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ABSTRACT

The integration of genotypic and environmental data can enhance genomic prediction accuracy for crop

field traits. Existing genomic prediction methods fail to consider environmental factors and the real

growth environments of crops, resulting in low genomic prediction accuracy. In this work, we developed

GEFormer, a genotype–environment interaction genomic prediction method that integrates gating multi-

layer perceptron (gMLP) and linear attention mechanisms. First, GEFormer uses gMLP to extract local

and global features among SNPs. Then, Omni-dimensional Dynamic Convolution is used to extract

the dynamic and comprehensive features of multiple environmental factors within each day, taking

into consideration the real growth pattern of crops. A linear attention mechanism is used to capture

the temporal features of environmental changes. Finally, GEFormer uses a gating mechanism to effec-

tively fuse the genomic and environmental features. We examined the accuracy of GEFormer for predict-

ing important agronomic traits of maize, rice, and wheat under three experimental scenarios: untested

genotypes in tested environments, tested genotypes in untested environments, and untested genotypes

in untested environments. The results showed that GEFormer outperforms six cutting-edge statistical

learning methods and four machine learning methods, especially with great advantages under the sce-

nario of untested genotypes in untested environments. In addition, we used GEFormer for three real-

world breeding applications: phenotype prediction in unknown environments, hybrid phenotype predic-

tion using an inbred population, and cross-population phenotype prediction. The results showed that

GEFormer had better prediction performance in actual breeding scenarios and could be used to assist

in crop breeding.
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INTRODUCTION

Global climate change poses great challenges to food security

and sustainable agricultural development (Abberton et al.,
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2016). Breeders face pressure to improve and develop crop

varieties, and crops will need to be more productive and

capable of adapting to dynamically changing environments in

the future (Hickey et al. 2019). The development of novel crop
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varieties adapted to diverse environmental conditions can help to

further alleviate food shortages caused by biotic and abiotic

stresses (Xiong et al., 2022).

The field phenotypes of crops are the result of interactions

between genotype and environmental factors. Environmental fac-

tors refer to factors that affect crop growth, including soil, mois-

ture, light, and temperature (Xu, 2016). Genotype–environment

interactions (Crossa et al., 2004) can lead to variance differences

and rank changes among SNPs (Cooper and DeLacy, 1994).

Genomic prediction (GP) refers to the use of genotypic data to

predict the field phenotypes of crops (including yield, plant

height [PH], and flowering time). Breeders can quickly screen

varieties on the basis of predicted phenotype values. Therefore,

GP could help to shorten the breeding cycle and improve

resource utilization efficiency in animal and plant breeding.

However, the performance of GP needs to be improved in multi-

environment trials (Burgueño et al., 2012; Jarquı́n et al., 2017;

Gillberg et al., 2019). Therefore, it is necessary to consider

genotype–environment interactions and construct genotype–

environment–phenotype (Xu et al., 2022) GP models (G 3 E) to

improve the accuracy of phenotype prediction.

In recent years, researchers have developed a number of GP

methods that consider genotype–environment interactions to

improve the prediction accuracy of complex traits. Some re-

searchers convert the function of environmental data response

norms into environmental covariates (ECs), which are the linear re-

sponses of genotype data to the target environmental gradient.

They then construct a kinship matrix of environmental factors

based on the correlations between ECs. The corresponding GP

methods related to environmental feature kernels include bench-

mark genomic best unbiased predictor (GB), Gaussian kernel

(GK), and deep kernel (DK) methods (Costa-Neto et al., 2021b;

Resende et al., 2021; Araújo et al., 2024). In addition, some

studies first extract genotypic features using the genomic

relationship matrix (GRM) based on additive effects, the GRM

based on dominance effects, and the GRM based on epistatic

effects (Hayes et al., 2009; Vitezica et al., 2013, 2017; Martini

et al., 2017). Then, a mixed linear model is used to integrate the

genotype and environmental features and achieve multi-

environment GP in maize (Granato et al., 2018; Costa-Neto et al.,

2021b). However, exploring the complex nonlinear relationships

between genotype data and environmental factors remains the

key to improving prediction accuracy. Recently, researchers

have used machine-learning methods, including random forest

(RF), eXtreme gradient boosting (XGBoost), stacking ensemble

model (Stacking), and deep learning (DL), to capture high-order

interactions between genotype and environmental factors

(Westhues et al., 2021, 2022). Such machine-learning methods

outperformed linear random-effect methods in predicting maize

grain yield (Westhues et al., 2021), demonstrating the great

potential in the field of G 3 E GP. However, machine-learning

methods often use principal-component analysis to reduce the

dimensionality of the original genotype data, resulting in the loss

of nonlinear features (dominant and epistatic effect features)

embedded within the original genotype data. That is to say,

machine-learning methods often input dimensionally reduced

genotypic features and the covariate of the phenological period

into models for prediction. However, environmental features

change dynamically over the whole crop growth period. Relying
528 Molecular Plant 18, 527–549, March 3 2025
on only the covariate characteristics of the phenological period

will decrease the temporal features of the whole growth period,

thus affecting prediction accuracy.

Current methods for extraction of environmental features rely

mainly on the similarity of ECs or phenological ECs to construct

environmental features. However, these approaches are unable

to capture high-order interactions among environmental factors

and dynamically changing features throughout the whole growth

period. Currently, DL methods have shown great advantages in

the fieldsof computer vision, natural languageprocessing, biolog-

ical data analysis, and multi-modal feature fusion (Achiam et al.,

2023). DeepGS (Ma et al., 2018), Galiana (Raimondi et al., 2022),

DNNGP (Wang et al., 2023), TrG2P (Li et al., 2024b), SoyDNGP

(Gao et al., 2023), GPformer (Wu et al., 2024), DeepCCR (Ma

et al., 2024), and other methods have also verified that DL has

superior GP effects. In addition, some studies have used multi-

omics data for GP (Wang et al. 2023; Ren et al., 2024). The

focus of these works was not to incorporate environmental data

from the entire crop growth period into GPs. DL methods can

undoubtedly capture complex nonlinear relationships among

genotypes, environmental factors, and genotype–environment

interaction features. Regarding genotype and environmental

data as different modal features, the present work proposes a

G 3 E genome-wide prediction method called GEFormer based

on multi-modal DL.

(1) GEFormer consists of gated multilayer perceptron (gMLP)

layer, TimeFeatureBlock layer, and CrossGatedMLP layer.

The gMLP layer is used to extract genotype features from

both local and global perspectives, thereby capturing the

long-range dependencies among SNPs. In consideration

of the patterns of the real crop growth environment, the

TimeFeatureBlock layer uses Omni-dimensional Dynamic

Convolution (ODConv) to fuse the features among different

environmental factors within each day. The linear attention

mechanism is used to extract the temporal features of envi-

ronmental factors during the crop growth period. Based on

the ideaof cross-modal feature fusion, theCrossGatedMLP

layer integrates the extracted genotype and environmental

features to capture the complex nonlinear relationships hid-

den in different omics data.

(2) We validated the accuracy of GEFormer in predicting

important agronomic traits using multiple populations of

maize, rice, and wheat. We performed experiments using

three scenarios: tested genotypes in untested environ-

ments, untested genotypes in tested environments, and

untested genotypes in untested environments. The ex-

perimental results of the three scenarios demonstrated

that GEFormer outperformed six cutting-edge statistical

learning methods and four machine-learning methods.

(3) We used three scenarios to analyze the application poten-

tial of GEFormer for crop breeding. The first application

was phenotype prediction in unknown environments. GE-

Former could accurately predict phenotype in unknown

environments in the scenario of tested genotypes in un-

tested environments. The second application was pheno-

type prediction for a hybrid population using inbred lines.

Incorporation of maternal and paternal inbred materials

improved the prediction accuracy of the hybrid population.

The third application was cross-population phenotype
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prediction. The incorporation of some inbred (hybrid)mate-

rials to the training set of the hybrid (inbred) population

significantly boosted prediction accuracy for the hybrid

(inbred) population.
RESULTS

GEFormer model and experimental setup

GEFormer extracts genotype features (G*) and environmental data

features (E*) in order to predict phenotypes through integration of

G* and E*. GEFormer includes five layers: the input layer, gMLP

layer, TimeFeatureBlock layer, CrossGatedMLP layer, and output

layer (Figure 1). It first preprocesses the original genotype and

environmental data, which are input into the gMLP layer and

TimeFeatureBlock layer, respectively. The gMLP layer (Liu et al.,

2021a) is used to extract both local and global features among

SNPs, thusobtaining the genotype featuresG*. The long-rangede-

pendencies among SNPs are captured through the gating mecha-

nism and nonlinear activation function. To capture the holistic

impact of environmental factors on crop growth processes, the

TimeFeatureBlockmodule isused toextract features (E*)of25envi-

ronmental factors, including day length (DayL), relative humidity

(RH), and surface air pressure (PS). As we know, there are interac-

tions among different environmental factors during the real growth

process of crops, and each environmental factor exhibits temporal

characteristics that vary over time. The TimeFeatureBlock module

first uses ODConvto extract the comprehensive effects among the

environmental factors within each day. It then uses linear attention

mechanism to capture the temporal features of the environmental

factors betweendifferent days.ODConvcan adjust the parameters

of convolutional kernels dynamically during the training process,

thus enhancing the ability to capture complex features (Li et al.,

2022a). Linear attention mechanisms can determine the

importance of different positions in the input sequence by

introducing learnable weights, thereby improving the ability to

capture local key features in the sequence (Zhou et al., 2021). By

fusing the featuresofG*, E*, andG*3E*, theCrossGatedMLP layer

uses the learning gating signal to adaptively determine the contri-

bution of each feature to the fusion feature and enhance the repre-

sentation ability of themodel (Tu et al., 2022). The output layer uses

MLP to extract the fused features andmaps them to the phenotype

values. The architecture of GEFormer is shown in Figure 1.

