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Abstract  13 

Genotype-by-environment interactions (GEI) remain a major challenge for plant breeding, limiting 14 

accurate prediction across target populations of environments (TPE). To determine how GEI are 15 

inƲuenced by contrasting crop management, we analysed 227 winter wheat genotypes 16 

representing over 50 years of European breeding. The genotypes were previously evaluated across 17 

25 environments in Germany under contrasting fungicide and nitrogen treatments. Genome-wide 18 

marker eƯects for grain yield were assessed using genotype data from genome-wide single-19 

nucleotide polymorphism (SNP) markers. Across environments, correlations between marker 20 

eƯects remained high across treatments (r = 0.71–0.94), indicating a stable genetic basis despite 21 

stronger fungicide than nitrogen treatment eƯects. Localized reductions in marker-eƯect 22 

correlations were primarily observed in the A and D subgenomes. Subsequently, integrated factor 23 

analytic models (IFA) were used to partition additive GEI into components associated with 24 

environmental covariates and latent factors. The selected IFA4 model captured 91.5% of the 25 

additive GEI variance. Measured environmental covariates accounted for 10.3% of this variance. 26 

Temperature-related covariates showed the strongest associations with the latent factors, while 27 

precipitation explained comparatively little variation. While genotype performance generally 28 

improved with breeding progress over time, temporal trends in environmental stability through 29 

breeding depended on how stability was quantiƱed. The IFA4 model linked part of the observed 30 

GEI to measured environmental covariates while enabling prediction of genotype performance 31 

across environments. Our results show that both environmental conditions and management 32 

treatments contribute to GEI in European winter wheat.  33 
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Introduction 34 

Genotype-by-environment interactions (GEI) determine phenotypic responses across 35 

environments and inƲuence grain yield and stability (Falconer and Mackay 2009; Smith et al. 36 

2021). Consequently, GEI aƯects crop adaptability, thereby inƲuencing agricultural productivity 37 

and global food security (Snowdon et al. 2021). European winter wheat breeding has achieved 38 

substantial genetic gain over the past Ʊve decades under contrasting agrochemical input levels 39 

(Voss-Fels et al. 2019). However, it remains largely unknown how breeding inƲuences the 40 

interplay between performance and stability of crop varieties. In particular, the relative 41 

contributions of climatic variation, fungicide treatment, and nitrogen fertilization to additive GEI 42 

remain poorly understood. Because crop performance reƲects the combined eƯects of genotype, 43 

environment, and management (Cooper et al. 2021), disentangling GEI is essential for 44 

understanding adaptation and long-term breeding progress. 45 

Identifying the environmental variables underlying GEI has therefore become a major objective in 46 

quantitative genetics and plant breeding (Heslot et al. 2014). Measured environmental covariates 47 

provide valuable biological information but typically explain only part of the observed GEI, as 48 

important environmental variables may remain unmeasured or cannot be adequately 49 

characterized (Jarquín et al. 2014). Early applications of environmental regression in plant 50 

breeding date back to Yates and Cochran (1938) and were later extended through genotype-51 

speciƱc and random regression models (Finlay and Wilkinson 1963; Laird and Ware 1982; Heslot 52 

et al. 2014). Factor analytic linear mixed models that parsimoniously decompose GEI into a small 53 

number of latent factors (Piepho 1997; Smith et al. 2001) have since become one of the most 54 

widely adopted frameworks for analysing GEI. They have been successfully implemented using 55 

both pedigree and genomic data and are now routinely applied in multi-environment trials (Smith 56 

et al. 2001; Burgueño et al. 2008; Tolhurst et al. 2019).  57 

Non-crossover interactions are generally less relevant for selection because genotype rankings 58 

remain largely unchanged across environments (Allard and Bradshaw 1964). In contrast, 59 

crossover interactions alter genotype rankings among environments and therefore complicate 60 

selection decisions, particularly when genotypes with only moderate average performance 61 

outperform broadly adapted cultivars under speciƱc environmental conditions (Smith and Cullis 62 

2018). However, higher-order latent factors eƯectively capture these crossover interactions and 63 

facilitate the identiƱcation of environment-speciƱc adaptation patterns. Earlier approaches 64 

interpreted latent factors after model Ʊtting, for example by examining their relationships with 65 

measured environmental variables or by comparing the response patterns of selected genotypes 66 

across environments (Mathews et al. 2011; Oliveira et al. 2020). More recently, environmental 67 

covariates have been incorporated directly into factor analytic models, enabling both biological 68 

interpretation of latent factors and prediction in previously untested environments (Tolhurst et al. 69 

2022). Recent studies further demonstrated that environmental covariates can be associated to 70 

latent factors, improving the characterization of target environments and the interpretation of GEI 71 

patterns (Fradgley et al. 2025). 72 

While most studies have primarily focused on climatic drivers of GEI, management factors also 73 

represent a major source of GEI (Cooper et al. 2021). In European winter wheat production, 74 

nitrogen fertilization and fungicide application are among the most inƲuential management 75 

treatments because they strongly aƯect resource availability, disease pressure, yield formation, 76 
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and resource-use eƯiciency (Heier et al. 2005; Caldelas et al. 2023). Evaluating genotype 77 

performance across year-by-location environments under contrasting management regimes 78 

therefore provides an opportunity to disentangle GEI and to better characterize genotype 79 

adaptation and yield stability. Using grain yield and environmental data from 227 winter wheat 80 

genotypes evaluated across 25 year-by-location environments, the objectives of this study were 81 

