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Leveraging weighted embedding and
Transformer architecture to improve
phenotype prediction of complex traits
for crops

Jing Li 1,5 , Linfeng Yu1,5, Mengfan Li2,5, Rui Han2, Yecheng Li1,
Abdulwahab Saliu Shaibu3, Kwadwo Gyapong Agyenim-Boateng4, Zhaoyi Hao1,
Yitian Liu1, Bin Li 1, Shengrui Zhang1, Liang Li1, Lijuan Qiu 1 &
Junming Sun 1

Understanding the relationship between genomic variation and phenotype is
fundamental to deciphering the genetic architecture underlying complex
traits. Yet, existing statistical models struggle to balance massive genomic
datasets with biological interpretability. Here, we introduce GP-WAITER, a
deep learning framework integrating GWAS-derived SNPweights into a hybrid
convolutional neural network and Transformer architecture. By utilizing a
weighted embedding mechanism and multi-head self-attention, GP-WAITER
effectively captures long-range dependencies across ultra-long genomic
sequences. The model consistently outperforms seven state-of-the-art geno-
mic prediction models across six datasets, achieving up to a 77.5% improve-
ment in prediction accuracy, a 78% reduction inmean squared error, and a 1.8-
2.4fold increase in computational efficiency. Furthermore, GP-WAITER offers
biological transparency by pinpointing key genetic variants driving specific
traits. This scalable, interpretable framework provides a powerful tool for
precision breeding and the functional interpretation of trait-associated
variants.

The genetic architecture of complex traits in crops poses a major
challenge for breeding programs, as numerous loci with small effect
sizes typically control such traits. Genomic prediction (GP) has
emerged as a transformative approach for accelerating breeding by
enabling the estimation of phenotypic values fromgenome-wide high-
density molecular markers. Traditional breeding methods, which rely
on phenotypic selection through iterative crossing, are increasingly
being supplanted by data-driven approaches that reduce time and

resource costs. By shifting selection decisions from empirical obser-
vations to computational inference, GP has the potential to enhance
selection efficiency across diverse agricultural systems. Since its
inception, GP has been applied in a range of species, including live-
stock, crops, and aquaculture1–3. Among existing genomic selection
(GS) tools, ridge regression best linear unbiasedprediction (rrBLUP)4 is
a widely recognized state-of-the-artmethod. It employs a linearmixed-
effect model to infer the genomic kinship among breeding materials,
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applies maximum-likelihood algorithm to estimate fixed effects and
SNP effects, and ultimately predicts phenotypes traits based on
genome-wide SNP data.

The application of machine learning (ML) and deep learning (DL)
has further enhanced genomic prediction by capturing non-linear and
high-dimensional genotype-phenotype relationships5,6. ML models
including Support Vector Regression (SVR)7, eXtreme Gradient
Boosting (XGBoost)8, Light Gradient Boosting Machine (LightGBM)9,
DL models including convolutional neural networks (CNNs)10, deep
neural network genomic prediction (DNNGP)11, and transformer-based
model like Cropformer12, GPformer13, and DPCformer14, have demon-
strated promising results without prior assumptions about genetic
models15,16. However, these models often rely on convolutional
operations, which inherently limit information propagation and
restrict the capture of long-range dependencies among distant single-
nucleotide polymorphisms (SNPs). Additionally, previous approaches
often rely on a small subset of variants that pass stringent significance
thresholds17 or public GWAS result18, which may overlook informative
signals and increase the risk of false-positive associations. Empirical
studies across various species further indicate that models using only
pre-selected SNPs generally do not outperform19, and can even
underperform20,21, they discard substantial polygenic information by
neglecting small‑effect variants, which restricts their ability to capture
the full genetic architecture of complex traits, exhibit poor general-
izability across populations and environments due to the limited
portability of significance-based SNP sets, underscoring the need for
integrated prediction frameworks that more comprehensively lever-
age prior biological knowledge.