We used three experimental scenarios (M1–M3) to assess the pre-

diction performance of GEFormer, as shown in Supplemental

Figure 1. In M1, 10-fold cross-validation was used to evaluate the

prediction accuracy for untested genotypes in tested environments

(Supplemental Figure 1A). In M2, leave-one-environment-out

cross-validation was used to evaluate the prediction accuracy for

tested genotypes in untested environments (Supplemental

Figure 1B). In M3, leave-one-environment-out and 10-fold cross-

validation were used to evaluate the prediction accuracy for un-

tested genotypes in untested environments. In scenario M3, we

divided the population materials into 10 groups. One group of ma-

terials in oneenvironmentwasusedas the validation set, and the re-

maining nine groups of materials in all other environments were

used as the training set (Supplemental Figure 1C). We used the

average prediction accuracy to compare GEFormer with four

machine-learning methods and six statistical learning methods

(Materials and methods). The four machine-learning methods
were RF, XGBoost, Stacking, and MLPs (DL) (Westhues et al.,

2022). The six statistical learning methods were the main-effect

EAplus reactionnorm forGEbasedongenomicbest unbiasedpre-

dictor (GBLUP) (EA+GW(GB)), themain-effect EADWplus reaction

norm for GE based on GBLUP (EADW + GW(GB)), the main-effect

EA plus reaction norm for GE based on GK (EA + GW(GK)), the

main-effect EADW plus reaction norm for GE based on GK

(EADW + GW(GK)), the main-effect EA plus reaction norm for GE

based on DK (EA + GW(DK)), and the main-effect EADWplus reac-

tion norm for GE based on deep kernel (EADW+GW(DK)) (Granato

et al., 2018). We performed these experiments using datasets from

four maize populations: the CUBIC1404 inbred population (the

Complete-diallel design plus Unbalanced Breeding-like Inter-

Cross, CUBIC) (Liu et al., 2020), the CUBIC1404*JING724 hybrid

population (Xiao et al., 2021), the CUBIC1404*ZHENG58 hybrid

population (Xiao et al., 2021), and the Maize976 hybrid population

(Liu et al., 2021b). We also used the datasets from rice and wheat

to validate the effectiveness of GEFormer (Materials andmethods).
Evaluation of phenotype prediction in scenario M1

We compared the prediction accuracy of GEFormer with that of

four machine-learning methods and six statistical learning

methods using three maize populations (the CUBIC1404

inbred population, the CUBIC1404*JING724 hybrid population,

and the CUBIC1404*ZHENG58 hybrid population) in five environ-

ments (JiLin (JL), LiaoNing (LN), BeiJing (BJ), HeBei (HB), He-

Nan(HN)) (Figure 2 and Supplemental Figures 2 and 3). As

shown in Figure 2A–2C, GEFormer achieved higher accuracy in

PH prediction compared with the other ten methods in most en-

vironments. GEFormer performed best in the CUBIC1404 inbred

population (0.5893) and the CUBIC1404*JING724 hybrid popula-

tion (0.4683), with accuracies at least 2.20% and 2.87% higher

than those of the comparison methods. For the CUBIC1404*

ZHENG58 population, the average prediction accuracy of GE-

Former was 0.5392, slightly lower (by 0.12%) than that of the

best method (EA + GW(GK)). As shown in Figure 2D–2F,

GEFormer outperformed the comparison methods in ear weight

(EW) prediction accuracy across all environments in the

different populations. Specifically, its average EW prediction

accuracies were 0.4013, 0.3185, and 0.4161, which were at

least 3.57%, 3.99%, and 2.56% higher than those of the

comparison methods. In addition, GEFormer had the highest

average accuracy for prediction of days to anther (DTA) in the

three populations (Supplemental Figure 2).

We also compared GEFormer, RF, XGBoost, Stacking, DL, EA +

GW(GB), EADW + GW(GB), EA + GW(GK), and EADW + GW(GK)

using the Maize976 hybrid population (Supplemental Figure 3).

GEFormer outperformed all comparison methods for prediction

of PH and EW in all environments. The average prediction

accuracies for PH and EW were 0.7618 and 0.4453, surpassing

those of the best comparison methods by 4.34% (EA +

GW(GK)) and 10.26% (EA + GW(GK)).

Overall, the prediction accuracy of theDLmethodwas significantly

lower than that of the other methods. Performance of the other

three machine-learning methods (RF, XGBoost, and Stacking)

was similar to that of the six statistical learningmethods.GEFormer

outperformed the comparison methods for EW prediction across

different populations and environments. GEFormer also had the
Molecular Plant 18, 527–549, March 3 2025 529



Figure 1. The architecture of GEFormer.
(A) GEFormer consists of five layers: the input layer, gMLP layer, TimeFeatureBlock layer, CrossGatedMLP layer, and output layer.

(B) The input layer is used to standardize the input data.

(C) Omni-dimensional Dynamic Convolution (ODConv) is used to obtain the comprehensive effects of environmental factors in each day.

(D) The linear attention mechanism is used to capture temporal features among the environmental factors between different days.

(E) The gMLP layer extracts the genotype features G*. The TimeFeatureBlock layer captures the environmental features E*.

(F) The CrossGatedMLP layer integrates the features of G*, E*, and G*3 E* using cross-gating mechanisms. The output layer uses MLP to further extract

the fused features and maps them to the phenotype values.

Molecular Plant GEFormer
highest prediction accuracy for PH andDTA inmost environments.

These results indicate that GEFormer shows better performance in

capturing the features of complex traits (i.e., EW) and also shows

good prediction effects for simple traits such as PH and DTA.
530 Molecular Plant 18, 527–549, March 3 2025
Evaluation of phenotype prediction in scenario M2

In the scenario of tested genotypes in untested environments, we

compared GEFormer with four machine-learning methods and

six statistical learning methods using three maize populations.



Figure 2. Comparison of prediction accuracy of GEFormerwith 10 representativemethods for threemaize datasets in the scenario of
untested genotypes in tested environments (M1).
(A–C) PH prediction accuracy for the CUBIC1404 inbred population, the CUBIC1404*JING724 hybrid population, and the CUBIC1404*ZHENG58 hybrid

population.

(D–F) EW prediction accuracy of the 11 methods for the three populations.

Molecular Plant 18, 527–549, March 3 2025 531
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For PH, EW, and DTA in different populations, DL, EADW +

GW(GB), and EADW + GW(DK) had lower average prediction ac-

curacy across different environments (Figure 3, Supplemental

Figure 4). GEFormer and eight methods (RF, XGBoost,

Stacking, EA + GW(GB), EA + GW(GK), EADW + GW(GK), and

EA + GW(DK)) had stable performance across different

environments. For EW, GEFormer had the highest average

prediction accuracy for the three populations, at least 0.46%, 2.

47%, and 0.24% higher than that of the comparison methods.

The prediction accuracy for PH and EW in the Maize976 hybrid

population is shown in Supplemental Figure 5. For PH in 2011,

GEFormer had the highest average prediction accuracy (0.

8156), 0.56% higher than that of the best comparison method

(RF). For PH in 2012, the average prediction accuracy of

GEFormer was 0.8496, slightly lower (by 0.12%) than that of

the best method (XGBoost). The performance of different

methods for EW varied greatly in most environments.

GEFormer had an average prediction accuracy of 0.4773 for

EW in 2011, outperforming RF, XGBoost, Stacking, DL, and

EADW + GW(GB). Furthermore, the average prediction

accuracy of GEFormer for EW in 2012 was 0.5048, slightly

lower (by 0.69%) than that of the best comparison method

(EA + GW(GK)). Overall, GEFormer had a higher average

prediction accuracy and showed relatively stable performance

for the scenario of tested genotypes in untested environments.

Evaluation of phenotype prediction in scenario M3

We next compared the phenotype prediction accuracy of GE-

Former with that of four classic machine-learning methods and

six statistical learning methods for the scenario of untested

genotypes in untested environments (Figure 4, Supplemental

Figure 6). GEFormer had the highest PH prediction accuracy in

all environments for three maize populations. The average

accuracies for theCUBIC1404 inbred linepopulation,CUBIC1404*

JING724 hybrid population, and CUBIC1404*ZHENG58 hybrid

population were 0.5887, 0.4812, and 0.5516, respectively, and

were at least 1.57%, 2.57%, and 2.14% higher than those of the

comparison methods. GEFormer also had the highest EW pre-

diction accuracy in all environments. The average prediction accu-

racies of GEFormer for the three populations were 0.3627, 0.2652,

and 0.3668, respectively, and were 2.57% (EA + GW(GK)), 5.70%

(EADW+GW(GK)), and 1.96% (EA +GW(GK)) higher than those of

the best comparison method. In addition, the average prediction

accuracy of GEFormer for DTA in the three populations was higher

than that of other methods by at least 3.01%, 3.26%, and 3.44%.

Overall, the average prediction accuracy of GEFormer was better

than that of the other methods in five environments for three pop-

ulations. These findings indicate that GEFormer can effectively

capture the genotypic and environmental features of different

populations and shows better generalization ability in the sce-

nario of untested genotypes in untested environments.

Breeding application analysis of GEFormer

Phenotype prediction of GEFormer in unknown

environments

For phenotype prediction in untested environments, we parti-

tioned the known environments into different training and test

sets to train the models. There are two strategies for exploring
532 Molecular Plant 18, 527–549, March 3 2025
the optimal number of environments for training populations.

The first is to exhaust all combinations, but this strategy con-

sumes a lot of time and computational resources. The second

is the iterative optimization strategy used in our experiment. If

there are n environments for the training population, the first strat-

egy requires training
Pn� 2

i = 1A
i
n combinations. The second strategy

requires training a number of combinations between
P2

i = 1C
i
n andPn� 2

i = 1C
i
n to obtain the relatively optimal combination. When the

optimal training population consists of two environments, the

maximum number of combinations that need to be trained isPn� 2
i = 1C

i
n. When the optimal accuracy of the next subset after iter-

ative optimization is lower than that of the previous subset, the

number of training combinations is
P2

i = 1C
i
n. Therefore, the com-

bination number of the second strategy is much smaller than that

of the first strategy. For this reason, we used the second strategy

to obtain the optimal number of environments for the training

populations.

Taking the CUBIC1404 population in the JL environment as an

example, we selected one environment from the known environ-

ments of LN, BJ, HB, and HN for model validation and used the

remaining three environments for model training. We then used

the four trained models to predict the phenotype in the JL envi-

ronment independently, and we used three environmental

training datasets with the best accuracy for further analysis. We

next selected one environment for model validation and used

the other two for model training in these three environments.

Similarly, we selected themodel with the highest prediction accu-

racy and compared it with the previous optimal accuracy. If the

optimal accuracy of the two-environment training set was lower

than that of the three-environment training set, this indicated

that the three-environment training set was required for predic-

tion of the target environment. This also meant that the optimal

environment training set for predicting the phenotype in the JL

environment had been found. Otherwise, we continued to

analyze the training environments with the optimal accuracy.

Specifically, we used one of the two environments for model vali-

dation and the other for model training. By evaluating the predic-

tion accuracy of the two models and comparing them with the

optimal accuracy obtained in the previous step until the highest

prediction accuracy was obtained, the optimal training environ-

ment for predicting the phenotype in the JL environment was

identified. The above strategy helped to identify the relatively

optimal training environment for predicting unknown environ-

mental phenotypes with fewer experiment combinations, instead

of exhaustively judging all combinations of known environments.