(i) to quantify GEI in a European winter wheat panel representing over 50 years of breeding history 82 

under contrasting fungicide treatment and nitrogen fertilization, (ii) to evaluate the relative 83 

contributions of known and latent environmental covariates to additive GEI, (iii) to assess 84 

prediction accuracy across heterogeneous environments using known and latent environmental 85 

variables, and (iv) to identify stable and management-sensitive genomic regions associated with 86 

grain yield. 87 

 88 
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Materials and methods 89 

Experimental material 90 

The study included 227 winter wheat (Triticum aestivum L.) cultivars released from 1963 to 2016. 91 

These cultivars were evaluated in multi-environment trials (MET) at six locations in Germany 92 

between 2015 and 2020. The subsequent analyses were based on the MET dataset described by 93 

Wang et al. (2025), which builds upon the winter wheat MET originally reported in Voss-Fels et al. 94 

(2019). 95 

Multi-environment trials 96 

BrieƲy, Ʊeld experiments were established at six locations in Germany (Gross-Gerau, Hannover, 97 

Kiel, Klein Altendorf, Quedlinburg, and Rauischholzhausen). In total, 25 location-year 98 

combinations were evaluated across six growing seasons (Wang et al. 2025). The experiments 99 

followed a two-phase design, comprising a randomized complete block design during Phase I 100 

(2015–2017) and a full treatment-factorial design during Phase II (2018–2020). Three treatment 101 

combinations representing contrasting crop management intensities were analysed in the study, 102 

namely high nitrogen with fungicide application (HiN_HiF; 220 kg N ha⁻¹), high nitrogen without 103 

fungicide application (HiN_NoF; 220 kg N ha⁻¹), and low nitrogen without fungicide application 104 

(LoN_NoF; 110 kg N ha⁻¹). Herbicides, insecticides, and growth regulators were applied according 105 

to local standard management practices across treatments. An overview of the locations and the 106 

distribution of treatment combinations across environments is provided in Figure 1. Phenotypic 107 

data included grain yield measurements obtained from Wang et al. (2025). Detailed descriptions 108 

of Ʊeld protocols, sampling procedures, and yield determination are provided by Voss-Fels et al. 109 

(2019). Summary statistics for each environment, including the number of genotypes, mean grain 110 

yield, standard deviation, and yield range, are provided in Supplementary Table S1. 111 

112 

Figure 1 | Overview of the MET dataset. (A) Map showing the six Ʊeld trial locations in Gross Gerau (GGE), 113 

Hannover (HAN), Kiel (KIE), Klein Altendorf (KAL), Quedlinburg (QLB), and Rauischholzhausen (RHH), 114 

Germany. (B) Distribution of treatment combinations across locations and years. Treatments comprised 115 

high nitrogen with fungicide application (HiN_HiF), high nitrogen without fungicide application (HiN_NoF), 116 

and low nitrogen without fungicide application (LoN_NoF). Colors indicate treatment combinations. 117 



5 

 

Genotypic data 118 

Previously published SNP marker data for all 227 accessions were obtained from two genotyping 119 

platforms, the 15K Illumina InƱnium iSelect SNP array (Voss-Fels et al. 2019) and the 135K 120 

AƯymetrix TGWEXCAP array comprising 136,780 SNP markers (Lichthardt et al. 2020). SNPs with 121 

more than 10% missing data and a minor allele frequency below 5% were Ʊltered, resulting in a 122 

Ʊnal dataset of 50,518 SNP markers. Missing marker data were imputed using BEAGLE v5.4 123 

(Browning and Browning 2007; Browning et al. 2018). The genomic relationship matrix was 124 

constructed following VanRaden (2008) as: 125 

௚ࡳ = 2´ࡹࡹ ∑ ௜(1݌ −  (௜݌
(1) 

 

The entries of ࢆ are represented by (0 − ௜) for homozygous allele A, (1݌2 −  ௜) for the 126݌2

heterozygous state and (2 − ௜݌ ௜) for homozygous allele B, with݌2  being the allele frequency of the 127 

B allele. 128 

Environmental data 129 

Weather data were obtained from meteorological stations located near each experimental site. 130 

Environmental conditions across all environments are summarized in Supplementary Figure S1, 131 

which presents thermal time proƱles of global radiation, precipitation, relative humidity, air 132 

temperature, and wind speed throughout each growing season. Thermal time was calculated as 133 

cumulative growing degree days (°Cd), using a base temperature of 0 °C to align environmental 134 

conditions across environments according to crop development rather than calendar date. Prior 135 

to analysis, environmental covariates were centred and scaled. 136 

Linear mixed model 137 

The MET dataset was analysed through a parsimonious decomposition of the additive genetic 138 

covariance structure (Kelly et al. 2007) using the linear mixed model described by Tolhurst et al. 139 