The Transformer architecture, initially developed for machine
translation22, has revolutionized natural language processing23,24 and
shown strong applicability in domains such as remote sensing25,
environmental time-series modeling26,27, and human genomics28–30.
These advances underscore the architecture’s capacity to model long-
rangedependencies and assign dynamic attentionweights acrosshigh-
dimensional input spaces, avoiding local inductive biases in genetic
feature extraction31. However, its application to crop genomics
remains limited, the high-dimensional nature of genomic data likely to
cause overfitting remains a challenge. Most transformer-based geno-
mic prediction approaches limit the applicability of themethod due to
depend heavily on dimensionality reduction or feature selection like
maximum information coefficient (MIC) or principal component ana-
lysis (PCA) to avoid overfitting11,14, which are susceptible to false posi-
tive associations that introduce noise and reduce reliability. On the
other hands, current Transformer-based models often lack interpret-
ability, which hampers their adoption in biologically meaningful
inference12,13. This gap highlights the need for genomic prediction
frameworks that combine the modeling power of Transformers with
efficient high-dimensional nature genomic data representations and
interpretable.

In this study, we propose GP-WAITER (Genome-Phenotype pre-
diction using Weighted self-AttentIon TransformER), a deep learning
model that integrates GWAS-derived SNP weights into a hybrid CNN-
Transformer architecture via an efficient tokenized embedding
scheme. The model’s design enables dynamic learning of trait-
associated feature weights and effective modeling of long-range
interactions within ultra-long genomic sequences. GP-WAITER
achieves state-of-the-art performance on multiple benchmark data-
sets across soybean, maize, rice and wheat, and further provides bio-
logical insight through attention-weight and SHapley Additive
exPlanations (SHAP) interpretability analyses. These contributions
position GP-WAITER as a robust, scalable, and interpretable genomic
prediction framework with strong potential to accelerate molecular
breeding programs and deepen understanding of trait architecture
in crops.

Results
Design and development of a deep learning model for genomic
prediction
To construct the GP-WAITER multi-input deep learning model, inte-
grating GWAS-derived SNP weights with a hybrid CNN-Transformer
architecture, we designed three core components, comprising a
weighted embedding block, multiple encoder blocks, and a predictor
block. For inputs, the weighted embedding block takes genomic
nucleotide sequences and SNP weights derived from GWAS to repre-
sent the potential phenotypic contribution of each variant. Extract the
weight scores derived from GWAS p-values via -log(x) transformation,
which correspond to each SNP in the aforementioned SNP genotype
matrix, and arrange them into a one-dimensional vector with a length
equal to the total number of SNPs in the soybean samples. Genomic
sequence inputs are first tokenized and transformed into a three-
dimensional tensor, while tokenized SNP weight information is
assembled into a two-dimensional matrix. This tokenization process
breaks down the sequence into smaller pieces that ensure computa-
tional efficiency in processing high-dimensional genomic data.
Through element-wise multiplication, the model preserves the pro-
portional influence of each SNP while enabling effective information
compression and biologicallymeaningful representation learning. The
output is an optimized four-dimensional tensor, wherein each SNP
feature is scaled according to its phenotypic contribution. This tensor
then serves as input for subsequent convolutional layers (Fig. 1A).

GP-WAITER employs a hybrid architecture that integrates CNN
and Transformer components. Themodel accepts a three-dimensional
tensor as input, which is first processed by a one-dimensional con-
volutional layer with a kernel size of (90,101) and a stride of (1,4),
followed by batch normalization. Subsequently, three layers of two-
dimensional convolution and Hyperbolic Tangent (tanh) activation
function are applied, with kernel sizes of (60,101), (1,101), and (1,101),
and strides of (1,2), (1,1), and (1,1), respectively. The resulting features
are then passed to a three-layer Transformer encoder, each layer of
which utilizes a multi-head self-attention mechanism. The multiple
encoder blocks integrate amulti-head attentionmechanism layer, two
LayerNorm layers, and two linear transformation layers employing
Gaussian Error Linear Unit (GELU) activation functions. The core,
multi-head self-attention mechanism of the Transformer computes
position-wise correlations across the optimized four-dimensional
tensor. This approach ensures that all other sequence positions are
given attention when processing specific sites to capture long-range
dependencies and dynamically assign differential weights to each
position in the genome (Fig. 1B). The LayerNorm layers stabilize output
distributions from the self-attention operations, implicitly enhancing
capacity for model generalization. The predictor block features a
LayerNorm layer, a linear transformation layer with GELU activation, a
one-dimensional batch normalization layer, and additional one-
dimensional convolution and tanh activation layers. A combination
of fully connected neural networks and convolutional layers is used to
perform advanced feature extraction and transformation (Supple-
mentary Fig. 1). Based on attention mechanisms and fully connected
layers without recurrent structures, the model enables more efficient
parallel data processing and improved computational efficiency. We
refer to this hybrid attention-based framework as GP-WAITER, which
enables interpretable and efficient modeling of complex trait
architectures.

