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Abstract
Genomic prediction models that account for genotype-by-environment (G × E) have

the potential to accelerate the rate of genetic gain for yield and agronomic perfor-

mance, yet relatively few studies have applied G × E prediction in public soft red

winter wheat (Triticum aestivum) breeding programs. In this study, we extended a

reaction norm-based genomic prediction framework by integrating weather-based

environmental covariates to more effectively capture G × E interactions. Key agro-

nomic traits, including seed yield, plant height, test weight, and heading date, were

evaluated across 25 environments (location–year) using over 3200 breeding lines

from the North Carolina State University small grains breeding program. Multi-

ple genomic prediction models were compared using several cross-validation (CV)

schemes representing common breeding scenarios. Across traits, the reaction norm

M5 model, which incorporates both G × E and genotype-by-environmental covariate

interactions (G × O), achieved the highest prediction accuracy (PA) in CV2 (pre-

dicting incomplete field trials) and CV1 for yield and test weight (predicting new

lines). The highest PA was observed for test weight under CV2 (0.55) and for yield

under CV1 (0.41). Under CV0 (predicting new environments), the M3 model incor-

porating G × E produced the highest PA across traits, with the greatest accuracy

for plant height (0.45), although differences among M2, M3, and M4 were small.

Prediction under CV00 (predicting new lines in new environments) remained more

challenging, with PA values 0.10–0.20 across traits. Overall, our results demon-

strate that integrating environmental covariates into genomic prediction models

can improve predictive performance across diverse wheat-growing environments in

North Carolina, supporting their utility for applied breeding efforts.

Abbreviations: BLUE, best linear unbiased estimate; CV, cross validation; G × E, genotype-by-environment; G × O, genotype-by-environmental covariate;

GBLUP, genetic best linear unbiased prediction; GBS, genotype-by-sequencing; GS, genomic selection; IID, independently and identically distributed; MSE,

mean squared error; PA, prediction accuracy; RNM, reaction norm model; SNP, single nucleotide polymorphism; SRWW, soft red winter wheat.
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Plain Language Summary
This study explores how adding environmental information to genomic prediction

models can improve prediction accuracy in a public winter wheat breeding pro-

gram. Using about 3200 breeding lines evaluated in 25 environments across diverse

conditions in North Carolina, we evaluated statistical models that capture how differ-

ent wheat lines respond to changing environments. By incorporating weather data,

we improved the ability to predict performance across locations and years. These

findings provide practical insights for refining selection strategies and accelerating

genetic gain in wheat breeding.

1 INTRODUCTION

Soft red winter wheat (Triticum aestivum L.; SRWW) consti-

tutes the largest class of wheat cultivated in the southeastern

United States. The region produces approximately 9.31 mil-

lion metric tons of SRWW annually, with North Carolina

contributing ∼0.49 million metric tons, representing an esti-

mated $100 million economic contribution to the state’s

agricultural economy (USDA, 2025). North Carolina wheat

production supports diverse end uses, including livestock

feed (∼80%), milling and baking (∼20%), and emerging spe-

cialty markets, providing economic value to farmers, seed

companies, and other stakeholders. Beyond feed produc-

tion, North Carolina–grown SRWW varieties are utilized for

food products such as crackers, cookies, pastries, and other

confectionery applications.

Wheat production in North Carolina spans across diverse

environments characterized by substantial variation in tem-

perature, precipitation, soil properties, and management

practices. This environmental heterogeneity creates complex

genotype-by-environment (G × E) interactions that chal-

lenge breeders’ ability to accurately evaluate genetic potential

and develop cultivars with both high yield performance and

broad adaptation. Therefore, understanding and effectively

modeling G × E interactions is critical for improving selec-

tion accuracy and accelerating the development of stable,

high-performing SRWW cultivars.

Over the past two decades, genomic selection (GS) has

emerged as a transformative tool in crop breeding (Crossa

et al., 2010; Meuwissen et al., 2001). By leveraging genome-

wide molecular markers to predict genomic estimated breed-

ing values, GS accelerates genetic gain by enabling earlier

identification of superior lines and reducing the need for

extensive multi-environment field evaluations (Atanda &

Bandillo, 2024; Bandillo et al., 2023; Saludares et al., 2024).

This is particularly useful when evaluating complex traits

such as grain yield, across multiple environments which is

both costly and time intensive (Bandillo et al., 2023; Salu-

dares et al., 2024). Despite these advantages, conventional

genomic prediction models such as Genomic Best Linear

Unbiased Prediction (GBLUP) focus on main additive genetic

effects which assumes that genetic performance remains

constant across environments, effectively treating G × E

interactions as unexplained noise rather than important bio-

logical source of information (Burgueño et al., 2012; Jarquín

et al., 2014). In public breeding programs targeting diverse

production regions characterized by substantial year-to-year

and location-specific climatic variation, ignoring G × E can

reduce prediction accuracy and limit the ability to identify

wheat cultivars that are either broadly adapted or specifically

suited to specific environments (Crossa et al., 2017).

