371/journal.pone.0258211
https://doi.org/10.1002/csc2.20628
https://doi.org/10.2135/cropsci2009.10.0564
https://doi.org/10.1111/2041-210x.12018
https://doi.org/10.1016/j.fcr.2021.108141
https://doi.org/10.2135/cropsci2018.01.0003
https://doi.org/10.1038/s41587-019-0152-9
https://doi.org/10.1016/j.resconrec.2020.104913
https://doi.org/10.1016/j.sjbs.2021.07.056
https://doi.org/10.1007/BF02289233
https://academicjournals.org/journal/AJAR/article-full-text-pdf/E7FFE6735132
https://academicjournals.org/journal/AJAR/article-full-text-pdf/E7FFE6735132
https://cran.r-project.org/package=factoextra
https://cran.r-project.org/package=factoextra
https://doi.org/10.1016/j.scienta.2021.109949
https://doi.org/10.1007/BF00193009
https://doi.org/10.1002/AGJ2.20991
https://doi.org/10.1093/jxb/erv122
https://doi.org/10.2135/cropsci2018.12.0722
https://doi.org/10.1002/joc.5282
https://doi.org/10.1007/s10681-020-02618-6
https://doi.org/10.1371/journal.pone.0266368
https://doi.org/10.3389/fgene.2021.728166
https://doi.org/10.5281/zenodo.7221255
https://doi.org/10.1111/2041-210X.13384
https://doi.org/10.2134/agronj2019.03.0220
https://doi.org/10.2134/agronj2019.03.0221
https://doi.org/10.1093/bioinformatics/btaa981
https://doi.org/10.1093/bioinformatics/btaa981
https://doi.org/10.3389/fpls.2022.1030521
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Yue et al.

Padmaja, P. G., Kalaisekar, A., Tonapi, V. A., and Madhusudhana, R. (2022). A
multi-season analysis of barnyard millet (Echinochloa frumentacea) germplasm
lines for shoot fly resistance and multi-trait stability. Plant Breed. 141, 399-407.
doi: 10.1111/pbr.13011

Penman, H. L, and Keen, B. A. (1948). Natural evaporation from open water,
bare soil and grass. Proc. R. Soc. London. Ser. A. Math. Phys. Sci. 193, 120-145.
doi: 10.1098/rspa.1948.0037

R Core Team (2022) R: a language and environment for statistical computing.
Available at: https://www.r-project.org/.

Resende, R. T., Piepho, H.-P., Rosa, G. J. M., Silva-Junior, O. B,, e Silva, F. F., de
Resende, M. D. V., et al. (2021). Enviromics in breeding: applications and
perspectives on envirotypic-assisted selection. Theor. Appl. Genet. 134, 95-112.
doi: 10.1007/s00122-020-03684-z

Rizzo, G., Monzon, J. P., Tenorio, F. A., Howard, R.,, Cassman, K. G., and
Grassini, P. (2022). Climate and agronomy, not genetics, underpin recent maize
yield gains in favorable environments. P. Natl. A. Sci. 119 (4), €2113629119. doi:
10.1073/pnas.2113629119

Rubiales, D., Osuna-Caballero, S., Gonzalez-Bernal, M. J., Cobos, M. ]., and Flores, F.
(2021). Pea breeding lines adapted to autumn sowings in broomrape prone
Mediterranean environments. Agronomy 11, 769. doi: 10.3390/agronomy11040769

Schmidt, P., Hartung, J., Bennewitz, J., and Piepho, H.-P. (2019). Heritability in
plant breeding on a genotype-difference basis. Genetics 212, 991-1008.
doi: 10.1534/genetics.119.302134

Seager, R., Hooks, A., Williams, A. P., Cook, B., Nakamura, J., and Henderson,
N. (2015). Climatology, variability, and trends in the U.S. vapor pressure deficit, an
important fire-related meteorological quantity. J. Appl. Meteorology Climatology
54, 1121-1141. doi: 10.1175/JAMC-D-14-0321.1

Shekoofa, A., Sinclair, T. R., Messina, C. D., and Cooper, M. (2016). Variation
among maize hybrids in response to high vapor pressure deficit at high
temperatures. Crop Sci. 56, 392-396. doi: 10.2135/cropsci2015.02.0134

Shi, W., Wang, M., and Liu, Y. (2021). Crop yield and production responses to
climate disasters in China. Sci. Total Environ. 750, 141147. doi: 10.1016/
j.scitotenv.2020.141147

’ Shojaei, S. H., Mostafavi, K., Bihamta, M. R., Omrani, A., Mousavi, S. M. N,, Illés,
A, et al. (2022). Stability on maize hybrids based on GGE biplot graphical
technique. Agronomy 12, 394. doi: 10.3390/agronomy12020394