At each training step, a batch of tokenized sequences was sam-
pled. The batch sizewas adapted to available hardware andmodel size.
Formodel training, tokenized sequences were processed in batches of
size 32 over 200 epochs using the backpropagation algorithm and
mean squared error loss, optimizedwith the Adamoptimizer (learning
rate = 0.001). Dropout with a rate of 0.2 was also applied to enhance
training efficiency. Training was conducted on a GeForce RTX 3080
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using PyTorch (version 1.13.0), and early stopping was applied when
the loss stabilized. We adopt the Pearson correlation coefficient, the
mean squared error (MSE), the root mean squared error (RMSE), and
the mean absolute error (MAE) between normalized observed and
predicted phenotypic values as our evaluation metrics. Further
implementation details, including dataset partitioning and cross vali-
dation strategies, are provided in the Methods.

Performance evaluation of GP-WAITER
To evaluate the GP-WAITER performance across diverse molecular
phenotypes, we systematically compared its prediction accuracy with
that of seven state-of-the-art genomic prediction approaches. This
benchmark suite spans a wide range of model architectures, including
a traditional linearmethod (rrBLUP4), threemachine learningmethods
(SVR7, XGBoost8 and LightGBM9), and three deep learning models
(CNN10, DNNGP11, Cropformer12). The evaluation of the three MLs and
three DLs models was performed under their respective optimal
hyperparameter configurations, determined through grid search
(Supplementary Table 1). All models were evaluated on six well-
established datasets, including (1) previous Soybean1861 dataset,
containing eight nutritional traits in a natural population of 1,861
accessions across five environments; (2) The Soybean192 dataset,
containing four nutritional traits from a soybean recombinant inbred
line (RIL) population; (3) The Soybean14460 dataset, including 11
agronomic and nutritional traits from the GRIN-Global database; (4)

The Maize244 dataset, consisting of four agronomic traits in a natural
population of 244 inbred lines; (5) The Rice529 dataset, covering 10
agronomic traits of 529 accessions that represent both the usefulness
in rice improvement and the genetic diversity in the cultivated species;
(6) The Wheat406 dataset, containing three agronomic traits eval-
uated across three environments in a natural population of 406 bread
wheat accessions.

To evaluate model stability across diverse datasets, we first
compared prediction accuracy based on Pearson correlation analysis,
the mean squared error (MSE), the root mean squared error (RMSE),
and the mean absolute error (MAE) across all six datasets. GP-WAITER
demonstrated strong generalization performance, consistently out-
performing the other seven comparative models with improvements
in accuracy ranging from 8.9% to 77.5%, corresponds to an absolute
accuracy increase of 4.81% to 19.54%, MSE reductions of 63.9% to
95.9%, RMSE reductions of 25.5% to 57%, MAE reductions of 36.7% to
62.5% (Fig. 2A–F, Supplementary Fig. 2A-F, Supplementary Tables 2–6
and Supplementary Data 1–7). On the soybean192 dataset, GP-WAITER
demonstrated superior performance. Its accuracy improvements on
four key traits reached 67.53% to 97.78% compared to all sevenmodels
tested. When directly compared to the widely used rrBLUP, GP-
WAITER outperformed it by 40.89% to 103.09% on these same traits,
and attained a mean predictive correlation of 0.45, representing a
56.85% increase compared to themean correlation of 0.29 achieved by
rrBLUP (Fig. 2B, Supplementary Table 2 and Supplementary Data 3).
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Fig. 1 | Overview of the GP-WAITER model for complex trait analysis in crops.
A Input preprocessing for genomic data and SNP weights in the weighted
embedding block. Genomic data and SNP weight vector derived from genome-
wide association analysis are transformed into a 3D tensor and a 2D matrix,
respectively. A Hadamard product operation integrates weight information into
the genotype data before convolutional feature extraction. B Transformer-based