To overcome these limitations, reaction norm model

(RNM) was introduced as an extension of the GBLUP frame-

work (Jarquín et al., 2014). Unlike traditional models that

treat environment as a discrete uncorrelated category, RNM

describes genotype performance as a continuous function

across environmental gradients. This allows the models to

better capture how different genotypes respond to changing

environmental conditions. Jarquín et al. (2014) established the

statistical mechanics of RNMs for GS using high-dimensional

genomic and environmental data in wheat. Because explic-

itly modeling G × E interactions between thousands of

short nucleotide polymorphisms (SNPs) and numerous envi-

ronmental covariates (EC) introduces extreme computa-

tional dimensionality, Jarquín et al. (2014) parameterized

these interactions through variance–covariance structures

using the Hadamard product (element-wise multiplication)

of genomic and environmental relationship matrices. This

framework partitions the total genetic variance into two

components—the main additive genetic effects and genotype-

specific reaction norm slopes, which describe how individ-

ual genotype differs in their sensitivities to environmental

variations.

The RNM framework has proven to be highly flexible and

has been successfully applied across diverse crops, traits, and

environmental descriptors. In multi-environmental wheat

trials, Jarquín et al. (2017) showed that incorporating macro-

climatic weather variables into RNM significantly improved
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genomic prediction accuracy by 20%–30% compared to

standard main-effect models. Beyond weather data,

Canella Vieira et al. (2022) showed that integrating

soil-derived covariates into RNM effectively captured

micro-environmental variability resulting in improved pre-

diction of soybean grain yield across different breeding

scenarios. Beyond agronomic traits, Brault et al. (2025)

applied RNMs and joint regression models using ECs to

predict Fusarium head blight resistance in spring wheat,

showing that environmental sensitivity can also be effectively

modeled for complex disease resistance traits. More recently,

McBreen et al. (2025) demonstrated that integrating high

throughput phenomics data into multi-environmental RNMs

improved the ability to capture environmental variation

across southeastern US wheat breeding trials.

In this study, we leveraged a large multi-environment

dataset consisting of more than 3200 SRWW breeding lines

evaluated across 25 environments from the North Carolina

State University small grains breeding program. Using this

extensive dataset, we implemented a reaction norm mod-

eling framework to evaluate genomic prediction accuracy

for four key agronomic traits, including grain yield, test

weight, heading date, and plant height. We compared five pre-

diction models across four cross-validation schemes (CV2,

CV1, CV0, and CV00) representing increasingly challeng-

ing breeding scenarios, from predicting new lines in known

environments to predicting new lines in completely untested

environments (Burgueño et al., 2012; Jarquín et al., 2014).

Our objective was to determine whether explicitly mod-

eling G × E interactions and incorporating weather-based

environmental covariates can improve prediction accuracy

and enable more effective GS under diverse production

environments.

2 MATERIALS AND METHODS

2.1 Plant materials and phenotypic data

Phenotypic data for four agronomic traits—grain yield, test

weight, heading date, and plant height—were collected from

3200 SRWW breeding lines evaluated across eastern, central,

and western North Carolina from 2017 to 2023, with an aver-

age replication of two per line. The breeding lines consisted of

a diverse range of lines from observational, preliminary, and

advanced yield trials.

Yield was observed across all 25 environments with the

minimum number of eight genotypes in CLAYTON2018 and

the maximum of 419 in KINSTON2021. The total number of

environments and their respective number of genotypes across

these environments for grain yield is shown in Figure 1.

Similarly, the total number of environments tested for all

remaining traits—test weight, heading date, and plant height

Core Ideas
∙ Integrating genotype-by-environment (G × E)

interactions with environmental covariates

improves prediction accuracy in winter wheat.

∙ Reaction norm models effectively capture G × E

interactions, but prediction accuracy depends on

the target breeding scenarios.

∙ Provides a practical framework for improving

genomic prediction and selection across diverse

environments.

is presented in Table 1, and their environment-specific geno-

type number in a similar matrix form is present in Figure

S1.

2.2 Genomic data

DNA extraction, genotype-by-sequencing (GBS) library

preparation and SNP calling were conducted as previously

described by Winn et al. (2023) at the USDA-ARS Eastern

Regional Small Grains Genotyping Laboratory. Leaf tissue

was collected from each line at the four-leaf stage, and the

DNA was extracted using sbeadex plant maxi kits (LGC

Genomics) according to the manufacture’s protocol. GBS was

performed as described by Poland et al. (2012). The libraries

were sequenced at 192 plex densities and processed on an

Illumnia HiSeq 2500 platform. SNP discovery from the raw

sequencing data was performed using the Tassel 5 GBS v2

pipeline version 5.2.35 (Glaubitz et al., 2014).