For the CUBIC1404 inbred population, the independent predic-

tion accuracies of the models trained with different combinations

of known environments are shown in Supplemental Figures 7

and 8.

When the environments of JL, LN, BJ, HB, and HN were un-

known, the PH and EW prediction accuracy of the models trained

on three environments was generally better than that of the

models trained on two environments, with their average optimal

prediction accuracies being 0.7721 and 0.5219, respectively.

When the DTAs of the JL, HB, and HN environments were un-

known, the models trained on two environments outperformed

the models trained on three environments by 2.73%, 1.33%,



Figure 3. Comparison of prediction accuracy of GEFormer with 10 representative methods for three maize populations in the
scenario of tested genotypes in untested environments (M2).
(A–C) PH prediction accuracy for the CUBIC1404 inbred population, the CUBIC1404*JING724 hybrid population, and the CUBIC1404*ZHENG58 hybrid

population.

(D–F) EW prediction accuracy for the three populations.
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Figure 4. Comparison of prediction accuracy of GEFormer with 10 representative methods in the scenario of untested genotypes in
an untested environment (M3).
(A–C) PH prediction accuracy for the CUBIC1404 inbred population, the CUBIC1404*JING724 hybrid population, and the CUBIC1404*ZHENG58 hybrid

population in maize.

(D–F) EW prediction accuracy for the three maize populations.

534 Molecular Plant 18, 527–549, March 3 2025
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and 1.75%, respectively, although these differences were rela-

tively small. Therefore, the models trained on more environments

generally demonstrated better prediction ability in unknown

environments.

We used maize hybrid populations to confirm that the

prediction models trained onmore environmental data had better

accuracy. We trained the models using data from three environ-

ments for independent prediction in the CUBIC1404*JING724

and CUBIC1404*ZHENG58 hybrid populations (Supplemental

Table 1). For the CUBIC1404*JING724 population, the optimal

average prediction accuracies for PH, EW, and DTA were 0.

576, 0.2819, and 0.4704, respectively. For the CUBIC1404*

ZHENG58 population, the optimal average prediction accuracies

of PH, EW, and DTA were 0.7110, 0.4314, and 0.5347, respec-

tively. The experimental results also showed that different divi-

sions of the training and validation sets could lead to variations

in prediction accuracy. Notably, the optimal training environ-

ments obtained using the hybrid populations were generally the

same as the results obtained using the CUBIC1404 population.

This indicates that GEFormer can better predict the phenotypes

of the two hybrid populations in unknown environments

and has good generalization ability. The experimental results

also showed that models trained on data from more environ-

ments were more accurate than those trained on fewer

environments.

To evaluate the stable and high-yielding materials recommended

using the optimal prediction model for unknown environments,

we calculated the overlap (at least one shared material) between

the top 5% of high-yielding materials predicted by GEFormer

and the actual top 5% materials. We also randomly selected 5%

of the materials from the CUBIC inbred populations, calculated

their overlap with the actual top 5% high-yielding materials

over 100 repetitions, and then compared these results with the

accuracy of the GEFormer recommendations, as shown in

Supplemental Table 2 and Figure 5A–5E. When BJ was the

unknown environment, GEFormer recommended 27 materials

that could achieve high yields when planted in BJ, with an

accuracy of 38.57%; this was higher than the accuracy of

the random recommendations (4.87%). For HB, GEFormer

recommended 22 materials with 31.43% accuracy, much higher

than the 5.51% accuracy of the random recommendations. For

HN, GEFormer recommended 28 materials with 38.57%

accuracy, much higher than the 5.06% accuracy of the random

recommendations. For JL, GEFormer recommended 16 materials

with 22.86% accuracy, much higher than the 5.40% accuracy of

the random recommendations. For LN, GEFormer recommended

22 materials with 31.43% accuracy, much higher than the 5.51%

accuracy of the random recommendations. Three of the

recommended materials (MG_739, MG_1000, and MG_1232)

were stably high yielding in all five environments (Figure 5F).

Similarly, we analyzed the stable and high-yielding materials

recommended in the CUBIC1404*JING724 and CUBIC1404*

ZHENG58 hybrid populations, as shown in Supplemental Figures

9 and 10. The results indicated that the inbred populations

contained materials that were relatively stable and high yielding

across multiple environments. However, the hybrids may be

more susceptible to environmental factors, and it may be

challenging to identify materials that consistently achieve high

yields in most environments from hybrid populations.
Improving the prediction accuracy of hybrids using inbred

lines

The 6210 hybrid population was obtained by crossing 207 mate-

rials from the CUBIC1404 inbred population and 30 testing mate-

rials (Liu et al., 2020; Yang et al., 2022). We trained the GEFormer

model under the scenario of untested genotypes in untested

environments using the 207 maternal materials or both the

maternal and paternal materials (207 + 30) as the training

population. We used the trained GEFormer models to predict

the PH, EW, and DTA phenotypes of the 6210 hybrid

population, and the results are shown in Supplemental Figure

11. The average prediction accuracies for PH, EW, and DTA

were 0.4644, 0.2430, and 0.5771; these were 31.25%, 16.99%,

and 51.62% higher than those of the model trained using

only the maternal materials. These results demonstrate that

incorporating both maternal and paternal inbred materials

improved the prediction accuracy for the hybrid population.

Because EA + GW(GK) performed the best in the M3 prediction

scenario, we compared EA +GW (GK) withGEFormer, and the re-

sults are shown in Supplemental Table 3. The prediction

accuracy when the maternal and paternal materials (207 + 30)

were used as the training population was significantly better

than that obtained using the 207 maternal materials alone. For

PH and DTA from the 6210 population, the prediction accuracy

of GEFormer was at least 20% higher than that of EA +

GW(GK). For EW, the prediction accuracy of GEFormer was

slightly lower than that of EA + GW(GK) in HN and higher than

that of EA + GW(GK) in the remaining four regions. In summary,

the prediction accuracy was significantly improved for all

methods when the training population contained both the

maternal and paternal materials. In addition, GEFormer showed

the greatest improvement and the most stable performance.

We next used general combining ability (GCA) and special

combining ability (SCA) to analyze whether the usage of parental

materials could predict phenotypes more accurately and further

assist in obtaining high-yield materials (Schrag et al., 2009). We

calculated the GCA and SCA for each environment based on

the EWs of the CUBIC6210 population predicted from the 207

and 237 training populations. For GCA, we calculated the overlap

between the top 50% high-GCA materials predicted using the

237 training population and the actual top 50% high-GCA mate-

rials (top50%_237_GCA), as well as the overlap between the top

50% high-GCA materials predicted using the 207 training popu-

lation and the actual top 50% high-GCA materials (top50%_

207_GCA) (Table S4). For all parent materials in different

environments, the number of high-GCA materials screened by

the top50%_237_GCA was higher than that screened by the

top50%_207_GCA. Among them, the number of overlapping

materials accounted for half of the screened materials with high

combining ability separately. These materials were relatively

conserved and were insensitive to the data of the training

population (Supplemental Figure 12). We denoted the unique

materials in top50%_237 and top50%_207 as unique_237_GCA

and unique_207_GCA, respectively. The results showed that

the average EW of unique_237_GCA was higher than that of

unique_207_GCA (Supplemental Table 5). At the same time, the

average standard error of unique_237_GCA was lower than that

of unique_207_GCA, indicating that the unique_237_GCA

material has strong stability. These results further demonstrate
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Figure 5. Prediction of EW for the CUBIC1404 inbred population in unknown environments using GEFormer.
(A–E) Overlap between the EW phenotypes predicted by GEFormer and the actual yields in the unknown environments of BJ, HB, HN, JL, and LN. The

upper right corner of the green line represents materials for which the actual yield and the predicted EW value were both in the top 5%. The upper right

corner of the purple line represents materials for which the actual yield and the predicted EW value were both in the top 25%. The upper right corner of the

blue line represents materials for which the actual yield and the predicted EW value were both in the top 50%. The upper right corner of the red line

represents materials for which the actual yield and the predicted EW value were both in the top 75%.

(F) Number of overlapping materials for which actual and predicted EW values from the five environments (BJ, HB, HN, JL, and LN) were both in the

top 5%.
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that the 237 training population is more conducive to capturing

materials with higher GCA of EW than the 207 training

population. In addition, the results of the parent material in all

environments were basically consistent with the results of the

parent material (Supplemental Figure 13 and Supplemental

Table 5).

For SCA, we calculated the overlap between the top 50% high-

SCA materials predicted using the 237 training population and

the actual top 50% high-SCA materials (top50%_237_SCA), as

well as the overlap between the top 50% high-SCAmaterials pre-

dicted using the 207 training population and the actual top 50%

high-SCA materials (top50%_207_SCA) (Supplemental Table 6).

For all hybrid materials in all environments, the number of high-

SCA material combinations screened by the top50%_237_SCA

was higher than that screened by the top50%_207_SCA.

Among them, the number of overlapping materials accounted

for more than half of the screened materials with high

combining ability separately. These materials were relatively

conserved and were insensitive to the data of the training

population (Supplemental Figure 14). We denoted the unique

materials in top50%_237 and top50%_207 as unique_237_SCA

and unique_207_SCA, respectively. The results showed that the

average EW of unique_237_SCA was higher than that of

unique_207_SCA (Supplemental Table 7). The average

standard error of unique_237_SCA was lower than that of

unique_207_SCA, indicating that the unique_237_SCA material

has strong stability. These results further demonstrate that the

237 training population is more conducive to selecting materials

with higher SCA of EW than the 207 training population.
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In view of the low-dimensional and high-dimensional relation-

ships between the phenotypes and the features captured by

the specific module in GEFormer, we analyzed the reasons for

the high prediction accuracy of GEFormer trained using both

maternal and paternal materials. Taking the EWprediction results

in the LN environment for the 6210 hybrid population as an

example, the two-dimensional visualization of material features

and the significance analysis results of the features extracted us-

ing the GEFormer_M3_Mmodel and the GEFormer_M3_P model

are shown in Figure 6 (Malik and Piepho, 2018). We used the t-

SNE (t-distributed stochastic neighbor embedding technology)

feature visualization method (Van der Matten and Hinton, 2008;

Platzer, 2013) to reduce the high-dimensional features extracted

by each module in GEFormer to a two-dimensional plane feature

(Chatzimparmpas et al., 2020). Figures 6A and 6G illustrate the

two-dimensional visualization results of the genotype features

extracted by the gMLP layer in GEFormer_M3_M and GEFor-

mer_M3_P, respectively. In addition, we used t-tests to analyze

the significance (see the section ‘‘Statistical analysis’’) of

correlations about the phenotypes and features extracted by

the gMLP layer based on the GEFormer_M3_M model

(Figure 6D) and the GEFormer_M3_P model (Figure 6J). The

results showed that 99.21% and 30.95% of the features

extracted by GEFormer_M3_P and GEFormer_M3_M were

significant at p < 0.001, and 100% and 49.21% were significant

at p < 0.05. Furthermore, 10 significant features out of the top

10% of significant features captured by GEFormer_M3_P were

not considered significant in the GEFormer_M3_M model,

accounting for 76.92% of the top 10% of significant features.