Singamsetti, A., Shahi, J. P., Zaidi, P. H., Seetharam, K., Vinayan, M. T., Kumar,
M, et al. (2021). Genotype x environment interaction and selection of maize (Zea
mays 1.) hybrids across moisture regimes. Field Crops Res. 270, 108224.
doi: 10.1016/].FCR.2021.108224

Singh, C., Gupta, A., Gupta, V., Kumar, P., Sendhil, R,, Tyagi, B. S, et al. (2019).
Genotype x environment interaction analysis of multi-environment wheat trials in
India using AMMI and GGE biplot models. Crop Breed. Appl. Biotechnol. 19, 309—
318. doi: 10.1590/1984-70332019v19n3a43

Soltani, A., and Sinclair, T. R. (2012). Modeling Physiology of Crop
Development, Growth and Yield Wallingford, CA: CAB International. pp 322.

Sowinski, P., Fronk, J., Jonczyk, M., Grzybowski, M., Kowalec, P., and
Sobkowiak, A. (2020). Maize response to low temperatures at the gene
expression level: A critical survey of transcriptomic studies. Front. Plant Sci. 11.
doi: 10.3389/fpls.2020.576941

Sparks, A. H. (2018). Nasapower: A NASA POWER global meteorology, surface
solar energy and climatology data client for r. . Open Source Software 3, 1035.
doi: 10.21105/j0ss.01035

Frontiers in Plant Science

17

10.3389/fpls.2022.1030521

Steward, P. R., Dougill, A. J., Thierfelder, C., Pittelkow, C. M., Stringer, L. C,,
Kudzala, M., et al. (2018). The adaptive capacity of maize-based conservation
agriculture systems to climate stress in tropical and subtropical environments: A
meta-regression of yields. Agriculture Ecosyst. Environ. 251, 194-202. doi: 10.1016/
j.agee.2017.09.019

Taiz, L., and Zeiger, E. (2010). Plant physiology (Massachusetts: Sinauer
Associates Inc).

Tao, F.,, Xiao, D., Zhang, S., Zhang, Z., and Rétter, R. P. (2017). Wheat yield
benefited from increases in minimum temperature in the Huang-Huai-Hai plain of
China in the past three decades. Agric. For. Meteorology 239, 1-14. doi: 10.1016/
j.agrformet.2017.02.033

Vaezi, B., Pour-Aboughadareh, A., Mohammadi, R., Mehraban, A., Hossein-
Pour, T., Koohkan, E., et al. (2019). Integrating different stability models to
investigate genotype x environment interactions and identify stable and high-
yielding barley genotypes. Euphytica 215, 63. doi: 10.1007/s10681-019-2386-5

Wang, P, Wu, D, Yang, J., Ma, Y., Feng, R., and Huo, Z. (2020). Summer maize
growth under different precipitation years in the Huang-Huai-Hai plain of China.
Agric. For. Meteorology 285-286, 107927. doi: 10.1016/j.agrformet.2020.107927

Xu, Y. (2016). Envirotyping for deciphering environmental impacts on crop
plants. Theor. Appl. Genet. 129, 653-673. doi: 10.1007/s00122-016-2691-5

Yan, W. (2014). Crop variety trials: Data management and analysis (New York:
John Wiley & Sons Inc.). doi: 10.1002/9781118688571

Yang, Z., Sinclair, T. R., Zhu, M., Messina, C. D., Cooper, M., and Hammer, G. L.
(2012). Temperature effect on transpiration response of maize plants to vapour
pressure deficit. Environ. Exp. Bot. 78, 157-162. doi: 10.1016/
j.envexpbot.2011.12.034

Yan, J.,, and Tan, B.-C. (2019). Maize biology: From functional genomics to
breeding application. J. Integr. Plant Biol. 61, 654-657. doi: 10.1111/jipb.12819

Yue, H., Gauch, H. G., Wei, ], Xie, J., Chen, S., Peng, H., et al. (2022a). Genotype
by environment interaction analysis for grain yield and yield components of
summer maize hybrids across the huanghuaihai region in China. Agriculture 12,
602. doi: 10.3390/agriculture12050602

Yue, H. W, Wang, Y. B., Wei, ]. W., Meng, Q. M, Yang, B. L., Chen, S. P,, et al.
(2020). Effects of genotype-by-environment interaction on the main agronomic
traits of maize hybrids. Appl. Ecol. Env. Res. 18, 1437-1458. doi: 10.15666/aeer/
1801_14371458