SNP data were filtered by removing genotypes with 85% or

more missing data, minor allele frequencies of 5% or lower,

and SNPs with heterozygosity call frequency of 10% or higher

using TASSEL v5. Post filtering, SNP imputation was per-

formed using Beagle version 5.2 (Browning & Browning,

2016), which has been shown by Ward et al. (2021) to have

imputation accuracy greater than 95% in wheat.

2.3 Climate data

Daily weather variables including minimum and maxi-

mum temperature, precipitation, and relative humidity were

obtained from the NASA POWER (Sparks, 2018) database.

Daylength (photoperiod) in hours was calculated from the lati-

tude and day of year using a standard trigonometric approach

implemented in R with lubridate (Grolemund & Wickham,

2011). The time interval for a year started from 1 October to

1 September of the following year (e.g., data for 2022 con-
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F I G U R E 1 Total number of overlapping genotypes between environments for Yield. Yield was observed across all 25 environments. The

25 × 25 matrix shows the number of lines in each environment (location–year combinations) on the diagonal. The upper off-diagonal shows common

lines between environments, while the lower off-diagonal shows lines not shared between environments.

sist of dates between October 1, 2022 and August 31, 2023).

Data were then averaged by month so that the total num-

ber of features per environment was the product of the five

weather variables and 11 months, resulting in 55 weather

features per environment. The resulting environmental covari-

ate matrix corresponds to matrix (O), and all environmental

covariates were centered and scaled prior to analysis. The geo-

graphic coordinates of all sites from which weather data were

extracted are presented in Table S1.

2.4 Statistical analyses of phenotypic data

Phenotypic best linear unbiased estimates (BLUEs), which

represent values adjusted for the unbalanced experimental

design and varying replication levels for downstream mod-

eling, were obtained for all traits—grain yield, test weight,

heading date, and plant height using ASReml-R v4.2 (Butler

et al., 2023).

Each phenotypic trait for the genotype i, in the replication

j, within the environment e was modeled as follows:

𝑦𝑖𝑗(𝑒) = 𝜇𝑒 + 𝑔𝑖(𝑒) + 𝑟𝑗(𝑒) + 𝜀𝑖𝑗(𝑒)

where yij is the observed phenotypic value of the ith geno-

type in the jth replication of the eth environment, μe is the

fixed mean effect of environment (e), gi(e) is the fixed geno-

type effect of the ith genotype in the eth environment, rj(e) is

the random replication effect within the environment (e), and

εij(e) is the residual which is assumed to be independently and

identically distributed (IID).

Broad sense heritability (H2) was estimated using raw

data separately for each environment across all traits

using the linear mixed model described above, but with
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T A B L E 1 Total number of environments tested and their mean and median values across all four traits for 3200 wheat breeding lines from 2017

to 2023.

Trait
Environment
tested

Min. number of
genotype

Max. number of
genotype

Mean genotype
number

Median genotype
number

Yield (kg/ha) 25 8 419 170.2 153

Test weight (kg/m3) 25 8 478 184.8 153

Heading date (Jul) 11 8 648 268.6 308

Plant height (cm) 9 8 145 55.7 69

genotype and replication effect specified as random. Broad

sense heritability (H2) was calculated within each environ-

ment as follows:

𝐻2 =
𝜎2
𝐺

(𝜎2
𝐺
+ 𝜎2

𝜀

𝑟
)

where 𝜎2
𝐺

and 𝜎2
𝜀

correspond to variance due to genotypic and

residual effects and r represents the number of replications.

2.5 Prediction models

Five different models were used to predict the performance

of all four phenotypic traits based on the foundational model

structure described by Jarquín et al. (2014). BLUEs obtained

from phenotypic traits served as the input of all these models

and all factors in the model were treated as random effects. A

schematic diagram of all five models is presented in Figure 2.

2.5.1 M1: Baseline model (E + L)

Model M1, also called baseline model, integrates main effects

for both environment (E) and line (L) to predict traits and is

described as follows:

𝑦𝑖𝑗 = 𝜇 + 𝐸𝑖 + 𝐿𝑗 + 𝜀𝑖𝑗

where the response variable yij is the observed phenotypic

value of the jth line evaluated in the ith environment. The

model contains overall mean (μ), random ith environmental

effects (Ei), and jth line effect (Lj) assuming:

∙ Ei ∼ N(0, σ2
E), where σ2

E is the variance component of

environment,

∙ Lj ∼ N(0, σ2
L), where σ2

L is the variance component of line,

and

∙ εij ∼ N(0, 𝜎2
𝜀
), where 𝜎2

𝜀
is the residual variance.

As both E = {Ei} and L = {Lj} assume independence

across different levels of environment and line, this assump-

tion makes the model unable to borrow information from

related environments/genotypes. In practice, if a line or envi-

ronment has not been observed, then this model becomes

null as it just predicts the average (μ). Hence, it was used as

a negative control to quantify the differences between CV2

(random cross-validation) and CV1 (genotype constrained

cross validation).