We then used two-way analysis of variance (ANOVA) (Wei et al.,



Figure 6. Two-dimensional visualization of material features and significance analysis results of the features extracted from the
GEFormer_M3_M model trained using only maternal materials and the GEFormer_M3_P model trained using both maternal and
paternal materials for prediction of EW in the 6210 hybrid population in the LN environment.
(A and G) Two-dimensional visualization results of the genotype features extracted by the gMLP layer of GEFormer_M3_M and GEFormer_M3_P based

on t-SNE. Each node represents the feature after dimensionality reduction of each material using t-SNE, and the color of each node represents the

phenotype value of the material.

(D and J) The t test significance analysis results for the phenotypes and genotype features extracted by the gMLP layer of GEFormer_M3_M and GE-

Former_M3_P.

(legend continued on next page)
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2024) to obtain the epistatic interaction features related to these

10 features (p < 0.05), accounting for 74.94% of the epistatic

interactions related to the top 10% of significant features.

Therefore, GEFormer_M3_P could capture more complex

nonlinear features related to epistatic effects. Figures 6B and

6H show the two-dimensional visualization results of the features

obtained by the fusion of genotype and environmental features in

the CrossGatedMLP layer in GEFormer_M3_M and GEFor-

mer_M3_P, respectively. We performed t-test correlation anal-

ysis on the phenotypes and features extracted by the

CrossGatedMLP layer based on GEFormer_M3_M (Figure 6E)

and GEFormer_M3_P (Figure 6K). We found that 97.97% and

27.36% of the features extracted by GEFormer_M3_P and

GEFormer_M3_M were significant at p < 0.001, and 98.65%

and 47.47% were significant at p < 0.05. Furthermore, 34

significant features out of the top 10% of significant features

captured by GEFormer_M3_P were not considered significant

in the GEFormer_M3_M model, accounting for 46.57% of the

top 10% of significant features. We then used two-way ANOVA

(Wei et al., 2024) to obtain the epistatic interaction features

related to these 34 features (p < 0.05), accounting for 76.68%

of the epistatic interactions related to the top 10% of significant

features. Compared with the genotypic and environmental

factor features before fusion, richer features could be captured

using the fusion operation. This means that GEFormer can

capture complex and nonlinear fusion features and that

GEFormer_M3_P captured more complex variant features than

GEFormer_M3_M. Figures 6C and 6I show the two-dimensional

visualization results of the further fused features using MLP. We

performed t-test correlation analysis on the phenotypes and fea-

tures extracted by the MLP layer based on GEFormer_M3_M

(Figure 6F) and GEFormer_M3_P (Figure 6L). The results

showed that 99.22% and 4.69% of features extracted by

GEFormer_M3_P and GEFormer_M3_M were significant at p

< 0.001, and 100% and 9.38% were significant at p < 0.05.

Thus, GEFormer_M3_P can capture more complex nonlinear

relationships and richer variation features than GEFormer_

M3_M. The GEFormer_M3_P model trained using both maternal

and paternal data captured more complex nonlinear features of

genotypes, environmental factors, and genotype–environment

interactions. Therefore, the prediction accuracy of GEFormer_

M3_P was higher than that of GEFormer_M3_M trained

using only maternal data. The feature visualization results

(Supplemental Figures 15–28) for other environments and traits

were similar to those obtained for EW in the LN environment.

We also used the GEFormer_M3 model trained on three popula-

tions (the CUBIC1404 inbred population, 1404 + 1404*ZHENG58

hybrid population, and 1404 + 1404*JING724 hybrid population)

to predict the phenotypes of two hybrid populations (1404*

JING724 and 1404*ZHENG58). The prediction accuracy results

are shown in Supplemental Table 8. The prediction accuracy

increased after addition of the hybrid population to the training
(B and H) Two-dimensional visualization results of the features obtained by t

layer of GEFormer_M3_M and GEFormer_M3_P based on t-SNE.

(E and K) The t test significance analysis results of the phenotypes and genot

and GEFormer_M3_P.

(C and I) Two-dimensional visualization results of the further fused features u

(F and L) The t test significance analysis results of phenotypes and the further
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set of inbred lines, as shown in Supplemental Table 9. For the

1404*JING724 hybrid population, the average prediction

accuracy for PH, EW, and DTA in different environments was

increased by 44.09%, 11.77%, and 34.77% upon addition of

the 1404*ZHENG58 hybrid population to the training set of

the CUBIC1404 population. For the 1404*ZHENG58 hybrid

population, the average prediction accuracy for the three traits

was increased by 47.49%, 23.07%, and 43.52% after addition

of the 1404*JING724 hybrid population to the training set of

the CUBIC1404 population. In all, the addition of one hybrid

population to the training set of the inbred population significantly

enhanced the prediction accuracy of another hybrid population.

Predicting phenotypes of hybrids across populations using

GEFormer

In this experiment, we randomly selected 100 materials from the

Maize976 hybrid population as the test set and denoted the other

materials in this population as Maize976*. We constructed

GEFormer_M2 and GEFormer_M3 for the M2 and M3 scenarios

using the Maize976* population, the CUBIC1404 inbred popula-

tion, and the CUBIC1404 + Maize976* population. Table 1

illustrates the PH and EW prediction results obtained using

these models on the test set.

Compared with their results when trained on the Maize976* pop-

ulation, GEFormer_M2 and GEFormer_M3 showed average

(HN2011 and HN2012) reductions in prediction accuracy of 28.

0% and 45.62% for PH and 52.11% and 26.21% for EW when

trained on the CUBIC1404 population. However, the two models

trained on the CUBIC1404 + Maize976* dataset achieved the

highest prediction accuracy for most phenotypes. This indicates

that incorporation of some inbred materials into the training set of

the hybrid population significantly boosted the prediction accu-

racy for the hybrid population. Similarly, we randomly selected

100 materials from the CUBIC1404 inbred population as the

test set and denoted the other materials in the CUBIC1404 pop-

ulation as CUBIC1404*. We performed experiments using the

strategy described above for Maize976*, and the results are

shown in Table 1. The GEFormer_M2 and GEFormer_M3 models

trained on the CUBIC1404* + Maize976 dataset achieved the

highest prediction accuracy for most phenotypes. Therefore,

combining the inbred and hybrid populations could improve the

accuracy of phenotype prediction for the inbred and hybrid

populations.
Ablation experiment

We used general convolution and fully connected layers to

replace the ODconv and CrossGatedMLP layer in the GEFormer

architecture, respectively, and we performed ablation experi-

ments using different combinations of genotype and environ-

mental factors. The ablation experiment method for GEFormer

is shown in Supplemental Table 10. In GEFormer-1, ODconv is

replaced with general convolution (Conv2d). In GEFormer-2,
he fusion of genotype and environmental features in the CrossGatedMLP

ype features extracted by the CrossGatedMLP layer of GEFormer_M3_M

sing the MLP of GEFormer_M3_M and GEFormer_M3_P based on t-SNE.

fused features using the MLP of GEFormer_M3_M and GEFormer_M3_P.



Environment Model Training set PH EW

HN2011 GEFormer_M2 976* 0.7364 0.2842

1404 0.4978 �0.3680

976* + 1404 0.8039 0.3126

GEFormer_M3 976* 0.7726 0.0760

1404 0.2672 �0.2377

976* + 1404 0.7968 �0.0426

HN2012 GEFormer_M2 976* 0.7168 0.2127

1404 0.3954 �0.1775

976* + 1404 0.7258 0.1593

GEFormer_M3 976* 0.6942 0.1469

1404 0.2872 �0.0638

976* + 1404 0.6921 0.1802

HN2014 GEFormer_M2 1404* 0.5336 0.3117

– 976 0.1732 0.0978

– 1404* + 976 0.5593 0.2896

GEFormer_M3 1404* 0.5171 0.2638

– 976 0.1670 0.0809

– 1404* + 976 0.5373 0.3095

Table 1. PH and EW prediction results for cross populations.
976* represents the population after removal of 100 test materials from the Maize976 population.

1404* represents the population after removal of 100 test materials from the CUBIC1404 population.
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CrossGatedMLP is replaced with MLP. The GEFormer-3 model

excludes the environmental effect and the comprehensive

effect of genotype and environmental factors. The GEFormer-4

model excludes the comprehensive effect of genotype and

environmental factors. The GEFormer-5 model excludes the

environmental effect, and the GEFormer-6 model excludes both

the genotype and the environmental effects.

The results of the GEFormer ablation experiment are shown in

Supplemental Figure 29. The average prediction accuracies of

GEFormer_M1 for PH and DTA were 58.93% and 57.18%, at

least 0.2% and 0.2% higher than those of the comparison

methods, demonstrating better stability (Supplemental Figure

29A and 29C). For EW, the prediction accuracy of GEFormer_

M1 and most other models (GEFormer-1, GEFormer-2,

GEFormer-4, GEFormer-5, GEFormer-6) ranged from 40.0% to

40.81% (Supplemental Figure 29B). The GEFormer-3 model

that considered only the genotype effect had poor stability

and lower prediction accuracy than the other models for all phe-

notypes. As shown in Supplemental Figure 29D, GEFormer_

M2 demonstrated the best performance (79.20%) and stability

for PH prediction. The EW prediction accuracy of all models

fell within the range of 52.61%–53.88% (Supplemental Figure

29E), and GEFormer_M2 had the best stability. As shown in

Supplemental Figure 29F, GEFormer_M2 performed the best

(68.51%) for DTA prediction. The results of GEFormer_M3

were similar to those of GEFormer_M1 andGEFormer_M2. These

findings confirm the necessity of the ODconv layer and

CrossGatedMLP layer in GEFormer. The fusion of genotype,

environment, and the comprehensive effects of genotype and

environmental factors can strengthen prediction accuracy. In
addition, we performed ablation experiments of the statistical

method (Supplemental Table 11). The ablation experiment

results showed that the prediction accuracy of GEFormer was

superior to that of statistical learning methods in most cases

(Supplemental Table 12), highlighting the strong robustness of

GEFormer.
Use of GEFormer to capture key environmental features

Different environmental factors have a comprehensive impact on

crop growth and development. The TimeFeatureBlock module in

GEFormer uses ODConv to dynamically extract the comprehen-

sive effects of multiple environmental factors within each day.