(2022): 140 

࢟ = ࣎ࢄ + ࢛ࢆ  + ௣࢛௣ࢆ  +  (2)  ,ࢋ

 

where ࣎  denotes the vector of Ʊxed eƯects, including location-year environment and management 141 

main eƯects, ࢛ represents the random additive genotype-by-environment (GE) eƯects, ࢛௣ 142 

comprises random non-genetic trial design eƯects, and ࢋ is the vector of residual errors. The 143 

design matrices ࢆ ,ࢄ, and ࢆ௣ relate observations to their corresponding eƯects.  144 
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The additive GE eƯects were assumed to follow: 145 

࢛ ~ ܰ(૙, ாࡳ  ⊗  (3)  ,(ࢍࡳ 

 

where ۵ࡱdescribes the genetic covariance matrix among environments and ۵ࢍthe genomic 146 

relationship matrix. The matrix ۵ࡱwas modelled using either a diagonal variance structure (DIAG) 147 

or reduced-rank factor-analytic (FA) structures with one to Ʊve factors (FA1–FA5; Smith et al. 2001; 148 

Kelly et al. 2007). 149 

Non-genetic random eƯects included environment-speciƱc replicate and incomplete-block 150 

eƯects. Random row and column eƯects were additionally Ʊtted when valid Ʊeld-layout 151 

information was available. Environment-speciƱc residual variances were modelled using a block-152 

diagonal residual structure. Variance components were estimated in ASReml-R by residual 153 

maximum likelihood (REML; Patterson and Thompson 1971) using the average information 154 

algorithm (Gilmour et al. 1997). 155 

Model for genotype by environment eƯects 156 

GE eƯects were modelled within a FA linear mixed model framework (Smith et al. 2001). The FA 157 

model represents the covariance structure of GE eƯects through a reduced number of latent 158 

factors (Kelly et al. 2007). Hence, the vector of GE eƯects was expressed as: 159 

࢛ = (઩ ⊗ ࢌ(௩ࡵ +  (4) ,ࢾ

 

where ઩ deƱnes the matrix of environment-speciƱc factor loadings, ࡵ௩ is an identity matrix of 160 

dimension ࢌ ,ݒ is the vector of genotype scores across latent factors, and ࢾ represents 161 

environment-speciƱc residual GE eƯects. 162 

Integrated factor analytic model (IFA࢑) 163 

To investigate whether environmental variation across trials could be partly explained by 164 

measured environmental covariates, the selected FA4 model was extended to an integrated factor 165 

analytic model (IFA4) as described by Tolhurst et al. (2022). As a Ʊrst step, the estimated 166 

environment-speciƱc eƯects were decomposed into contributions explained by measured 167 

environmental covariates and residual latent environmental variables: 168 

࣎ =  ૚௣ߤ + ௌ࣎ࡿ +  ࣓, (5) 

 

where ߤ represents the overall mean, ࡿ contains the matrix of environmental covariates, ࣎ is the 169 

vector of regression coeƯicients describing the contribution of each environmental covariate to 170 

the environmental means, and ࣓ represents residual environmental deviations not explained by 171 

the measured covariates. 172 

Following the IFA framework of Tolhurst et al. (2022), the estimated factor loadings of the Ʊtted 173 

FA4 model were expressed as a linear combination of observed environmental covariates and 174 

residual latent environmental eƯects: 175 



7 

 

઩ = ઩௦ࡿ + ઩௥ , (6) 

 

where ࡿ is the ݌ x ݍ matrix of the known environmental covariates, ઩௦contains the contribution of 176 

observed environmental covariates to the factor loadings and ઩௥represents the contribution of 177 

the latent covariates to the factor loadings which is not explained by environmental covariates. 178 

Substituting this decomposition into the Ʊtted FA4 model yields its IFA4 representation: 179 

࢛ = ([ܵ઩௦ + ઩௥] ⊗ ࢌ(௩ࡵ +  (7) ,ࢾ

 

This speciƱcation enables the joint modelling of observed and unobserved environmental 180 

sources underlying GE interactions. Random eƯects were assumed to follow a multivariate 181 

normal distribution, with latent factor variances and environment-speciƱc residual variances 182 

estimated from the data. 183 

Model estimation, selection, and predictive assessment 184 

The DIAG and FA linear mixed models were Ʊtted in R (version 4.3.3; R Core Team 2024) using 185 

ASReml-R (version 4.2.0.355) based on restricted maximum likelihood (REML) estimation (The 186 

VSNi Team 2023). Model performance was evaluated using Akaike's Information Criterion (AIC), 187 

Bayesian Information Criterion (BIC), and log-likelihood. The optimal number of latent factors in 188 

the FA models was selected based on a combination of model Ʊt, prediction accuracy, and the 189 

proportion of additive GE variance explained (Tolhurst et al. 2022). 190 

As described by Smith et al. (2021), a principal component rotation was applied to the estimated 191 

factor loadings and genotype scores. The rotation was performed such that the Ʊrst factor 192 

accounted for the largest proportion of common GE variation, while subsequent factors explained 193 

progressively smaller proportions and remained orthogonal to one another. Further details on the 194 

rotation procedure and the calculation of variance explained are provided by Tolhurst et al. (2022). 195 

Factor analytic selection tools (FAST; Smith and Cullis 2018) were used to quantify overall 196 

performance and stability. Overall performance was derived from the Ʊrst latent factor, which 197 

captured the predominant pattern of genotype performance across environments. 198 