2.5.2 M2: E + L + G

In the M2 model, the SNP markers were introduced in the

baseline model as follows:

𝑦ij = μ + 𝐸𝑖 + 𝐿𝑗 + g𝑗 + εij

where gj follows the multivariate normal distribution with

g = {gj} ∼ N(0, Gσ2
g). The covariance matrix Cov(g) = Gσ2

g,

where G = 𝑿𝑿
′

𝑝
denotes the genomic relationship matrix, X

is the centered and standardized genotype matrix to p SNP

markers, and σ2
g is the corresponding genomic variance.

The G term in the M2 model accounts for genotypic effects

where SNP marker information is used to establish relation-

ships between each pair of genotypes. This allows borrowing

of information such that if a given genotype performs well,

then a related genotype is expected to perform in a similar

manner.

2.5.3 M3: E + L + G + GE

Model M3 extends model M2 and includes a G×E interaction

component.

𝑦ij = μ + 𝐸𝑖 + 𝐿𝑗 + g𝑗 + 𝑔𝐸ij + εij

The model is similar to M2 with the addition of gEij com-

ponent, which denotes interaction of the ith genotype with the

jth environment with

𝐠𝑬 =
{
g𝐸𝑖𝑗

}
∼ 𝑁

(
𝟎,
(
𝒁g𝑮𝑍′

g

)◦ (
𝒁𝐸𝒁𝐸

)
𝜎2g𝐸

)
,
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F I G U R E 2 Schematics of all five different prediction models.

where Zg and ZE are the incidence matrices for lines and

environment, respectively. σ2
gE is the corresponding variance

component of gEij. The sign “˚” is the Hadamard prod-

uct between two matrices that denotes elementwise product

between two matrices.

The GE term accounts for the interaction between geno-

type and environment allowing different behaviors of the

same genotype in different environments. This enables model

adaptation and superiority.

2.5.4 M4: E + L + G + GO

In model M3, it was assumed that environments were

independent for GE interaction purposes, that is, although

two related genotypes will perform similarly in a given

environment, it is impossible to predict whether two envi-

ronments will show the same patterns. The GO term

uses weather data to define "mega-environments," where

G × E patterns are assumed to be similar. Model M4 is as

follows:

𝑦ij = μ + 𝐸𝑖 + 𝐿𝑗 + g𝑗 + 𝑔𝑊𝑖𝑗 + ε𝑖𝑗

where gW= {gWij} ∼ N(0, (ZgGZ′g) ˚ (𝒁E𝑶𝒁
′
E) σ2

gO) where

gWij is the effect of jth genotype at ith environment, W is the

matrix of q weather covariates, and O = 𝑾𝑾 ′

𝑞
is the matrix

of environmental similarities between pairs of environments.

In this equation 𝒁E𝑶𝒁E replaces 𝒁E𝒁
′
E as a measure of

similarity between environments based on covariates. σ2
gO is

the variance of GO interaction.

As we were interested in within-environment variation, the

O term is not included in this model because it is a main effect

that applies to every phenotype in a given environment and

therefore captures only the average effect of weather across

all genotypes.

2.5.5 M5: E + L + G + GE + GO

Model M5 integrates all different terms introduced from M1

to M4 and is the most complex model among all models.

𝑦ijk = μ + 𝐸𝑖 + 𝐿𝑗 + 𝑔𝑗 + 𝑔𝐸ij + 𝑔𝑊ij + εij

All previously described terms from models M3 and M4

are contained in M5 with both GE and GO interaction present

in this model.
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This model combines both GE and GO to approximate

the ranking within a given environment under the assump-

tion of environmental relatedness according to weather data

(GO term) and the assumption of unrelatedness (GE term).

While GE captures how genotypes react differently to discrete

environments, GO captures the plasticity of genotypes across

environmental gradients.

2.6 Variance component estimation

Variance components were estimated to partition genetic

background, marker-based genetic effects, and environment

and weather-dependent genetic responses while accounting

for residual variability.

The total phenotypic variance was defined as follows:

σ2P = σ2𝐿 + σ2𝐺 + σ2𝐺𝐸 + σ2𝐺𝑂 + σ2R

where σ2
L is the line variance, σ2

G is the marker-based

genomic variance, σ2
GE is the G × E interaction variance,

σ2
GO is the genotype × weather covariate interaction variance

and σ2
R is the residual variance.

2.7 Cross validation

To evaluate the accuracy of all five implemented models,

cross-validation (CV) schemes were implemented based on

the strategy described by Jarquín et al. (2017). To validate the

models, the phenotypic dataset for all four traits was split into

different training and testing sets using k-fold CV schemes.