This module also extracts temporal features among days through

a linear attention mechanism. We used the DL interpretable algo-

rithm of the saliency map (Simonyan, 2013) to calculate the

impact of all environmental factors and individual environmental

factors on the phenotype of each day during the entire growth

period of maize. We used CERIS (the Critical Environmental

Regressor through Informed Search) (Li et al., 2021) to identify

the key growth periods affecting three maize traits and

compared them with the results of GEFormer.

For the key environmental factors affecting maize EW, the

overlap between the top 50% of environmental factors identified

by CERIS (Supplemental Figures 33 and 34) and the top 50% of

environmental factors identified by GEFormer (Supplemental

Figure 35 and Supplemental Table 13) was 53.85%

(Supplemental Figure 37A). Specifically, two of the top three

environmental factors were the same. The top three

environmental factors captured by CERIS were all related to
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temperature, whereas two of the top three environmental factors

captured by GEFormer were related to temperature and the other

to water. Temperature is known to be closely related to the meta-

bolism, development, and growth of crops (Kerbler and Wigge,

2023). Both methods identified environmental factors related to

temperature, further demonstrating the feasibility of the two

methods for detection of key environmental factors. Owing to

the biophysical interdependence among temperature, water,

and crop physiology, these factors jointly affect crop yield (Lesk

et al., 2022). Lobell et al. reported that there are significant

correlations between temperature, rainfall (water related), and

yield in maize (Lobell et al., 2011). Akpalu et al. reported that

temperature increase and rainfall have a greater effect on crop

yield and that the effect of rainfall on crop yield is also more

important than that of temperature (Akpalu et al., 2011). The

key environmental factors identified by GEFormer as affecting

PH and DTA were similar to those identified for EW (section

Discussion and Supplemental Figures 37–45).

For the key growth periods affecting maize EW, the optimal

growth period identified by CERIS (Supplemental Figure 34)

was the depression and maturity period. These two periods are

mainly related to water and nutrient accumulation. The optimal

growth periods identified by GEFormer (Supplemental

Figure 36) were the milk stage, V5–V6 stage, and maturity

stage. These periods basically cover the vegetative growth and

reproductive growth stages of maize, and they are mainly

related to water and temperature. These results are consistent

with the important environmental factors detected using

GEFormer. Although the importance of the environmental

factors detected in different periods varied, the contribution

values of the environmental factors of 81.9% of periods were

not significantly different (p > 0.05, t-test). The key growth

periods identified as affecting PH and DTA by GEFormer were

similar to those identified for EW (section Discussion and

Supplemental Figure 37–45).

In summary, GEFormer can capture more realistic crop growth

patterns, as well as key environmental factors and temporal fea-

tures at different growth stages. The experimental results indi-

cated that GEFormer had better prediction accuracy than

CERIS in all environments, as shown in Supplemental Table 14.

GEFormer can detect more comprehensive key environmental

factors and growth periods than CERIS.
Exploring the potential of GEFormer for G 3 E GP in
different species

To explore the generalization ability of GEFormer, we compared

GEFormer with other methods using datasets from wheat and

rice under scenarios M1, M2, and M3. For scenario M1 in rice

(Supplemental Figure 48), GEFormer achieved higher prediction

accuracy for grain yield (GY) and rice percentage of head rice

recovery (PHR) than other methods in most environments; its

accuracy was at least 3.13% (GY) and 12.76% (PHR) higher

than that of the comparison methods. For the wheat dataset,

the average prediction accuracies of GEFormer for yield,

height, and heading date (DTH) were 0.5287, 0.6197, and 0.

5020 and were at least 4.85%, 1.99%, and 4.3% higher than

those of the comparison methods. For scenario M2

(Supplemental Figure 49), the prediction results of all methods
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were unstable for all phenotypes. In the rice dataset, the

average prediction accuracies of GEFormer for GY and PHR

were 0.4883 and 0.5584, at least 2.21% and 2.84% higher than

those of the comparison methods. In the wheat dataset, the

average prediction accuracies for yield and height did not

differ significantly among the methods. Under scenario M3

(Supplemental Figure 50), the prediction accuracy of GEFormer

was significantly better than that of other methods for all traits

in rice and wheat. In the rice dataset, the average prediction

accuracies of GEFormer for GY and PHR were at least 8.43%

and 27.95% higher than those of the comparison methods. In

the wheat dataset, the average prediction accuracies of

GEFormer for yield, height, and DTH were at least 6.65%, 7.

19%, and 5.27% higher than those of the comparison methods.

In summary, GEFormer showed significant advantages with the

rice and wheat datasets in most environments.
DISCUSSION

We developed a GP method (GEFormer) that integrates two mo-

dalities of genotype and environmental data. GEFormer can

effectively mine the hidden complex nonlinear relationships be-

tween genotype and environmental data, thereby achieving

multi-environment phenotype prediction. GEFormer contains

agMLP layer, TimeFeatureBlock layer, and CrossGatedMLP

layer. The gMLP layer automatically extracts features among

SNPs through a gating mechanism with a fully connected neural

network. Drawing on the real growth patterns of crops, the

TimeFeatureBlock layer exploits the principle that crops respond

to the environment by integrating the effects of all environmental

factors. First, ODConv is used to fuse the comprehensive effect of

different environmental factors within each day. Then, the linear

attention mechanism is used to extract the temporal features of

environmental factors during the crop growth period. The

CrossGatedMLP layer fuses the extracted cross-modal features

of genotype and environment. Compared with the classical

G 3 E model, GEFormer uses DL technology to automatically

capture the complex nonlinear features of genotype and environ-

mental data.
Model performance

We compared the prediction performance of GEFormer under

different experimental scenarios. (M1) Untested genotypes in

the tested environments. GEFormer significantly outperformed

classical six statistical learning methods and four machine-

learning methods for predicting PH and DTA in most environ-

ments. For the complex trait of EW, GEFormer had significantly

better prediction performance than the statistical learning and

machine-learning methods in all the environments. In all, the re-

sults showed that GEFormer can capture complex nonlinear fea-

tures and demonstrates great superiority in the prediction of

complex traits. The trend of prediction accuracy of all the GP

methods was correlated with phenotypic heritability (Yang

et al., 2011), as shown in Supplemental Figure 51. The higher

the phenotypic heritability, the better the prediction accuracy of

the various methods. In addition, the accuracy of XGBoost was

greater than that of the Stacking model in some cases. This is

related to the prediction results of the base learners and the

model used to combine the outputs of the base learners in the

meta learner of the Stacking model. (M2) Tested genotypes in
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an untested environment. The accuracy of GEFormer for PH,

DTA, and EW prediction in multiple populations was slightly

better than that of the six statistical learning methods and four

machine-learning methods. (M3) Untested genotypes in an

untested environment. This experimental scenario was

extremely challenging for the GP algorithms. The experimental

results showed that the prediction accuracy of all methods in

this scenario was significantly lower than that in the above two

scenarios. Interestingly, GEFormer exhibited notably superior

prediction accuracy across all traits, populations, species, and

environments compared with the other ten methods.

Three application scenarios

We examined the use of GEFormer for breeding applications in

three scenarios and analyzed the biological significance. The first

application was phenotype prediction in unknown environments.

From the predicted phenotype values in different environments,

breeders can quickly select target materials with specific pheno-

types (e.g., high yield) in different planting environments and

areas. GP could therefore help to accelerate the breeding pro-

cess, improve efficiency, and save costs in animal and plant

breeding. The second application was phenotype prediction for

a hybrid population based on an inbred population. When using

hybrid materials as independent testing populations, leveraging

both the paternal and maternal materials as the training data re-

sulted in significantly higher prediction accuracy than using only

the maternal materials. In practical breeding applications, the

parental materials (paternal and maternal materials) can be

used as training populations to predict the field phenotypes of

their hybrid offspring, thus saving planting costs in the field.

The third application was phenotype prediction of cross popula-

tions. A larger number of training populations helped to improve

the prediction accuracy for cross populations. This result demon-

strates that the GEFormer model can integrate information from

multiple populations with different genetic backgrounds in maize.

In the future, we can integrate more and more populations from

breeders to break through bottlenecks of populations with

different genetic backgrounds.

The impact of environmental factors on GP

Incorporating environmental data into GP can help to accurately

predict crop phenotypes in the field under complex and ever-

changing climatic conditions. It can also help researchers analyze

the complex relationships among genetic and non-genetic factors

and phenotypes. In this study, we considered the environmental

factors throughout the whole growth period, all phenological pe-

riods, and the temporal relationships among phenological periods

of crops. As we know, genotype–environment interactions

occur every day during the cropgrowthperiod. It is difficult to simu-

late the actual growth environment of crops using only the mean of

each environmental factor or EC simulations (Jin et al., 2023)

throughout the whole growth period. Some studies have divided

the whole reproductive period into multiple phenological stages,

performing GP by establishing the interaction relationship

between EC and genotype in each phenological stage. However,

the positive and negative correlations between EC and

phenotype vary at different phenological stages. Therefore, it is

necessary to comprehensively consider the interactions between

genotype and environmental factors throughout the whole crop

growth period rather than using only the environmental features
of key phenological periods (Westhues et al., 2021). Current

research on genotype–environment interactions can identify key

phenological periods and environmental factors (Li et al., 2018,

2021; Guo et al., 2020; Fu and Wang, 2023). Some studies have

integrated dynamic crop growth models (CGMs) into GP

(Technow et al., 2015; Cooper et al., 2016). CGMs can simulate

specific crop phenotypes using environmental data, but they

need to assume the distribution of environmental features.

However, the interactions between genotype and environmental

factors are not only related to a few key environmental factors but

also to the combined effects of all non-genetic environmental fac-

tors. Therefore, it is necessary to consider all environmental factors

when constructing a G3 Emodel, thus simulating the crop growth

process more realistically and improving the prediction accuracy.