encoder structure. The weighted features pass through N stacked Transformer
blocks, each comprising multi-head self-attention, layer normalization, residual
connections, and feed-forward networks with GELU activation, enabling capture of
long-range dependencies and non-linear interactions among SNP loci. C Model
interpretation through causal variant identification, weighted information ablation
analysis, and prediction accuracy comparison across genome regions.
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When compared specifically to different modeling approaches, GP-
WAITER surpassed deep learning models by 9.8% to 124.6% in accu-
racy, reducedMSEby 77.3% to 93.9%, reducedRMSEby 34.9% to 75.6%,
reduced MAE by 53.8% to 79.7%. Against conventional machine learn-
ingmodels, it improved accuracy by 2% to 40.8%, and compared to the
traditional linear model rrBLUP, accuracy gains ranged from 0.6% to
56.9% (Fig. 2A–F, Supplementary Fig. 2A–F, Supplementary Tables 2–6
and Supplementary Data 1–7). It is also noteworthy that the large-
sample dataset soybean14460 exhibited consistently strong predic-
tionperformancewithminimal variability acrossmodels,whereasCNN
and DNNGP models performed poorly in comparison (Fig. 2F, Sup-
plementary Fig. 2F, Supplementary Table 4 and Supplementary
Data 5). These results collectively established the robust accuracy of
GP-WAITER in predicting complex traits.

We then systematically evaluated its computational efficiency and
memory usage across datasets of varying scales. Conventional
machine learning methods, such as rrBLUP, SVR, XGBoost, and
LightGBM, typically operate onCPUs.While thesemodels exhibit rapid
execution on small to moderate datasets (typically under 400 s).
However, as data size increases, the computational time for rrBLUP
rises substantially on the Soybean14460 dataset, reaching up to 7766 s
(Supplementary Table 7). In contrast, deep learning (DL) architectures
(CNN, DNNGP, GP-WAITER, and Cropformer) are characterized by
massive parameter spaces and high epoch counts, necessitating GPU-

accelerated parallel processing for feasible training. Within this GPU-
based category, performance varies significantly. Although Cropfor-
mer and DNNGP utilize dimensionality reduction prior to training,
Cropformer and DNNGP’s efficiency gains are limited to small-scale
data, whereas maintains high computational overhead across large
dataset. On small tomedium-scale datasets suchasMaize andRice, GP-
WAITER delivers runtimes comparable to CNN. The advantage of GP-
WAITER is most pronounced on the high-dimensional Soybean14460
dataset ( ~ 574 million data points). GP-WAITER completes training in
only 4,216 s, achieving a 1.8-fold speed-up over DNNGP (7,552 s) and a
2.4-fold speed-up over Cropformer (10,049 s) (Supplementary
Table 7). Furthermore, GP-WAITER demonstrates exceptional GPU
memory optimization, requiring a peak of only 536MB, whereas
Cropformer and DNNGP demand 1134MB and 1668MB, respectively
(Supplementary Table 8). These results highlight the superior scal-
ability and practical efficiency of GP-WAITER, establishing it as a highly
robust solution for large-scale genomic prediction tasks.

Interpretation of GP-WAITER to facilitate genomic breeding
in crops
To better understand how input features may influence model pre-
dictions and identify the most critical features for phenotype dis-
crimination, we utilized SHAP, an advanced explainable artificial
intelligence (XAI)method (Fig. 1C). After obtaining the top 20 genomic

Fig. 2 | Performance evaluation of genomic prediction models across diverse
crop datasets. Comparative analysis of the average prediction accuracy (Pearson
correlation coefficient, r) for eight genomic predictionmodels evaluated across six
distinctdatasets: (A) soybean1861, (B) soybean192, (C)maize244, (D) wheat406, (E)
rice529, and (F) soybean14460. O oil, P protein, OA oleic acid, TotalIF total iso-
flavone, TotalFA total folate acid, TotalSugar total sugar, TotalTP total tocopherol,
TotalCar total carotenoid, DTA days to anthesis, EH ear height, EL ear length, KNR