2.7.1 CV2: Prediction of lines in incomplete
trials

This cross-validation scheme is used to predict known geno-

type performance in environments where some data are

missing for certain genotypes. Lines were randomly assigned

to five cross-validation folds, and the process was repeated

over 10 independent random runs (50 total evaluation runs).

In each fold, 80% (or four folds) of phenotypic data were used

for training. For each fold, the model was fitted using a total

of 12,000 iterations with a burn-in period of 2000. Predictions

were then obtained for the 20% of observations held out for

validation. Additionally, for training and testing split, it was

ensured that the training set may include observations of the

same genotype in other environments (e.g., Line 1 in Env2 or

Line 2 in Env1), but never the target genotype in the target

environment (e.g., Line1 in Env1) since that would constitute

data leak.

2.7.2 CV1: Prediction of new lines in known
environments

CV1 scheme predicts new lines that have not been observed

in previously tested environments. Since the folds in CV1

are constrained by genotypes, whole genotypes were held out

during CV rather than individual observations. Thus, CV1

scheme evaluates if the model can predict new genotypes

based on genetically related genotypes it has already seen.

Data for a given genotype were held together in the

same folds such that none of them are used for training

when that genotype is being predicted. Data from CV1

were also assigned to fivefolds with 80%–20% training-

testing split and the process was repeated 10 times.

Following cross-validation, correlation between observed

and predicted values within the same environments was

calculated.

2.7.3 CV0: Prediction of lines in untested
environments

The CV0 scheme aims to predict the performance of lines

in previously untested environments. While CV1 was con-

strained by genotypes, CV0 is constrained by a new environ-

ment. Thus, CV0 aims to predict genotype performance in

those environments that were not used in model training but

were previously observed in other environments. In the CV0

scheme, the testing environment was completely left out, and

the model was trained using data from all the remaining envi-

ronments. This trained model was then used to predict line

performance in the earlier excluded environments. Since envi-

ronments were excluded one at a time, CV0 does not involve

random partitioning like CV1 or CV2 and thus was performed

only once.

2.7.4 CV00: Prediction of untested lines in
untested environments

The CV00 scheme combines both CV1 and CV0 restric-

tions and aims to predict new lines in new environments.

In the CV00 strategy, the model was trained using untested

lines that are predicted in environments where they have

not been evaluated using information from different sets of

lines tested in other environments. The model was trained

using data from the remaining genotypes evaluated in other

environments. Since the CV00 scheme involves systematic

exclusion of both genotypes and environments rather than ran-

dom sampling, CV00 was performed only once. Figure S2

summarizes the cross-validation schemes implemented in this

study.
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2.8 Prediction accuracy

The prediction accuracy of all five models (M1–M5) tested

across four CV schemes was evaluated by calculating the

Pearson correlation coefficient (r) between the observed and

predicted values within each environment. The values from

different environments were averaged using the number of

observations that led to the correlation as the weighting factor.

Rather than calculating a simple arithmetic mean across

environments, the overall global prediction accuracy was

reported using an inverse-variance weighting approach. This

method accounts for the heterogeneity in sample sizes and

varying degree of data volatility across environments (Boren-

stein et al., 2021; Tiezzi et al., 2017). This weighting prevents

environments with small sample sizes or high sampling error

from biasing the global average.

The weighted prediction accuracy as proposed by Tiezzi

et al. (2017) was calculated as follows:

𝑟𝑤 =

(∑𝑛𝐸
(𝑖=1)

𝑟𝑖

𝑉 (𝑟𝑖)
)

(∑𝑛𝐸
(𝑖=1)

1
𝑉 (𝑟𝑖)

)

where 𝑉 (𝑟𝑖) =
1−𝑟2

𝑖

𝑛𝑖−2
, ri represents the Pearson correlation

between the observed and predicted values at the ith envi-

ronment, V(ri) corresponds to the sampling variance, ni
corresponds to the number of observations in the current

environment and nE is the number of environments.

3 RESULTS

3.1 Genotyping

A total of 40,850 high-quality SNP markers were retained

for downstream modeling after SNP filtering across 3200

wheat lines. SNP were mapped across an estimated physi-

cal genome length of 14,053.81 MB and the final marker

panel gave a high-resolution genome-wide average density of

2.91 SNPs/MB (Figure S3). Marker density shifted across the

genomes, following a typical pattern for wheat. The highest

concentrations of SNPs were at the outer tips of the chro-

mosomes while the centromere region had fewer markers.

This genome-wide coverage served as a reliable genetic base-

line ensuring we had the resolution needed to build accurate

relationship matrices for our prediction models (M2–M5).

3.2 Phenotyping

The phenotypic dataset showed that grain yield and test

weight had the highest number of testing locations (25)

while plant height had the fewest followed by heading date

(Table 1). This is typical in a public breeding program where

yield-related traits are prioritized more over agronomic traits

because of limited resources for gathering data on multiple

traits. However, across all 25 environments, heading date had

the maximum number of genotypes (648) followed by test

weight and yield, likely because agronomic traits like heading

time are easier and quicker to measure when assessed across

multiple environments. Table 1 summarizes mean and median

genotype numbers for all four traits measured across testing

environments.