Prediction accuracy was evaluated by sequentially omitting each environment in a leave-one-199 

environment-out cross-validation scheme (Tolhurst et al. 2022). In each iteration, the FA4 model 200 

was Ʊtted to the remaining ݌ −  1 environments and subsequently transformed into its IFA4 201 

representation before predicting additive GE eƯects for the omitted environment. Prediction 202 

accuracy, ݎ௝, was calculated by correlating the observed genotype means in environment, ̄ݕ௜௝, with 203 

the predicted additive GE eƯects, ̂ݑ௜௝. The resulting ݎ௝values were summarized across each 204 

location by calculating the minimum, mean, and maximum across years. 205 

Marker eƯect correlations across management treatments  206 

Genome-wide SNP marker eƯects for grain yield were derived from the additive GE eƯects jointly 207 

estimated for all environment-treatment combinations using the selected FA4 model. These 208 

eƯects were reconstructed from the rotated factor loadings and genotype scores and then 209 

averaged across environments within each treatment combination. Treatment-speciƱc marker 210 
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eƯects ࢈ were back solved by applying the Moore-Penrose pseudoinverse of the marker matrix to 211 

the corresponding averaged genetic eƯects as 212 ࢈ = 12 ∑ ௜(1݌ − (௜݌  .௚࢛ࡳ´ܯ
 

(8) 

 

Pairwise correlations between treatment-speciƱc marker eƯects were calculated to assess their 213 

similarity across nitrogen and fungicide treatments. Higher correlations indicate more consistent 214 

marker eƯects between treatments, whereas lower correlations indicate stronger treatment-215 

dependent changes. To examine variation along chromosomes, correlations were calculated 216 

within sliding windows of 50 consecutive SNPs and subsequently smoothed using a rolling mean 217 

with a window size of 900. 218 
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Results 219 

The MET encompassed substantial environmental variation, both across years and across 220 

locations. Within individual locations, mean grain yield varied considerably between years due to 221 

pronounced variation in temperature, precipitation, radiation, relative humidity and wind speed 222 

at each of the six locations (Supplementary Figure S1). For example, mean yield at GGE increased 223 

from 52.1 dt ha⁻¹ in 2016 to 67.1 dt ha⁻¹ in 2017, while at HAN it varied from 73.7 dt ha⁻¹ in 2015 224 

to 59.2 dt ha⁻¹ in 2019. At KAL, mean yield increased from 75.8 dt ha⁻¹ in 2016 to 92.0 dt ha⁻¹ in 225 

2017 (Supplementary Table S1). Across all 25 environments, mean grain yield ranged from 45.3 dt 226 

ha⁻¹ in QLB_2015 to 92.0 dt ha⁻¹ in KAL_2017.  227 

Model selection 228 

Linear mixed models were Ʊtted using a DIAG variance structure and reduced-rank factor analytic 229 

(FA1–FA5) structures. Model Ʊt improved substantially when moving from the DIAG model to 230 

factor analytic models, as indicated by lower AIC values and higher log-likelihoods. Within the FA 231 

models, model Ʊt continued to improve with increasing factor order, whereas BIC increased 232 

beyond FA2. The proportion of additive GE variance explained also increased with factor order but 233 

only marginally between FA4 and FA5. Given the small gain in model Ʊt and explained variance 234 

relative to the additional model complexity, FA4 was selected for subsequent analyses (Table 1). 235 

Table 1 | Summary of factor analytic linear mixed models Ʊtted to the MET dataset. For each model, the number of 236 

estimated genetic variance parameters, the number of coeƯicients, Akaike Information Criterion (AIC), Bayesian 237 

Information Criterion (BIC), residual log-likelihood (LogLik), and the percentage of additive GE variance explained are 238 

presented. The model selected for subsequent analyses is highlighted in bold. 239 

Model Parameters Coefficients AIC BIC LogLik % var 

DIAG 148 12648 157727.2 158959.8 -78715.6 - 

FA1 198 18550 154705.6 156146.5 -77179.8 78.33 

FA2 223 18777 154287.1 155927.9 -76946.6 85.36 

FA3 248 19004 154118.3 155950.6 -76839.2 88.65 

FA4 273 19231 154041.0 156056.5 -76778.5 91.49 

FA5 298 19458 154013.1 156203.5 -76743.5 93.12 

Integrated factor analytic linear mixed model  240 

To identify the biological contribution to the additive GE eƯects, loadings from the selected FA4 241 

model were projected onto measured environmental covariates using the IFA framework of 242 

Tolhurst et al. (2022). The Ʊrst factor explained most of the additive GE variance (73.4%), whereas 243 

Factors 2–4 contributed progressively smaller proportions. The variance explained by measured 244 

environmental covariates increased from 14.1% to more than 50% for Factors 3 and 4 (Table 2). 245 
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Table 2 | Variance explained by the four latent factors of the IFA4 model and the corresponding contribution of known 246 

environmental covariates derived from the IFA4 projection. 247 

Factor Total variance (%) Known EC variance (%) % factor explained by EC 

FA1 73.4 3.13 14.11 

FA2 11.37 3.36 21.6 

FA3 3.91 2.26 58.72 

FA4 2.82 1.52 54.05 

Overall 91.49 10.27 37.12 

    

Additive genetic variance ranged from 8.08 to 75.23 across environments, with an overall mean of 248 