kernel number per row, R1 Flowering date, R8Maturity date, PH Plant Height, HSW
hundred-seed weight, YLD Yield, Ldg Lodging, SQ Seed quality, LA Linoleic acid,
LNA Linolenic acid, HD heading date, NP number of panicles, NEP number of
effective panicles, GWt grainweight, SL spikelet length, GL grain length, GWd grain
width, GTgrain thickness, PLpeduncle length. Source data are provided as a Source
Data file.
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features for importance scores (absolute SHAP values) and effect
directions (positive/negative) across eight traits in soybean1861, we
found that 29 genes harbored variants with potential functional
impacts, including splicing alterations, missensemutations, stop-gain,
and stop-loss variants (Supplementary Data 8). To further elucidate
whether these high-SHAP-value genes are functionally related to the
predicted traits, we performed Gene Ontology (GO) enrichment ana-
lysis on the genes identified by SHAP analysis for each trait. The results
revealed significant functional enrichments that align closely with the
biological contexts of the respective traits (Supplementary Data 9 and
Supplementary Figs. 3–10), the strongest associations were observed
for tocopherols with phenolic compounds and vitamin E metabolism
(p = 6.5e-07) (Supplementary Fig. 3), carotenoids with floral develop-
ment (p =0.00044) (Supplementary Fig. 4), and isoflavones with light
response (p = 8.7e-05) (Supplementary Fig. 5). Other traits showed
more generalized enrichment patterns, including stress responses and
developmental regulation (Supplementary Figs. 6–10), which may
reflect pleiotropic effects or shared regulatory networks rather than
direct metabolic pathway involvement.

SHAP analysis identified the missense variant, Gm05.41854422, as
the top-ranked feature for total isoflavone (Fig. 3A, B). This variant was
also significantly associated with total isoflavone in GWAS (Fig. 3C and
Supplementary Fig. 11), and was also present among the top 20

features associated with oil (ranked 4th), oleic acid (ranked 4th), and
total tocopherol (ranked 7th) (Supplementary Data 8). As this variant
resides in the oil and isoflavone content-related gene, MFT (Gly-
ma.05G244100), encoding a Mother of FT (Flowering Locus T)-like
protein32–34, we further investigated the functional link between this
variant and phenotypic variation. To this end, we stratified 1,861
accessions into two haplotype groups, MFT-AA (495 accessions) and
MFT-CC (347 accessions), based on Gm05.41854422 alleles. We found
that all four traits significantly differed between haplotype groups
(Fig. 3D–G), aligning well with previous reports of these alleles con-
tributing to oil and total isoflavone phenotype32–34, and further sup-
porting the pleiotropy ofMFT in co-modulating these nutritional traits
of oleic acid and total tocopherol.

Subsequent examination of SHAP values and GWAS signals for
total carotenoid revealed that the top-ranked SNP, Gm01.53229579
(stop-loss) (Supplementary Fig. 12A–C), was located within a known
quantitative trait locus (QTL) associated with the stay-green G gene
(Glyma.01G198500), encoding a CAAX amino-terminal protease iden-
tified to regulate seed dormancy, and which reportedly exhibits evi-
dence of parallel selection during soybean domestication35. Haplotype
analysis of Gm01.53229579 in the soybean1861 population also iden-
tified two distinct groups, consisting of 726 (G-AA) and 246 (G-GG)
lines, respectively. We observed that total carotenoid levels

Fig. 3 | Interpretation of the GP-WAITER model and application to total iso-
flavone prediction. A Bar plot of the top 20most important genomic features and
SHAP beeswarm plot showing the distribution of their influence on predictions.
B Trait-relevant genes ranked by SHAP values across individuals. C Correlation of
SHAP-ranked trait-relevant genes with GWAS results for TotalIF; the top-ranked
variant of MFT, is labeled. Statistical significance was assessed using a Pearson
correlation test (two-sided; 95% confidence intervals). Violin plots showing MFT
variation effects on O (D), OA (E), TotalTP (F), and TotalIF (G). The number of