Due to the low level of genotypes overlapping, it is

challenging to compute genetic correlations between environ-

ments for a given trait. However, we can pair observations

of the same genotypes for different traits. In doing so, sig-

nificant correlation was found for yield–heading date and test

weight–plant height pairs (Figure S4).

Heritability (H2) varied across environments and traits with

heading date showing the highest H2 value ranging from

0.35 to 0.95, while test weight had the highest in the CLAY-

TON 2022 environment reflecting environmental influence

on expression of phenotype. H2 for yield ranged between 0.33

and 0.87 (Table S2).

3.3 Relationship among weather variables

Five weather variables obtained from NASA POWER were

used to construct a kinship matrix, which was then clustered

using agglomerative hierarchical clustering (Figure 3). Strong

associations of weather variables were observed within the

same year compared with across years regardless of locations.

This pattern is expected as weather conditions within a given

year tend to be more similar than those of past or future years

making weather an important factor to consider in breeding

cycle decisions. Furthermore, principal component analysis

was done where environments were clustered by year. Two

environments from the same year were more similar than two

environments from the same location across different years.

The first two principal components (PC) explained 41.2% and

28.5% of the variance, respectively. A total of 85% and 97%

of the variance was explained with 3 and 5 PCs, respectively

(Figure S5).

3.4 Variance component analysis

Phenotypic variance (before cross-validation) was used to

quantify the relative contribution of each term (E, G, and

O) and their interactions (G × E and G × O) across all four

traits. Variance partitioning was calculated as the percent-

age of variance explained by each variance component and is

presented in Figure 4. The percentage of variance explained

by line (varL) in the baseline model (M1) can be seen as
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F I G U R E 3 Environment variance-covariance matrix derived from weather covariables and clustered using the agglomerative hierarchical

clustering algorithm. Distinct clusters highlighted in red squares show that weather data from different environments within the same year were more

closely associated than data from different years, regardless of location.

broad-sense heritability while the variance due to marker

(varG) is more aligned with narrow-sense heritability. Resid-

ual variance (varR) represented the proportion of variance that

could not be explained by any of the terms in the model. The

complete variance partitioning is included in Table S3.

In the baseline model M1 (E + L), phenotypic variance

was partitioned into varL and varR. For three traits—yield,

test weight, and heading date—the largest proportion of

phenotypic variance was due to varR indicating substantial

unexplained variability beyond genetic differences among

lines (Figure 4). However, for plant height, varL exceeded

varR indicating strong genetic control across environments.

With the addition of G in the second model (M2), the sum of

L + G could explain slightly more variability than L alone in

the baseline model. Subsequently, as additional term (G × E)

was added to the M3 model, the G × E interaction variance

(varGE) explained more variance by further reducing residual

variance. In the fifth model (M5) where all terms were com-

bined, residual variances were like those of the M3 model,

suggesting that GE alone captured G × E interaction variance

and the GO term might be somehow redundant.

3.5 Prediction models evaluation using
cross-validation

The prediction accuracies for the four evaluated traits, calcu-

lated as described previously, are represented in Figure 5 and

Table S4.

3.5.1 Predicting lines in incomplete trials
(CV2)

The most complex model M5 achieved the highest accuracy

for yield (0.51), plant height (0.51), and test weight (0.55)

in the incomplete trial predictions (CV2). However, adding

the weather covariate (GO) in the M5 model only provided
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F I G U R E 4 Partitioning of phenotypic variance measured across all four traits. The percentage of variance explained by each term other than

environment is shown on the y-axis. Models are denoted on the x-axis, and each trait is represented in a different set of columns. varL represents

variance due to line, varG represents variance due to single nucleotide polymorphism (SNP) marker, varR represents residual variance, varGE and

varGO represent variance due to interaction terms G × E and G × O, respectively.

a significant accuracy boost for test weight when compared

to using GE alone (M3 model). For yield, M5 model per-

formance was not significantly different from the M3 model

(0.50). Similarly, while model M3 achieved highest accuracy

for heading date (0.56) it did not significantly differ from M4

or M5. Notably for plant height, no significant differences

in accuracy were observed across any of the five evaluated

models.

3.5.2 Predicting new lines (CV1)

Although model M5 reached the highest accuracy when pre-

dicting yield (0.41) and test weight (0.38) for new lines in

known environments, adding weather data (GO) did not pro-

vide a significant improvement over using GE interactions

(M3) alone. Heading date followed a similar pattern with the

highest accuracy of 0.49 for M3 but no significant differences

among M3, M4, and M5 models. Prediction accuracies were

notably lowest for plant height. While model M4 achieved

the highest accuracy for height (0.14), its performance was

statistically similar to M2, M3, and M5 models.