22.50. The proportion of additive genetic variance explained by the four common factors ranged 249 

from 63.9% to 100.0%, averaging 91.5%, whereas environment-speciƱc variance averaged 8.5% 250 

(Supplementary Table S2). The Ʊrst latent factor accounted for 73.4% of the additive GE variance 251 

represented by the model and showed consistently positive loadings across environments. In 252 

contrast, Factors 2–4 explained substantially smaller proportions of the variance and displayed 253 

both positive and negative loadings (Figure 2A; Supplementary Table S2). 254 

Measured environmental covariates accounted for 10.27% of the additive genetic variance 255 

represented by the IFA4 model. Their contribution diƯered among latent factors, increasing from 256 

14.1% for Factor 1 to 54.1–58.7% for Factors 3 and 4 (Table 2). Among the individual environmental 257 

covariates, mean temperature contributed most strongly to Factors 1–3, whereas global radiation 258 

explained the largest proportion of covariance associated with Factor 4 (Figure 2B; 259 

Supplementary Table S3). 260 



11 

 

 261 

Figure 2 | (A) Regression plots for all genotypes based on the four joint factors. DiƯerent marker shapes indicate distinct 262 

environments. (B) Proportion of the additive genetic variance in each factor explained collectively by the known 263 

covariates. Tmean, mean temperature; Prec, precipitation; Hum, relative humidity; Rad, global radiation; Wind, wind 264 

speed; Tmin, minimum temperature; Tmax, maximum temperature. 265 

Genotype performance and stability 266 

Overall performance and stability varied substantially among the 227 wheat genotypes. Overall 267 

performance ranged from approximately −21 to 10, while RMSD values ranged from 0 to 6.4. 268 

Several genotypes showed high overall performance together with low RMSD. Genotypes with 269 

high RMSD, in contrast, showed stronger environment-speciƱc variation in performance. No clear 270 

trade-oƯ was observed between overall performance and stability, indicating that high-271 

performing genotypes were not necessarily less stable. More recently released cultivars tended 272 

to occupy the upper part of the overall performance distribution, suggesting a general breeding 273 
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trend towards overall performance. In contrast, RMSD showed no apparent relationship with 274 

release year (Figure 3). 275 

 276 

 277 

Figure 3 | Overall performance in relation to their respective root mean square deviation (RMSD) for the 227 wheat 278 

genotypes. Higher RMSD values indicate greater instability across environments. Release year refers to the registration 279 

year of the variety. Genotypes representing the upper and lower extremes of overall performance and RMSD were 280 

labelled for orientation. 281 

Prediction accuracy 282 

Prediction accuracy varied considerably among environments, ranging from 0.09 in KAL_2015 to 283 

0.93 in KAL_2016, with an overall mean of 0.74 (Supplementary Table S4). At the location level, 284 

mean prediction accuracy was highest for HAN (0.85) and GGE (0.79), whereas the lowest means 285 

were observed for KAL and RHH (both 0.65; Table 3). Prediction accuracy was relatively consistent 286 

across years at QLB, RHH, and HAN, while substantially greater interannual variation was 287 

observed at GGE, KIE, and particularly KAL. The large variation at KAL was mainly driven by the 288 

exceptionally low prediction accuracy in KAL_2015; estimates for the remaining KAL 289 

environments ranged from 0.62 to 0.93 (Supplementary Table S4). 290 

Table 3 | Summary of prediction accuracies obtained from leave-one-environment-out cross-validation of the IFA4 291 

model. Values represent the minimum, mean, and maximum Pearson correlations (ݎ௝) across the location-year 292 

environments available at each location. Prediction ability was calculated across genotypes as the correlation between 293 

observed genotype mean yields and predicted additive genetic eƯects for the omitted environment. Detailed results for 294 

all 25 environments are provided in Supplementary Table S4. 295 

Location Min Mean Max 

GGE 0.49 0.79 0.90 

HAN 0.77 0.85 0.92 

KAL 0.09 0.65 0.93 

KIE 0.41 0.75 0.87 

QLB 0.64 0.69 0.74 

RHH 0.60 0.65 0.73 

Overall 0.50 0.73 0.85 

 296 
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Correlation of marker eƯects across treatments 297 

Pairwise correlations were calculated to assess the consistency of genome-wide SNP marker 298 

eƯects for grain yield across the three management treatments. Genome-wide correlations were 299 

high for all treatment pairs, ranging from r = 0.71 to r = 0.94, indicating broadly similar patterns of 300 

additive marker eƯects across management regimes. The highest correlation was observed 301 

between the two nitrogen levels without fungicide application (HiN.NoF_LoN.NoF; r = 0.94), 302 

whereas the lowest correlation occurred between the high-nitrogen treatments diƯering in 303 

fungicide application (HiN.HiF_HiN.NoF; r = 0.71). The comparison between HiN.HiF and 304 