Yue, H., Wei, ], Xie, J., Chen, S., Peng, H., Cao, H., et al. (2022b). A study on
genotype-by-Environment interaction analysis for agronomic traits of maize
genotypes across Huang-Huai-Hai region in China. Phyton 91, 57-81.
doi: 10.32604/PHYTON.2022.017308

Yue, Y., Yang, W., and Wang, L. (2022¢). Assessment of drought risk for winter
wheat on the huanghuaihai plain under climate change using an EPIC model-based
approach. Int. J. Digital Earth 15, 690-711. doi: 10.1080/17538947.2022.2055174

Yue, H,, Jiang, X., Wei, J., Xie, ]., Chen, S., Peng, H., and Buy, J. (2021). A study on
genotypex environment interactions for the multiple traits of maize hybrids in
China. Agron. J 113, 4889-4899. doi: 10.1002/agj2.20907

Zhai, J., Zhang, Y., Zhang, G., Tian, M., Xie, R., Ming, B., and Hou, P. (2022).
Effects of nitrogen fertilizer management on stalk lodging resistance traits in
summer maize. Agriculture 12, 162. doi: 10.3390/agriculture12020162

Zuffo, A. M., Steiner, F., Aguilera, J. G., Teodoro, P. E., Teodoro, L. P. R., and
Busch, A. (2020). Multi-trait stability index: A tool for simultaneous selection of
soya bean genotypes in drought and saline stress. J. Agron. Crop Sci. 206, 815-822.
doi: 10.1111/jac.12409

frontiersin.org


https://doi.org/10.1111/pbr.13011
https://doi.org/10.1098/rspa.1948.0037
https://www.r-project.org/
https://doi.org/10.1007/s00122-020-03684-z
https://doi.org/10.1073/pnas.2113629119
https://doi.org/10.3390/agronomy11040769
https://doi.org/10.1534/genetics.119.302134
https://doi.org/10.1175/JAMC-D-14-0321.1
https://doi.org/10.2135/cropsci2015.02.0134
https://doi.org/10.1016/j.scitotenv.2020.141147
https://doi.org/10.1016/j.scitotenv.2020.141147
https://doi.org/10.3390/agronomy12020394
https://doi.org/10.1016/J.FCR.2021.108224
https://doi.org/10.1590/1984-70332019v19n3a43
https://doi.org/10.3389/fpls.2020.576941
https://doi.org/10.21105/joss.01035
https://doi.org/10.1016/j.agee.2017.09.019
https://doi.org/10.1016/j.agee.2017.09.019
https://doi.org/10.1016/j.agrformet.2017.02.033
https://doi.org/10.1016/j.agrformet.2017.02.033
https://doi.org/10.1007/s10681-019-2386-5
https://doi.org/10.1016/j.agrformet.2020.107927
https://doi.org/10.1007/s00122-016-2691-5
https://doi.org/10.1002/9781118688571
https://doi.org/10.1016/j.envexpbot.2011.12.034
https://doi.org/10.1016/j.envexpbot.2011.12.034
https://doi.org/10.1111/jipb.12819
https://doi.org/10.3390/agriculture12050602
https://doi.org/10.15666/aeer/1801_14371458
https://doi.org/10.15666/aeer/1801_14371458
https://doi.org/10.32604/PHYTON.2022.017308
https://doi.org/10.1080/17538947.2022.2055174
https://doi.org/10.1002/agj2.20907
https://doi.org/10.3390/agriculture12020162
https://doi.org/10.1111/jac.12409
https://doi.org/10.3389/fpls.2022.1030521
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Multi-trait selection for mean performance and stability of maize hybrids in mega-environments delineated using envirotyping techniques
	1 Introduction
	2 Materials and methods
	2.1 Plant materials, locations, and experimental design
	2.2 Morphological data recording
	2.3 Statistical Analysis
	2.3.1 Mega-environment delineation
	2.3.2 Environmental typology of the trials
	2.3.3 Variance component analysis
	2.3.4 Mean performance and stability of single&#146;trait
	2.3.5 Mean performance and stability of multiple traits
	2.3.6 Selection differentials
	2.3.7 Statistical software


	3 Results
	3.1 Environmental kinships and typology
	3.1.1 Historical data
	3.1.2 Two years of trials

	3.2 Variance components analysis
	3.3 Correlation between traits in each mega-environment
	3.4 Selection differentials for mean performance and stability
	3.5 Ranking the mega-environments

	4 Discussion
	4.1 Seasonal effects impacted the mega-environments differently
	4.2 Higher precipitation does not ensure higher yields
	4.3 Envirotyping helped to better understand the genotype-environment&#146;interaction
	4.4 The multi-trait selection provided desired gains for most of the studied&#146;traits

	5 Conclusions
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