3.5.3 Predicting new environment (CV0)

Based on the prediction of a new environment from known

genotype information using the CV0 scheme, adding complex

interaction terms (GE and GO) yielded minimal improve-

ments. Prediction accuracies varied notably among the four

traits. Plant height showed the highest accuracy (0.47 for

both the M2 and M3 models), with no significant differences

detected among any of the five models. Conversely, head-

ing date showed the lowest overall accuracies, though the M3

model (0.19) incorporating GE significantly outperformed the

M4 and M5 models. For yield, the M2 achieved the high-

est significant accuracy (0.31) compared to the M3 and M5

models. Although the M4 model achieved the highest accu-

racy for test weight (0.35) and significantly outperformed the

M3 model, its predictive performance remained statistically

similar to both the M2 and M5 models.

3.5.4 Predicting new lines in new
environment (CV00)

Predicting new genotypes in unobserved environments using

the CV00 scheme showed consistently low prediction accu-

racies (0.21 and below) across all four traits. Incorporating

complex interaction terms (GE and GO) largely failed to

improve accuracy over the M2 model. Yield prediction for the

M2 model reached the highest (0.21) which significantly out-

performed the more complex M5 model. Plant height showed

no significant differences among any of the five models.

The M2 model achieved the highest accuracy for heading

date (0.14) and significantly outperformed the M3 and M5
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F I G U R E 5 Accuracy achieved by all five models (M1–M5) under various cross-validation scenarios (columns) across four traits (rows). In

each grid, accuracy is indicated on the y-axis, while models are represented on the x-axis, corresponding to their respective colors. Significant letters

were assigned using Tukey-adjusted pairwise comparisons of model mean (α = 0.05), accounting for variation among repeated CV runs. Different

lowercase letters indicate statistically significant differences among models within each CV scheme and trait.
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models. Test weight showed the highest accuracy (0.16) with

the M4 model but remained statistically similar to the M2,

M3, and M5 models.

3.5.5 Mean squared error

Following prediction accuracy, mean squared error (MSE)

was computed as the average of the squared differences

between observed and predicted values. The MSE values

were similar within the pairs CV2–CV1 and CV0–CV00 with

lower MSE observed for CV2–CV1 than for CV0–CV00

across all traits (Figure S6). The general trend for MSE in

CV2–CV1 showed that models including an interaction term

(GE, GO, or both) did better in predicting yield test weight,

and heading date. Under the CV2 scheme, the lowest MSE

was observed for yield (70.8), plant height (3.4), and test

weight (1.7) in the M5 models that included both GE and

GO interaction terms, while the lowest MSE for heading date

(6.0) was observed in the M3 model. For CV1, the M3 model

had the lowest MSE for yield (78.9) and heading date (6.7),

whereas the lowest MSE for plant height (5.3) and test weight

(2.1) were achieved by the M2 and M3 models, respectively.

For the CV00 and CV0 schemes, model performance was

primarily driven by the M2 and M4 models. Under CV00,

the lowest MSE was observed for yield (262.7) and heading

date (65.3) in the M2 model, while the M4 model achieved

the lowest MSE for plant height (16.6) and test weight (7.2).

For CV0, the M4 model again achieved the lowest MSE for

plant height (14.1) and test weight (6.5). In contrast, the lowest

MSE for yield (249.1) was observed in the M2 model and the

lowest MSE for heading date (64.6) was achieved by the M1

model.

4 DISCUSSION

GS has revolutionized wheat breeding by enabling the predic-

tion of breeding values of new and untested lines, allowing

breeders to make early selection decisions, shorten breeding

cycles, and optimize resource allocation (Bandillo et al., 2023;

Bhat et al., 2016; Jannink et al., 2010; Juliana et al., 2018).

In the North Carolina wheat growing regions where the envi-

ronment is highly heterogeneous, genotypes often respond

differently across environments, leading to strong G × E

interactions that challenge the assumption of stable geno-

typic performance. Traditional baseline models (M1) that rely

solely on main additive genetic effects fail to account for the

phenotypic plasticity of lines in such changing environmental

conditions.

To address this limitation, we adopted a RNM framework.

Unlike conventional approaches that treat environments a

discrete category, our RNM incorporates EC, allowing the

estimation of genotypic-specific responses to environmental

gradients (G×O interactions). Although standard G×E mod-

els (M3) improve prediction by borrowing information across

genetically related lines, the integration of weather-based

covariates in RNMs (M4 and M5) further allows models to

borrow information across environments with similar climatic

conditions. This EC integration is particularly important for

complex trait like grain yield where performance is strongly

influenced by environmental variability.

In genomic prediction breeding literature, incomplete field

trials (CV2) and the prediction of untested lines (CV1) are

the most common scenarios reported (Burgueño et al., 2012).