The construction of genotype–environment interactions is crucial

for capturing the complex nonlinear relationships between geno-

typeandenvironmental factors. In thefieldofquantitativegenetics,

some researchers have captured the interactions between geno-

type and environment by calculating the covariance. However,

this method cannot capture new genotype–environment covari-

ance if new environmental information is not added to the model

(Li et al., 2018; Jarquin et al., 2020; Costa-Neto et al., 2021c). In

the field of machine learning, XGBoost uses a tree structure to

explore the potential interactions between genotype and

environmental factors (Westhues et al., 2021). However, it

requires additional feature extraction engineering to process

features with larger dimensions. DL methods can flexibly

process features with different dimensions without assuming

data distributions in advance and can automatically capture

complex nonlinear interactions between genotypic and

environmental features.
Future prospects

GP models can accelerate the selection of breeding materials,

thereby improving breeding efficiency. With the continuous accu-

mulation of crop genotype, phenotype, and environmental data,

the advantages of DL are expected to be further improved in GP

(Washburn et al., 2020; Hayes et al., 2023). GP models based

on DL can enable the selection of high-quality germplasm re-

sources for different environments, thereby improving land utiliza-

tion efficiency. Researchers can incorporate GEFormer into

breeding toolkits for large-scale field breeding, thereby improving

the genetic gain of traits (Wang et al., 2023). Data remain the

foundation, and accurate prediction models are the key for

future breeding research. With the continued accumulation of

genotype data, differences in allele frequency and linkage

imbalance may limit the accuracy of GP. For future phenotype

predictions in specific regions and years, CGM (Kochkov et al.,

2024) and GraphCast (Lam et al., 2023) models can be used to

predict environmental factors. We can then use GEFormer to

predict phenotypes from the predicted environmental factors

and genotype data. In addition, we will build an online prediction

web platform for GEFormer to better serve crop breeding (Li

et al., 2024a, 2024b; Zhu et al., 2024). With the rapid

development of multi-omics sequencing technologies, it is

necessary to collect more omics data (such as transcriptome,

metabolome, and ionome data) to obtain features that cannot

be captured by genotype and environmental data (Hu et al.,

2019; Yang et al., 2021; Guo and Li, 2023). In addition, the crop
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growth process is influenced by multiple physiological and

ecological environmental factors. Consequently, it would be

advisable to collect more types of environmental data (Xu, 2016)

to further mine genotype–environment interactions during crop

growth. We will also integrate GEFormer and federated learning

(Xiong et al., 2021) to jointly train models of multiple populations,

thereby breaking through genetic bottlenecks among different

populations and enhancing the model’s generalization ability.

GEFormer based on DL shows good prediction accuracy, but its

high complexity can affect computational efficiency. Compared

with other models, GEFormer requires longer training times

(Supplemental Table 14), and training time has a greater

impact on parameters such as epoch and batch size. Finally,

we will explore the application of interpretable techniques

within GEFormer to uncover new genes that interact with

environmental factors and provide broader genetic resources to

support intelligent-design breeding (Wang et al., 2024).
METHODS

Genotype and phenotype datasets

ThemaizeCUBIC1404 inbred linepopulation is composedof 1404

materials derived fromcomplete alleles plus unbalancedbreeding

(Liu et al., 2020). The Illumina HiSeq 2500 platform was used to

perform whole-genome sequencing, generating 5 Tb of

sequenced base pairs for each material. We then used the

BaseRecalibrator and PrintReads tools from GATK to recalibrate

the base quality scores and correct sequencing errors and other

potential experimental artifacts (Liu et al. 2020). Each material

contained more than 14 million SNPs. We removed SNPs with a

minor-allele frequency <0.05 and obtained a total of 7 736 104

high-quality SNPs for each material. We then selected 32 559

SNPs from the original SNP set according to Yan et al. (2021).

We obtained 32 336 SNPs by mapping the 32 559 SNPs to the

B73V4 reference genome. The CUBIC1404 inbred lines were

planted in five cities in northernChina in 2014:ChangchunCity, Ji-

lin Province (N 43�880, E 125�350); Shenyang City, Liaoning Prov-

ince (N 41�480, E 123�380); Shunyi District, Beijing City (N 40�130,
E 116�130); Baoding City, Hebei Province (N 38�850, E 115�480);
andXinxiangCity, HenanProvince (N 35�310, E 113�850). The sow-

ing dates for the five cities were May 9, 2014; May 11, 2014; May

13, 2014; June 11, 2014; and June 12, 2014, respectively. The

planting method for the CUBIC1404 population was 5 m long,

with about 17 plants in each row. CHANG7-2 was planted as a

control for 50 rows of materials to check whether there were sys-

tematic errors and for standardization. PH, DTA, and EW data

were collected from the CUBIC1404 population at the five loca-

tions for use in subsequent experiments. DTA was measured by

taking into account all surviving individuals of the same genotype,

with the time at which 50% of the individuals exhibited a specific

trait being used as the criterion. For PH, the five consecutive indi-

viduals in the middle of each family were measured. For EW, five

representative and relatively consistent ears were selected for

measurement after harvest. The raw sequencing data for the CU-

BIC1404 population are available at NCBI under Bioproject acc-

ession number PRJNA597703 (https://www.ncbi.nlm.nih.gov/

bioproject/597703).

The maize CUBIC1404*JING724 hybrid population originated

from crossing 1404 inbred line materials with JING724 (Xiao
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et al., 2021). Genotype data for the CUBIC1404*JING724

hybrid population was processed as described above for the

CUBIC1404 population, yielding a total of 32 336 high-quality

SNPs based on the V4 version of the reference genome. The sow-

ing dates, planting locations, planting method, and phenotype

measurements for the CUBIC1404*JING724 population were

the same as those for the CUBIC1404 population. PH, DTA,

and EW data from the CUBIC1404*JING724 hybrid population

measured in the five locations were used for subsequent experi-

ments. The maize CUBIC1404*ZHENG58 hybrid population (Xiao

et al., 2021) originated from crossing 1404 inbred line materials

with ZHENG58. Genotype and phenotype data for the CU-

BIC1404*ZHENG58 population were obtained and processed

as described for the CUBIC1404 population. The Maize6210

F1 hybrid population originated from crossing 207 maternal

lines in the CUBIC1404 inbred lines with 30 elite male lines

(Yang et al., 2022). Genotype data for this population were

processed as described above. The planting locations, planting

methods, and phenotype measurements for the Maize6210 F1

hybrid population were the same as those for the CUBIC1404

population. The sowing dates in the five cities were May 13,

2015 (Changchun City); May 12, 2015 (Shenyang City); May 14,

2015 (Beijing City); June 10, 2015 (Baoding City); and June 11,

2015 (Xinxiang City). PH and EW data from the 6210 F1 hybrid

population in five locations were used in subsequent

experiments.

The Maize976 hybrid population originated from crossing 488 fe-

male lines from the association mapping population with two

male lines, MO17 and Zheng58 (Liu et al., 2021b). Genotype

data for this population were processed as described above.

The 976 hybrid population was planted in seven cities in central

and southern China in 2011: Sanya City, Hainan Province (109.

17997 E, 18.36078 N); Nanning City, Guangxi Province (108.

27949 E, 22.78704 N); Honghe Autonomous Prefecture (102.

42755 E, 23.37449 N); Ya’an City, Sichuan Province (102.95836

E, 29.99362 N); Chongqing City (106.51756 E, 29.50793 N); Wu-

han City, Hubei Province (114.32855 E, 30.38156 N); and Hebi

City, Henan Province (114.30559 E, 35.74695 N). The sowing

dates for the seven cities were October 24, 2011; April 7, 2011;

April 19, 2011; April 6, 2011; April 4, 2011; March 31, 2011; and

June 14, 2011, respectively. The 976 hybrid population was

also planted in four cities in southern China in 2012: Honghe

Autonomous Prefecture (102.42755 E, 23.37449 N); Chongqing

City (106.51756 E, 29.50793 N); Wuhan City, Hubei Province

(114.32855 E, 30.38156 N); and Hebi City, Henan Province

(114.30559 E, 35.74695 N). The sowing dates for the four cities

were April 22, 2012; April 5, 2012; April 6, 2012; and June 13,

2012, respectively. Maize976 populations were planted in the

field with a plant spacing of 0.25 m. For each hybrid, five healthy

and uniform plants were selected for measurement of PH and

yield traits. PH was measured from the tip of the tassel to the

ground. Yield was measured as the weight of dried ear collected

from the uppermost ear of the plant. After removal of materials

with missing phenotype values, PH (598) and EW (480) data for

the 976 hybrid population in seven locations in 2011 and four lo-

cations in 2012 were used in subsequent experiments.

The rice dataset was obtained from INIA-Uruguay National Insti-

tute of Agricultural Research (INIA-Uruguay) and consisted of 327

elite indica rice lines. Genotype data for each line were obtained



GEFormer Molecular Plant
through genotyping by sequencing (GBS). SNP data were gener-

ated using the TASSEL 3.0 GBS pipeline and aligned to the Nip-

ponbare reference genome version 7.0. We used TASSEL5.0 to

impute missing SNP data and finally obtained 92 430 SNPs for

use in subsequent experiments. The rice population was planted

in Paso de la Laguna Experimental Station (UEPL), Treinta y Tres,

Uruguay (33�150 S, 54�250 W) in 2010, 2011, and 2012. The pop-

ulation was planted in six-row plots using an augmented random-

ized complete block design with two or three replications. Two

Uruguayan cultivars (El Paso 144, INIA Olimar) were included as

control varieties (Monteverde et al., 2018; Xu et al., 2018).

PHR and GY data from the rice population at three locations

(years) were used for subsequent experiments.

The wheat dataset contained 635 recombinant inbred lines (RILs)

from 26 nested association mapping families. The wheat popula-

tion was genotyped using the Illumina 90 K SNP array (Wang

et al., 2014) and GBS. We deleted SNP markers with more than

20% missing data, minor allele frequencies <0.10, and RIL

missing rate >10% of genotype data, resulting in 44 768 SNPs

for the experiment. The wheat population was planted in 2014,

2015, and 2016 at the Spillman Agronomy Farm near

Pullman (WA, United States). A modified augmented field

design was used in each trial, with three replicated check

cultivars (Berkut, McNeal, and Thatcher) (Sandhu et al., 2021).