LoN.NoF showed an intermediate correlation (r = 0.82). Thus, marker eƯects were more similar 305 

between treatments diƯering only in nitrogen supply than between treatments diƯering in 306 

fungicide application (Figure 4). 307 

Although genome-wide correlations were consistently high, local marker-eƯect correlations 308 

varied considerably along the chromosomes. The magnitude of these local Ʋuctuations diƯered 309 

among treatment contrasts, with the largest deviations observed for comparisons involving 310 

fungicide application, whereas correlations between nitrogen treatments remained 311 

comparatively stable across most chromosomal regions. Overall, marker-eƯect correlations 312 

appeared more variable across the A and D subgenomes, whereas the B subgenome showed 313 

comparatively stable correlation proƱles. The strongest local reduction in marker-eƯect 314 

correlations was observed on chromosome 5A, with additional pronounced Ʋuctuations on 315 

chromosomes 1A, 2D, and 4D (Figure 4).  316 

 317 

Figure 4 | Smoothed correlation of SNP marker eƯects along chromosomes. Grain yield (dt/ha) in 25 environments. 318 

Treatments diƯered in nitrogen level (HiN, LoN) and fungicide application (HiF, NoF); colors indicate treatment 319 

combinations. Lines represent locally smoothed correlations of SNP marker eƯects along the chromosomes; genome-320 

wide correlations were calculated across all markers. 321 

 322 



14 

 

Discussion 323 

The study applied an IFA model to investigate additive GEI for grain yield in a winter wheat MET 324 

conducted under contrasting fungicide treatment and nitrogen fertilization. Furthermore, the 325 

study evaluated overall performance and stability across more than 50 years of breeding history 326 

and compared genome-wide marker-eƯect correlations between contrasting fungicide 327 

treatments and nitrogen fertilizations. The MET showed substantial variation across years and 328 

locations. This broad environmental variation provided a suitable basis for the description and 329 

prediction of additive GE eƯects. 330 

Measured environmental covariates capture only part of GEI 331 

The selected IFA4 model captured 91.5% of the additive GE variance, indicating that four factors 332 

adequately described the genetic covariance across environments (Table 1). The Ʊrst factor 333 

accounted for 73.4% of the additive GE variance and predominantly represented generalized 334 

genotype performance and non-crossover GEI, as indicated by the consistently positive factor 335 

loadings across environments (Figure 2A). The dominant contribution of the Ʊrst factor reƲects 336 

the fact that most environments shared a common genetic response pattern, with diƯerences 337 

among genotypes largely corresponding to changes in the magnitude rather than the direction of 338 

their performance across environments. Consequently, the higher-order factors explained only 339 

18.1% of the additive GE variance and primarily described environment-speciƱc crossover 340 

interactions (Supplementary Table S2), consistent with previous reports using IFA models 341 

(Tolhurst et al. 2022). 342 

Measured environmental covariates accounted for 10.3% of the additive genetic variance 343 

captured by the IFA4 model (Table 2). Their contribution was particularly small for Factor 1 344 

(14.1%), whereas substantially larger proportions of Factors 2–4 were explained (21.6–58.7%). 345 

This suggests that the dominant pattern of additive GEI was largely driven by environmental 346 

processes that were not represented by the available weather variables. Rather than reƲecting a 347 

single environmental gradient, the Ʊrst latent factor likely captured the combined inƲuence of 348 

multiple environmental and management processes that consistently aƯected genotype 349 

performance across environments. In contrast, the higher-order factors represented more 350 

speciƱc environmental responses that were more closely associated with the measured 351 

environmental covariates. The associations shown in Figure 2B further support this interpretation, 352 

with temperature-related covariates exhibiting the strongest associations with Factors 1–3, 353 

whereas global radiation contributed most strongly to Factor 4. 354 

These Ʊndings illustrate the principal advantage of the IFA approach. By partitioning GEI into 355 

components associated with measured environmental covariates and latent factors orthogonal 356 

to those covariates (Tolhurst et al. 2022), the model allows part of the observed GEI to be related 357 

to speciƱc environmental drivers, while retaining the ability to capture interaction patterns that 358 

cannot be explained by the available covariates. In contrast, models relying exclusively on 359 

measured environmental covariates may fail to capture important interaction patterns when 360 

relevant environmental drivers are unavailable or only incompletely characterized (Heslot et al. 361 

2014; Jarquín et al. 2014). Although temperature and radiation emerged as the most inƲuential 362 

covariates, the relatively small proportion of explained variance indicates that important drivers 363 

remained unmeasured. Potential contributors include developmental-stage-speciƱc weather 364 

conditions, soil properties, disease pressure and management practices. Incorporating such 365 

variables into future IFA models may therefore improve the environmental characterization and 366 

interpretation of GEI, as well as the prediction of genotype responses across environments. 367 
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Breeding progress primarily increased overall performance 368 

Across more than 50 years of European winter wheat breeding, genotypes varied substantially in 369 

overall performance and stability. No clear trade-oƯ was observed, as several genotypes 370 

combined high overall performance with low RMSD. Other high-performing genotypes showed 371 

greater environmental sensitivity and may therefore be better suited to speciƱc target 372 

environments (Smith et al. 2001; Smith and Cullis 2018). More recently released genotypes 373 

generally achieved higher overall performance, consistent with sustained genetic gain in 374 