In our study, the full reaction norm framework (M5), which

incorporates both G × E and G × O interactions, gave the

highest prediction accuracies in CV2 for yield and test weight

outperforming the baseline model (M1) by up to 40% and the

M2 model by up to 25%. This superior performance of M5 in

CV2 is largely due to model’s ability to represent environmen-

tal variation using biologically meaningful weather variables,

such as temperature and precipitation during key crop growth

stages, instead of treating each environment as independent

factors. By modeling these environmental variables as con-

tinuous predictors, M5 captures genotype-specific responses

to dynamic stressors such as heat. Jarquín et al. (2014, 2017)

demonstrated that coupling ECs with high-density markers

significantly boosts the model accuracy for grain yield. In con-

trast, our plant height trait showed no significant variation in

prediction across M2–M5 models.

Interestingly, although the M5 model excelled for yield

and test weight in CV1, adding G × O interactions provided

marginal improvements over the simpler G × E model (M3)

for heading date. In fact, across both CV1 and CV2, M3

consistently achieved the highest accuracy for heading date,

improving performance by up to 10% compared to M2. This

suggests that the high-resolution ECs might have introduced

model complexity without providing meaningful gain for this

trait.

Our results suggest that the value of increasing model com-

plexity might depend on the genetic architecture of the trait

being predicted. Predicting seed yield clearly benefited from

the RNM models that incorporated ECs (M5), whereas head-

ing date and plant height showed negligible improvements as

model complexity increased. This difference likely reflects

the distinct genetic basis of the traits. Phenological develop-

ments and plant stature in wheat are controlled primarily by

few major-effect genes whose effects are driven by broad envi-

ronmental factors including photoperiod and thermal time

(Guedira et al., 2016; Lozada et al., 2021). In durum wheat,

Puglisi et al. (2026) showed that incorporating functional

markers (through target-gene matrices, G2) for major genes

was sufficient to achieve high prediction accuracy for heading

date and plant height. Although adding detailed environmen-

tal information through RNM offered little additional benefit
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for single-trait prediction, prediction accuracy increased sub-

stantially when these traits were analyzed using multi-trait

multi-environment models.

Forward-predicting line performance in a completely unob-

served environment (CV0) or predicting entirely new lines

in new environments (CV00) remains the most challenging

scenario in prediction. In our study, the M2 model which

lacks the complex G × E and G × O interaction terms

unexpectedly outperformed the more advance RNMs (M3–

M5). This shift in model performance highlights a critical

bias-variance tradeoff in genomic prediction. While M4–M5

models are highly effective at explaining variance within

the training data (CV1/CV2), they are highly susceptible to

over-parameterization when applied to naive environments.

Because CV0 and CV00 lack direct phenotypic information

for the target environments, the specific ECs-genotype inter-

action patterns learned in the training set may not transfer

reliably, resulting in reduced prediction accuracy in unob-

served environments. Ankamah-Yeboah et al. (2020) and

Jarquín et al. (2017) also reported this limitation in covariate

transferability under CV00 where prediction accuracy often

was below 0.20.

The limitations observed in our CV0/CV00 predictions

contextualize recent methodological advancements in envi-

romics in plant breeding (Costa-Neto et al., 2021). For

example, while our study relied exclusively on dynamic

weather covariates, recent applications of RNMs that have

utilized other environmental covariates, such as soil proper-

ties, have shown improved transferability across environments

(Canella Vieira et al., 2022). Furthermore, advanced frame-

work utilizing joint genomic regression analysis has shown

potential for reducing environmental noise and identifying

latent environmental features that improve prediction accu-

racy (Brault et al., 2025; Zhu et al., 2026). Future research

in North Carolina wheat regions could potentially benefit

from integrating these approaches to better capture G × E

variations and improve prediction accuracy across diverse

environments.

Despite the challenges in forward prediction, the strong

performance of M5 under the CV2 scenario has important

implication for applied wheat breeding. The ability to pre-

dict in incomplete trial scenario with greater accuracy means

that breeders can implement more efficient sparse testing

designs. By selectively planting only a subset of genotypes

in each environment and predicting the remainder using

EC-integrated RNMs, breeding programs could expand test-

ing across variable North Carolina wheat growing regions

without proportionally increasing phenotyping costs.

5 CONCLUSION

North Carolina and other parts of the southeastern United

States experience highly variable wheat-growing conditions

due to spatial and temporal differences in weather. Predic-

tion models that integrate the main and interaction effects of

high-dimensional genomic markers with weather-based envi-

ronmental responses, such as our M5 model, substantially

improve prediction accuracy. However, the benefit of mod-

eling G × E alone (M3 model) is trait-dependent and appears

greatest for traits with repeatable interaction patterns across

environments, even without weather covariates. The relatively

low prediction accuracies observed when predicting new lines

in new environments will likely indicate that further gains will

require broader multi-environment trial coverage and more

informative environmental characterization, including growth

stage-specific weather variables.
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