accessions (N) for each haplotype category and their corresponding proportions
are indicated within the plots. In each violin plot, the centre line represents the
median, the box limits indicate the interquartile range (IQR), and the whiskers
extend to the minima and maxima. The width of the violin represents the data
density. Statistical comparisons between haplotype groups were performed using
a two-sided t-test. O oil, P protein, OA oleic acid, TotalIF total isoflavone, TotalFA
total folate acid. Source data are provided as a Source Data file.
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significantly differed (p = 5.25e-44, t-test) between the two haplotype
groups, with the GG allele associated with higher total carotenoid
(Supplementary Fig. 12D), which was consistent with previous variant
analysis and further reinforcing the functional relevance of this locus35.
The variant’s significant association with total carotenoid levels was
also confirmed in our GWAS (Supplementary Fig. 13). In parallel, the
SHAP interpretation highlighted a candidate locus, Gm08.8472159 (an
upstream gene variant), which ranked fifth in feature importance of
total carotenoid but was not detected in the conventional GWAS due
to its modest effect size or epistatic interactions (Supplementary
Data 8). This SNP is located near Glyma.08G110300, encoding chal-
cone synthase, a key enzyme in plant secondary metabolism, particu-
larly in the flavonoid and anthocyanin biosynthetic pathways, the total
carotenoid content of materials with TT is significant higher than CC
(p = 1.68e-46, t-test) (Supplementary Fig. 14). Taken together, these
results indicated that SHAP interpretation of GP-WAITER features
could not only effectively capture trait-associated SNPs significantly
contributing to phenotypic variation in soybean, but also identifies
candidate loci beyond the detection limit of conventional GWAS,
thereby providing a more comprehensive genetic dissection of com-
plex traits.

Evaluation of factors affecting GP-WAITER performance
To investigate factors potentially affecting the prediction accuracy of
our Transformer architecture, wefirst examinedSNP-basedheritability
and functional regions. As expected, higher heritability scores for oil
and total carotenoid (0.88 and 0.85) generally benefited prediction
accuracy (r =0.76 and 0.75, respectively) provided by leveraging the
GP-WAITER accuracy, while prediction accuracy was the lowest for
total folate acid (0.47), which also had the lowest heritability (0.62).
Further analysis for eight traits indicated that heritability was posi-
tively correlated with prediction accuracy (r2 = 0.58) (Fig. 4A). To next
determine how specific genomic regions might affect prediction
accuracy, we classified the genome-wide soybean variants into two
main categories, regulatory region and genic region, in the Soy-
bean1861 population based on their functional and structural char-
acteristics. Applying GP-WAITER to predict eight traits across five
environments based on SNPs from regulatory regions, genic regions,
or the whole genome, we found that prediction accuracy showed a
relatively minor, gradual decrease along with the number of SNPs
selected by GP-WAITER. That is, accuracy was the highest in predic-
tions based on the genome-wide SNP set (826,020 SNPs;
r =0.47–0.76), followed by regulatory region SNPs (295,075 SNPs;
r =0.36–0.71), and the lowest using only genic region SNPs (66,864
SNPs; r =0.31–0.70) across the eight nutritional traits. In particular,
prediction accuracy for total folate acid and total carotenoid improved
by 32% and 10% using whole-genome SNPs compared to regulatory
SNPs (Fig. 4B and Supplementary Data 10).

To identify whether specific regions or types of SNPs provide
greater influenceonmodel accuracy,we categorized the genome-wide
SNPs as either regulatory, intergenic, genic, intron, synonymous, non-
synonymous, STOP, or splice, then predicted oil contents in the Soy-
bean1861 population, spanning five environments, based on these SNP
subsets as features (Fig. 1C). The prediction accuracy varied across
different genomic regions, with regulatory regions showing relatively
higher accuracy (average 0.71) compared to intergenic regions (aver-
age 0.69), while the differencewasmore pronounced in genic regions,
nonsynonymous ans synonymous exhibited the highest prediction
accuracy (both at 0.69), splice sites showed the lowest (0.44) (Sup-
plementary Fig. 15 and Supplementary Data 11). Random sampling of
SNP subsets across a gradient of sizes from thewhole genome revealed
the prediction accuracy for intergenic regions reached 0.71, exceeding
that of the real regions. Conversely, SNP subsets fromnonsynonymous
and synonymous regions yielded accuracies roughly 2% below thoseof
the actual genomic sites. Most strikingly, for splice regions, the

randomly sampled subsets outperformed the actual regions by a
margin of 3.3% in prediction accuracy (Supplementary Data 11). We
then calculated the proportion of specific regions to assess whether
region size influenced prediction accuracy. The result revealed that
categories with more SNPs generally resulted in higher prediction
accuracy, gradually declining along with SNP number in each category
(Supplementary Fig. 16 and Supplementary Data 11). To further
investigate whether variants with higher SHAP values were clustered in
specific genomic regions, we analyzed their distribution across dif-
ferent SHAP value intervals. More than 90% of variants with high SHAP
values were enriched in regulatory and genic regions (Fig. 4C and
Supplementary Table 9). This finding strongly suggests that functional
elements in these regions (particularly regulatory and coding
sequences) make substantial contributions to the predictive perfor-
mance for soybean complex traits. Together, these results highlight
the importance of functional genomic regions, particularly regulatory
and genic elements, in driving model accuracy and interpretability.