PH (height), DTH, and yield data for the wheat population at

three locations (years) were used in subsequent experiments.
Environmental dataset

The combined effects of the interactions amongmultiple environ-

mental factors within each day, as well as the dynamic changes in

environmental factors between days during the crop growth

period, collectively influence the outcomes of GP. We down-

loaded the daily environmental factor data for all populations

from planting to harvest. Specifically, we used the EnvRtype

package (Costa-Neto et al., 2021a) to collect environmental

factor data from NASAPower for five populations planted in

different locations at different times. We collected data related

to five types of environmental factors: temperature, water, light,

air, and soil. There were seven temperature-related environ-

mental factors: maximum temperature at 2 m above the surface

of the earth (Tmax), minimum temperature at 2 m above the sur-

face of the earth (Tmin), DTR (DTR = Tmax � Tmin), TSR (TSR =

Tmax
2 � Tmin

2), MMR (MMR = Tmin/Tmax), GDD (GDD = (Tmax +

Tmin)/2 � Tbase), and dGDD (dGDD = |GDD(day_n) � GDD(day_

n � 1)|). Tbase was 10�C (50�F). If the average temperature was

equal to or lower than Tbase, GDD was set to zero. If the average

temperature was higher than Tbase, GDD was defined as the

average temperature minus Tbase. There were three water-

related environmental factors: relative air humidity at 2 m above

the surface of the earth (RH), precipitation corrected (PR), and

PRDTR (PRDTR = PR/DTR) (Li et al., 2022b). There were 10

light-related environmental factors: DayL (day length), APAR (all

sky surface Photosynthetically Active Radiation (PAR) total),

CPAR (clear sky surface PAR total), UVA (all sky surface UVA irra-

diance), UVB (all sky surface UVB irradiance), PTT (PTT = GDD3

DayL), dPTT (dPTT = |PTT(day_n)� PTT(day_n� 1)|), PTR (PTR =

GDD/DayL), PTD1 (PTD1=DTR3DayL), and PTD2 (PTD2 =DTR/

DayL). There were three air-related environmental factors: sur-

face pressure (PS), wind speed at 2 m above the surface of the
earth (WS2M), and wind direction at 2 m above the surface of

the earth (WD). There were two soil-related environmental fac-

tors: root-zone soil wetness (SW) and profile soil moisture (SM).

The DayL-related environmental factor data were downloaded

using the geosphere package (Robert, 2023).
Methods

By extracting and integrating genetic features (G*) and environ-

mental features (E*), GEFormer performs phenotype prediction

from the perspective of gene–environment interactions in maize.

The GEFormer model consists of five parts: the input layer, gMLP

layer, TimeFeatureBlock layer, CrossGatedMLP layer, and output

layer. The implementation process of the five layers is shown in

Figure 1. The input layer preprocesses the original data and

inputs the genotypic and the environmental data into the gMLP

and TimeFeatureBlock layers, respectively. The gMLP layer (Liu

et al., 2021a) extracts genotype features from both local and

global perspectives, obtaining the genotypic features G*. By

introducing gating mechanism and nonlinear activation

functions, gMLP can capture the long-range dependencies

among SNPs. To simulate the comprehensive effects of environ-

mental factors on crop growth, we used the TimeFeatureBlock

module to extract features (E*) of 25 environmental factors. Dur-

ing the actual crop growth process, environmental factors are in-

terconnected within the same day, and environmental factors

also exhibit sequential features between days. This module

first uses ODConv (Li et al., 2022a) to extract the

comprehensive effects of each environmental factor within

a day and then uses the linear attention mechanism to obtain

the features of environmental factors changing between days.

ODConv can dynamically adjust the convolution kernel

parameters during the training process and helps to capture

complex features. The linear attention mechanism can

determine the importance of different positions in the input

sequence by introducing learnable weights, thereby helping to

improve the ability to capture local key features in the

sequence (Zhou et al., 2021). The CrossGatedMLP layer (Tu

et al., 2022) integrates the features of G*, E*, and G* 3 E*. It

adaptively determines the contribution of each feature to the

fused features through gating signals, thereby improving the

model’s representation ability. The output layer uses MLP to

further extract the fused features and maps them to the

phenotype values. The computational process of capturing

relationships among features and fusing features in the

construction of the G 3 E model is based on the Transformer

algorithm, and we called this model GEFormer.

Input layer

The genotype data input into the model are a sequence of SNPs

with length l, denoted asG = {g1, g2.gl}, gi˛{0,1,2}. The environ-

mental data are a two-dimensional matrix A(A˛Rd3(e+1))

composed of d days and e environmental factors per day during

crop growth. The SNP sequence G is input into the gMLP layer.

The two-dimensional matrix A is divided into the date vector

D(D˛Rd) and the environmental factor vector E(E˛Rd3e). Then,

D(1) and E(1) are generated and input into the TimeFeatureBlock

layer.

gMLP layer

The gMLP layer captures the features of genotype data through

nonlinear transformation and spatial gating unit (SGU). The SNP

sequence G is input into the gMLP layer. It then maps G to a
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higher-dimensional space through linear transformation to

enhance the feature representation capability and obtains G(1).

The definition of the linear transformation is shown in Equation 1.

Gð1Þ = WGG+biasG (Equation 1)

In Equation 1, WG is the weight parameter of the linear transfor-

mation, and biasG is the bias parameter of the linear

transformation.

G(1) is then input into the GELU activation function (Hendrycks

and Gimpel, 2016) to obtain the output G(2). The GELU activation

function refers to a smooth nonlinear transformation. It approxi-

mates a linear mapping for small input values, and it saturates

for large input values. Therefore, it helps the model quickly prop-

agate gradients, prevents overfitting, and makes the model more

stable in the process of gradient calculation and backpropaga-

tion. The definition of the GELU activation function is shown in

Equation 2.

Gð2Þ = GELUðgÞ = g � P
�
Gð1Þ % g

�

= g

Z g

�N

e
�

�
Gð1Þ � m

�2

2s2ffiffiffiffiffiffi
2p

p
s

dGð1Þ (Equation 2)

In Equation 2, g˛G(1), m represents the mean of the normal distri-

bution, and s represents the standard deviation of the normal

distribution.

The outputG(2) of the activation function is then input to the SGU.

G(2) is split into two parts, res and gate, with the same shape; res

is used to transmit the original information, and gate is used in the

gating mechanism that regulates the flow information.

The feature dimensions of gate are partitioned into multiple

heads to obtain gate(1). Equation 3 is then used to perform

spatial projection on gate(1) to obtain gate(2). This operation

helps the model to capture features from different

perspectives. In addition, different weights are used to weigh

the gating tensors of each head, enabling the model to learn

features more flexibly.

gateð2Þ =
X
n

gateð1Þ �W +bias (Equation 3)

In Equation 3, gate(2)˛Rb3h3m3d, gate(1)˛Rb3h3n3d, W˛Rh3m3n,

and bias˛R1fn13h3n31; b is the batch size, h is the number of

heads, d is the feature dimension,m is the output feature dimen-

sion, n is the length of the sample sequence, andW and bias are

the model parameters.

The output gate(2) of the spatial projection is multiplied by the cor-

responding output of the linear transformation to obtain G(3). G(3)

retains the long-range dependencies while preserving key fea-

tures and attenuating less important ones. The definition of G(3)

is shown in Equation 4.

Gð3Þ = res1gateð2Þ (Equation 4)

Finally, layer normalization, global average pooling, and linear

transformation are performed on the outputG(3) of SGU to extract
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the global information from the feature map and project it to the

specified dimension, obtaining the genotypic feature G*.

TimeFeatureBlock layer

The TimeFeatureBlock layer is used to extract features from envi-

ronmental data; it contains an embedding layer, dynamic convo-

lution (ODconv) layer, and Encoder layer. The embedding layer

consists of three parts: value embedding, position embedding,

and time embedding. The ODconv layer captures the compre-

hensive effects among various environmental factors within

each day. The linear attention mechanism extracts the features

of environmental factors between days. The input of TimeFea-

tureBlock is the date vectorD(1) and the environmental factor vec-

tor E(1). Rd33 is the encoded date vector of d days, Rd3e is the

tensor of e normalized environmental factors in each day.

D(1)˛Rd33, and E(1)˛Rd3e.

First, D(1) and E(1) are input into the embedding layer. Value

embedding is used to convert the values in E(1) into a fixed-

dimensional representation E(2), which helps the model to learn

the relationships among the values in the input tensor. The

method for calculation of value embedding is shown in

Equation 5.

Output
�
Eð1Þ

�
=

Xc� 1

n = 0

Wðc0; nÞ � inputðEÞ+biasðc0Þ (Equation 5)

In Equation 5, E˛Rn, E(1)˛Rc0
, n is the index of the input channel, c

is the number of input channels, and c’ is the number of output

channels.

E(1) is then input into the position embedding module, which em-

ploys sine and cosine functions to encode the position informa-

tion of the input sequence into a vector. This operation enables

the model to learn the relative position relationships among ele-

ments in the sequence and produces a vector E(3) that contains

internal positional relationships within the sequence. The weight

calculation process of the position embedding is shown in

Equation 6.

Pos Embeddingðpos; 2iÞ = sin

�
pos

100002i=d

�

Pos Embeddingðpos; 2i + 1Þ = cos

�
pos

100002i=d

� (Equation 6)

In Equation 6, pos is the position of the input sequence, i is the

dimension index, and d is the embedding dimension.

Pos_Embedding(pos, 2i) and Pos_Embedding(pos, 2i+1) are the

even and odd dimensions of position pos in the position

embedding matrix.

D(1) is then input into the time embedding module to obtain D(2).

This model projects the time features to a higher dimension to

better understand the time information. The definition of time

embedding is shown in Equation 7.

Embeddingtemporal

�
Dð1Þ

�
=

X3

i = 0

Embeddingi

�
Dð1Þ½:; :; i�

�

(Equation 7)

In Equation 7, i represents the time dimension, and Embeddingi
denotes the embedding function of the i-th time dimension.
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Next, the output E(2) of the value embedding, the output E(3) of the

position embedding, and theoutputD(2) of the timeembeddingare

combined to obtain E(4). By integrating the embedding of time se-

quences and environmental factors in the above manner, the

model can form a richer semantic representation.

The output E(4) of the embedding layer is input into the ODconv

layer. The multi-dimensional attention mechanism is used to

obtain channel attention Achannel, spatial attention Aspatial, kernel

attention Akernel, and filter attention Afilter (Equations 8–11). The

weights of Achannel, Aspatial, and Afilter are adjusted locally through

the sigmoid activation function (Equation 12). Akernel uses the

softmax activation function to perform normalization, improving

the calculation stability.

Achannel = s
�
Conv1dchannel

�
Eð4Þ

��
(Equation 8)

Aspatial = s
�
Conv1dspatial

�
Eð4Þ

��
(Equation 9)

Akernel = soft max
�
Conv1dker nel

�
Eð4Þ

��
(Equation 10)

Afilter = s
�
Conv1dfilter

�
Eð4Þ

��
(Equation 11)

In Equations 8–11,s ($) represents the sigmoid activation function;

Achannel˛Rb3c31, Aspatial˛Rb3131313k, Akernel˛Rb3n313131,

Afilter˛Rb3c031, and E(4)˛Rb3c31; b is the batch size, c is the num-

ber of input channels, c’ is the number of output channels, k is the

convolution kernel size, and n is the number of kernels.