European winter wheat (Voss-Fels et al. 2019), whereas RMSD showed no apparent relationship 375 

with release year (Figure 3). Using the same wheat panel, Voss-Fels et al. (2019) reported 376 

improved stability of modern cultivars based on the coeƯicient of variation and cultivar superiority 377 

index. Rather than being necessarily contradictory, these Ʊndings indicate that conclusions about 378 

breeding progress for stability depend on how stability is deƱned and quantiƱed. These measures 379 

capture diƯerent aspects of genotype performance and stability than the FA-based RMSD. The 380 

coeƯicient of variation expresses phenotypic variation across environments relative to a 381 

genotype’s mean yield and can therefore decrease simply because the mean yield increases, 382 

even if the absolute variation remains unchanged (Francis and Kannenberg 1978). The cultivar 383 

superiority index quantiƱes the squared deviation of a genotype from the highest-yielding cultivar 384 

in each environment (Lin and Binns 1988). Consequently, both indices are related to yield level as 385 

well as variation across environments, whereas RMSD quantiƱes deviations from the dominant 386 

genetic response pattern captured by the factor analytic model. Consequently, variation in 387 

genotype performance across environments did not decrease over the course of breeding. 388 

Instead, mean yield increased, making modern, higher-yielding genotypes appear more stable 389 

under scale-dependent metrics such as the coeƯicient of variation, even when their absolute 390 

variation across environments remained unchanged. Importantly, RMSD also provided no 391 

evidence for a deterioration of stability in more recently released cultivars (Figure 3). 392 

The direction of stability therefore depends on its statistical deƱnition. Calderini and Slafer (1998, 393 

1999) observed similarly diƯerent trends when stability was expressed in absolute or relative 394 

terms and reported greater responsiveness of modern cultivars using Finlay-Wilkinson 395 

regression, which represents the response of each genotype by a single regression coeƯicient, 396 

such that a strong but systematic response to favourable environments is interpreted as lower 397 

stability. In contrast, the FA framework represents additive genetic covariance across 398 

environments through multiple latent factors. This enables the dominant performance pattern to 399 

be separated from higher-order diƯerential responses, from which RMSD is derived. The absence 400 

of a clear relationship between RMSD and release year therefore does not imply that stability has 401 

not changed through breeding, but rather that modern cultivars did not show a consistent 402 

reduction in their deviations from the genetic response pattern captured by the FA model. 403 

Together, these Ʊndings suggest that breeding progress for stability cannot be described by a 404 

single metric and should be interpreted in relation to the speciƱc stability concept applied. 405 

Nevertheless, the occurrence of genotypes combining high overall performance with low RMSD 406 

demonstrates that high performance and stability according to the FA-based deƱnition are not 407 

mutually exclusive. Explicit consideration of both performance and environmental 408 

responsiveness may therefore be useful when selecting cultivars for broad adaptation (Waters et 409 

al. 2026). 410 
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Integrated factor analytic models predict additive GE eƯects across environments 411 

The IFA4 model predicted additive GE eƯects in unseen environments with an overall prediction 412 

accuracy of 0.74 (Table 3). This exceeded the mean accuracies of 0.60 and 0.56 in cotton reported 413 

by Tolhurst et al. (2022) for an IFA4-3 model. In both studies, prediction accuracy diƯered 414 

considerably among environments. For example, the low prediction accuracy for KAL_2015 may 415 

reƲect a speciƱc GEI pattern that was not adequately represented by the remaining environments 416 

or model covariates (Supplementary Table S4). As the other KAL environments were predicted 417 

with moderate to high accuracy, this limitation appears speciƱc to 2015. Therefore, this 418 

environment may not have been well aligned with the remaining environments (Cooper et al. 419 

2023). Prediction may therefore be improved by including environments in the MET that better 420 

represent such extreme conditions. 421 

The high overall prediction accuracy should nevertheless be interpreted cautiously. The overall 422 

prediction accuracy does not necessarily indicate that Ʊner-scale or infrequent interactions were 423 

captured equally well. Rather the large proportion of variance explained by the Ʊrst factor may 424 

indicate that the main eƯect explained most variation, which usually is easier to predict than other 425 

GEI eƯects. Other genomic prediction studies also reported moderate prediction accuracies for 426 

wheat grain yield. Burgueño et al. (2012) obtained correlations of 0.48 and 0.56 for models without 427 

and with GEI, respectively, while He et al. (2016) achieved 0.50 when using one year to predict the 428 

next. Weber et al. (2023) obtained similar accuracies based on haplotype blocks. More broadly, 429 

genomic prediction has become an integral component of modern wheat breeding. Using a panel 430 

of 191 European winter wheat cultivars evaluated across contrasting management intensities, 431 

Voss-Fels et al. (2019) demonstrated the potential of genome-wide haplotype information to 432 

characterize and exploit genetic variation for breeding. Although diƯerences in models, datasets 433 

and validation designs limit direct comparisons, these studies show that genomic prediction can 434 

be eƯective beyond observed environments. Overall, IFA4 eƯectively predicted broadly 435 

repeatable genetic variation, whereas speciƱc crossover GEI remained more diƯicult to predict. 436 

Fungicide inƲuences marker eƯects more than nitrogen fertilization 437 

Genome-wide correlations of SNP marker eƯects were high across all management contrasts (r = 438 

0.71–0.94; Figure 4), indicating that most additive genetic eƯects remained consistent across 439 

environments. However, marker eƯects were most similar between treatments diƯering only in 440 

nitrogen supply (r = 0.94), whereas contrasts involving fungicide application showed substantially 441 

lower correlations (r = 0.71–0.82). These results indicate that fungicide management induced 442 

larger changes in additive marker eƯects than nitrogen fertilization. 443 

This pattern is consistent with previous analyses of the same MET, in which grain yield showed 444 

lower consistency under fungicide application than under untreated conditions, suggesting that 445 

plant protection increases GE interaction (Wang et al. 2025). Wang et al. (2025) proposed that 446 

fungicide application partially replaces the contribution of genetically controlled disease 447 

resistance by reducing disease pressure, thereby reducing the expression of genetic diƯerences 448 

among cultivars for grain yield. Our results extend this interpretation by demonstrating that 449 

fungicide management was also associated with larger changes in marker eƯects than nitrogen 450 

fertilization, suggesting that disease control alters the relative contribution of genomic regions 451 

underlying yield performance across environments. 452 

This interpretation is further supported by the localized reductions in marker-eƯect correlations 453 

observed across the genome. The strongest reduction occurred on chromosome 5A, with 454 
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additional pronounced Ʋuctuations on chromosomes 1A, 2D, and 4D, while marker-eƯect 455 

correlations appeared more variable across the A and D subgenomes than across the 456 

comparatively stable B subgenome (Figure 4). These localized changes suggest that fungicide 457 

application altered the contribution of speciƱc genomic regions to grain yield rather than 458 

uniformly aƯecting additive marker eƯects across the genome. In contrast, marker eƯects 459 

remained comparatively stable across nitrogen treatments, indicating that nitrogen availability 460 

primarily inƲuenced the magnitude of genetic eƯects while having a smaller impact on their 461 

genomic distribution. This agrees with previous studies reporting genotype-dependent responses 462 

to nitrogen supply in wheat (Hirel et al. 2007; Cormier et al. 2013). 463 

The pronounced reduction in marker-eƯect correlation observed on chromosome 5A are 464 

particularly noteworthy, as Voss-Fels et al. (2019), using the same underlying winter wheat panel, 465 

previously identiƱed a resistance-associated LD block on chromosome 5A (5A_b000813) that 466 

showed genetic variance for grain yield only in the absence of fungicide application. This provides 467 

independent support for the hypothesis that genetic eƯects in this genomic region may depend 468 

on fungicide treatment and associated disease pressure. Although the local correlation patterns 469 

observed here cannot be directly attributed to the same LD block, the concordance between both 470 

analyses suggests that chromosome 5A may contain genetic variation whose contribution to grain 471 

yield changes with disease management. Likewise, the comparatively greater variability observed 472 

within the D subgenome may reƲect its distinct genomic architecture. Moreover, Voss-Fels et al. 473 

(2019) identiƱed large haplotype blocks associated with yield- and biomass-related traits within 474 

the wheat D subgenome, which may contribute to broader regional shifts in marker eƯects under 475 

changing environmental conditions. Furthermore, numerous QTL controlling agronomic 476 

performance, phenology, adaptation and disease resistance have been mapped across the wheat 477 

genome, including chromosomes 1A, 4D and 5D (Juliana et al. 2019; Tshikunde et al. 2019). These 478 

Ʊndings support the hypothesis that these genomic regions may contribute to environment-479 

dependent changes in grain yield. However, the present analyses cannot identify the underlying 480 

causal loci, and the observed chromosome-speciƱc patterns should therefore be regarded as 481 

exploratory. Future studies combining genome-wide association analyses or regional genomic 482 

prediction with disease phenotyping could determine whether these regions correspond to loci 483 

underlying fungicide-speciƱc genotype responses. 484 

Limitations of the study 485 

Although the IFA model successfully separated predictable environmental eƯects from latent 486 

sources of GEI, several limitations remain. The environmental characterization was restricted 487 

primarily to routinely recorded weather variables, which are unlikely to capture the full complexity 488 

of the environments experienced by the crop. Incorporating additional descriptors such as soil 489 

physical and chemical properties, systematic measures of disease pressure across 490 

environments, and environmental conditions during critical developmental stages could improve 491 

the biological interpretation of the latent factors and increase the proportion of GEI explained by 492 

measured covariates. Furthermore, extending the analysis to a larger number of environments 493 

and years would provide a broader representation of the target population of environments and 494 

improve the robustness of genotype-speciƱc environmental response estimates.  495 



18 

 

Conclusion 496 

This study demonstrates that GEI in European winter wheat is shaped by both environmental 497 

conditions and crop management, with contrasts involving fungicide treatment showing larger 498 

changes in additive genetic eƯects than the nitrogen contrast evaluated without fungicide 499 

application. Although IFA models eƯectively interpreted and predicted additive GEI, measured 500 

environmental covariates explained only a small proportion of the additive genetic variance, 501 

highlighting that weather variables alone are insuƯicient to fully characterize breeding 502 

environments. Furthermore, more than 50 years of breeding improved overall performance, 503 

including under reduced nitrogen supply and without fungicide application, whereas no clear 504 

temporal trend was observed for the FA-based RMSD measure. The latter Ʊnding contrasted with 505 

previous stability assessments, showing that conclusions about breeding progress in yield 506 

stability depend on how stability is deƱned and quantiƱed. Overall, combining measured 507 

environmental covariates with latent factors can help breeders better interpret and predict GEI in 508 

wheat.  509 
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