SigmoidðzÞ =
1

1+e� z
(Equation 12)

In Equation 12, e is the base of the natural logarithm. The sigmoid

functionmaps the output of the linear layer to a gating weight with

a value between 0 and 1 and is used to filter and transmit specific

features.

Achannel is then applied to each channel of E(4) to obtain E(5), and a

convolution operation is performed onE(5). Meanwhile,Aspatial and

Akernel are multiplied by the initial weight to obtain the weights of

the convolution, resulting in the output E(6). Each channel of E(4)

corresponds to different environmental factors (daylength, RH,

surface pressure, etc.) and time features. The channel attention

assigns different weights to these channels, enabling the model

to focus more on environmental factors with greater importance.

Using the spatial attention to adjust the importance of different

time steps in the sequence could help themodel to capture crucial

time information. The kernel attention is used to adjust themodel’s

relianceflexiblyoneachconvolutionkernel, thusenablingdifferent

input data to be processedmore finely and enhancing themodel’s

expression and generalization capabilities.

Finally, Afilter is applied to the feature vector E(6) of the convolution

output to obtain E(7). By adjusting the weights of all filters, more

critical environmental features can be extracted and feature rep-

resentation capabilities can be improved.
The output E(7) of the ODconv layer is input into the linear atten-

tion layer to obtain E(8). This operation can capture the depen-

dence relationships among environmental factors for each

day. In the linear attention layer, a linear transformation opera-

tion on E(7) is first performed to obtain the query vector Q, the

key vector K, and the value vector V. Then, the query number

LQ and key number LK are used to calculate the random sam-

pling number U_part and the queried sample number u

(Equations 13 and 14). U_part keys are randomly sampled to

obtain K_sample. Subsequently, the sparsity measurement

value M is calculated based on the attention score of query Q

and the sampled key K_sample (Equation 15). The sparsity

measurement value M reflects the divergence between the

weight distribution of each query and the uniform distribution,

with larger values indicating more sparse weight distribution.

The query vector Qreduce of the top u queries is extracted based

onM, and the attention scores between K and Qreduce are calcu-

lated. The attention score represents the correlation between

each time step and other time steps. Finally, the attention

scores are applied to the value vector V to obtain the represen-

tative sequence feature E(8) (Equation 16).

U part = maxðc 3 dlogðLKÞe;LKÞ (Equation 13)

u = maxðc 3 dlogðLQÞe;LQÞ (Equation 14)

In Equations 13 and 14, the constant c is a scaling factor, LK is the

length of the key sequence, and LQ is the length of the query

sequence.

Mðqm;K sampleÞ = max
n

�
qmk

T
nffiffiffiffiffiffiffiffi

dim
p

�
� 1

LK

XLK
n = 1

qmk
T
nffiffiffiffiffiffiffiffi

dim
p

(Equation 15)

In Equation 15, qm˛Q, qm is the m-th query vector, kn
˛K_sample, kn is the n-th key vector, dim is the dimension of

the query vector and key vector, and LK is the length of the

key sequence.

Eð8Þ = AttentionðQ;K;VÞ = Soft max

�
Qreduce 3KTffiffiffiffiffiffiffiffi

dim
p

�
3V

(Equation 16)

In Equation 16,Qreduce is the selected top u queries based on the

sparsity metric M.

The linear attention mechanism uses a sparsity metric to select

important key–query pairs for attention computation. The linear

complexity is approximately (O(d*lnd)), which can effectively

save space and time compared with the traditional self-

attention mechanism whose complexity is (O(d2)). At the same

time, this mechanism retains the information most relevant to

the query, maintaining good model performance. Applying the

linear attention mechanism to the multi-head attention mecha-

nism can further strengthen the computational efficiency of the

model.

The linear transformation is then applied to E(8) to integrate the

comprehensive information from multiple heads and obtain E(9).

The definition of E(9) is shown in Equation 17.
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Eð9Þ = Eð8Þ �WT
proj +biasproj (Equation 17)

In Equation 17,Wproj is the weight matrix of the linear transforma-

tion, and biasproj is the bias.

Feature extraction is then performed on E(9) through the opera-

tions of convolution and max pooling to obtain the environmental

feature E*. The convolution uses circular padding, which main-

tains the periodicity of the data when processing the sequence

boundaries. The max pooling operation selects key features in

the sequence. This operation benefits the modeling of long-

term dependencies in the sequence while suppressing noise

and improving the generalization ability.

The linear attention mechanism is capable of capturing depen-

dencies between any two elements within a sequence, enabling

learning of the overall sequence structure and improving atten-

tion to key information through weight-allocation operations.

The convolutional layer is used to extract local features, and

combining convolution with the linear attention mechanism helps

to enhance understanding of the sequence information.

CrossGatedMLP layer

The CrossGatedMLP layer introduces a cross-gating mechanism

that applies the gating weights to the hidden representations of

the input features. The CrossGatedMLP layer fuses the genotype

features G* and the environmental features E* by passing and

integrating the two kinds of features. This layer consists of two

MLPs. One MLP (hidden MLP) with the GELU activation function

(Equation 2) is used to calculate the hidden representations of the

inputs. The other MLP (gate MLP) with the sigmoid activation

function (Equation 12) is used to calculate the gating weights.

First, the output G* of the gMLP layer and the output E* of the

TimeFeatureBlock layer are input into the CrossGatedMLP layer.

The hidden MLP calculates the hidden representations G(4) and

E(10) of G* and E*. Meanwhile, the gate MLP is used to calculate

the gating weights G(5) and E(11) of G* and E*.

The gating weights G(5) and E(11) are then applied to the hidden

representations G(4) and E(10) (Equation 18) to obtain C(1) and

C(2). Next, C(1) and C(2) are concatenated to obtain the fused

feature C(3). The cross-gating mechanism regulates the interplay

among input features by modulating the gating weights. This

operation enables the model to learn the intrinsic characteristics

of the inputs and to capture the interdependencies among fea-

tures, thereby enhancing feature expression capability.

Cð1Þ =
�
1 � Gð5Þ

�
3Gð4Þ +Eð11Þ 3Eð10Þ

Cð2Þ =
�
1 � Eð11Þ

�
3Eð10Þ +Gð5Þ 3Gð4Þ (Equation 18)

Finally, G*3E* is obtained by multiplying G* and E*. Similarly, the

fused features C(4) and C(5) are obtained by fusing G* and G*3E*,

as well as E* and G*3E*, in the CrossGatedMLP layer. Then, the

features ofC(3),C(4), andC(5) are concatenated to obtain the inter-

action feature C(6) between genotype and environment.

Output layer

The output layer uses MLP to further extract the fused features

and maps them to the phenotype values. MLP can integrate fea-

tures from different levels, which helps to obtain more meaningful

and robust feature representations.
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First, the interaction features C(6) between genotype and environ-

ment are input into a linear layer, and C(7) is obtained through

linear mapping (Equation 17). This operation reduces the

dimension of feature vectors and extracts key features.

C(7) is then input into the LeakyReLU activation function (Xu

et al. 2020). LeakyReLU introduces a non-zero slope, and it sol-

ves the problem of inability to update neurons due to the zero

gradient inthe negative regions. The output C(8) of the activation

function fits the input features non-linearly and has stronger

feature expression capability. The definition of the LeakyReLU

activation function is shown in Equation 19, and c˛C(7).

LeakyReLUðcÞ = maxðac; cÞ (Equation 19)

The output C(8) of the activation function randomly sets the

output of some neurons to 0 using Dropout to obtain C(9). This

approach weakens the dependencies among neurons in the

network, prevents overfitting, and improves the generalization

ability.

Finally, the linear transformation is used to map C(9) to a single

value, which is the predicted phenotype value C(10).
Comparison methods and experimental environment

Thiswork comparedGEFormerwith commonly usedGPmethods

of genotype–environment interaction, including RF, XGBoost,

Stacking, MLP (DL), the main-effect EA plus reaction norm for

GE based on GBLUP (EA + GW(GB)), the main-effect EADW

plus reaction norm for GE based on GBLUP (EADW + GW(GB)),

the main-effect EA plus reaction norm for GE based on GK (EA +

GW(GK)), the main-effect EADW plus reaction norm for GE based

on GK (EADW + GW(GK)), the main-effect EA plus reaction norm

for GE based on DK (EA + GW(DK)), and the main-effect EADW

plus reaction norm for GE based on DK (EADW + GW(DK)). The

EA + GW(GB), EADW + GW(GB), EA + GW(GK), EADW +

GW(GK), EA + GW(DK), and EADW + GW(DK) methods were im-

plemented using the BGGE package (Granato et al. 2018). RF,

XGBoost, Stacking, and DL were implemented using the

learnMET package (Westhues et al. 2022). The DL method refers

to the classical MLP algorithm. The implementation framework

of GEFormer is python 3.9, pytorch 1.7.1, cuda 11.4, torchvision

0.8.2, and torchaudio 0.7.2. The hyperparameters of GEFormer

include learning rate, batch size, dropout, and number of

neurons. The hyperparameters were obtained using the Optuna

package for automatic optimization (Akiba et al. 2019). The

combination of optimal hyperparameters for each trait is shown

in the supplemental information. The experimental operating

environment was a Supermicro server, the CPU was an

Intel Xeon Platinum 8255C CPU @ 2.50 GHz, the memory was

377.3 GB, and the GPU was an NVIDIA GeForce RTX3090*4.

Abbreviations are defined as follows: EA, the main additive ef-

fects; GE, genotype 3 environment interaction; EA + GW,

main-effect EA plus reaction norm for GE; EADW, main-effect

EAD with main envirotype information; GW, reaction-norm varia-

tion based on the genomic 3 envirotype effects; EADW + GW,

main-effect EADW plus reaction norm for GE; GB, GBLUP;

Stacking, stacking ensemble model.
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Statistical analysis

Heritability is used to evaluate the contribution of genetic factors

to phenotypic trait variation. The heritability of phenotypic traits

was calculated as the proportion of genetic variance to total vari-

ance (the sum of genetic variance and environmental variance).

The variance was estimated by a mixed linear model in the

GCTA 1.94.1 package.

Student’s t-test was used to analyze the significance of correla-

tions between the phenotypes and the features extracted using

GEFormer. We divided the phenotypes into two groups: high

phenotype value and low phenotype value. The mean phenotype

values of two groups were considered to differ significantly at p <

0.05. In addition, feature interactions (e.g., genetic interactions)

were detected using two-way ANOVA for specific features.

When p < 0.05, these interaction pairs were considered to be sta-

tistically significant.
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