Contributions of weighted information to prediction accuracy
To investigate the effects of SNP weighting on prediction accuracy, we
performed an ablation study comparing weighted (GP-WAITER) and
unweighted (GP-AITER) models to define the impacts on phenotype
prediction (Fig. 1C). The prediction accuracy was improved to 0.64 for
GP-WAITER, representing a 7.9% increase compared to the 0.59
achieved by GP-AITER. This improvement was particularly noteworthy
in protein, oleic acid, total isoflavone, total folate acid, total sugar, total
tocopherol, and total carotenoid predictions, increasing by 5.6%, 8.4%,
4.3%, 14.9%, 15.1%, 7.5% and 12.9%, respectively (Fig. 4D and Supple-
mentary Data 12). Furthermore, the integration of environmental
markers associated with genomic variants was explored as a potential
strategy to further improve prediction accuracy36. Environmental
covariates were extracted, and environmental genome-wide associa-
tion studies (envGWAS) were performed using the soybean1861 data-
set to identify loci adaptive to environmental conditions. For the traits
of oil and protein content, the conventional weighting scheme within
the GP-WAITER model was substituted with loci prioritized by
envGWAS. This approach yielded prediction accuracy (average
r =0.69), which was lower than that of the original GP-WAITER model
(average r =0.71) and did not significantly surpass the baseline rrBLUP
model (average r =0.67) (Supplementary Table 10), which suggest that
integration of envGWAS-identified variants as environmental covari-
ates offers limited additional predictive benefit for these traits.Overall,
these findings demonstrate that weighted information can be infor-
mative in predicting complex traits with our framework, as it effec-
tively leverages these weights to integrate and prioritize informative
features.

To access whether weighted information could improve predic-
tion accuracy in othermodels, we incorporated SNP locusweights into
the XGBoost framework to create XGBoost_W, and compared its per-
formance with the standard XGBoost model across multiple traits
(Fig. 1C). Comparative analysis revealed nearly identical prediction
accuracy between XGBoost_W and standard XGBoost (average accu-
racy: 0.57 vs 0.56, respectively), with minimal differences across traits
(maximum difference of 0.0037 observed for total sugar content)
(Supplementary Fig. 17). In addition, GP-WAITER demonstrated
stronger performance (average r =0.64) than other machine learning
models, even in the absence of weight information, as GP-AITER (0.59)
outperformed XGBoost (0.55), CNN (0.56), DNNGP (0.55), and Crop-
former (0.54), respectively (Fig. 4D and Supplementary Data 1).
Although GP-AITER achieved comparable average prediction accuracy
to that of rrBLUP, LightGBM, and SVR, our unweighted model exhib-
ited superior performance in specific scenarios, such as oil content in
Beijing 2017 and Hainan 2018, protein content in Beijing 2017, oleic
acid in Beijing 2017, total tocopherol in Hainan 2017 (Supplementary
Data 12). To further evaluate GP-WAITER performance in different
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Fig. 4 | Contributions of heritability, functional categories, and weighted
information to model performance. A Correlation between heritability and
prediction accuracy in soybean traits. The blue solid line represents the linear
regression line (fitted values), with the shaded area indicating the 95% confidence
interval for the mean prediction. B Prediction accuracy for eight traits using dif-
ferent genomic regions. C Distribution of genomic regions across SHAP value
intervals for TotalIF. D Model performance comparison between GP_WAITER and

GP_AITER. E Architecture of the input preprocessing for the weighted multi
environment model. F Baseline model (GP_AITER) performance across environ-
ments. G Weighted model (GP_WAITER) performance across environments.
H Integrated comparison of baseline GP_AITER (blue) and weighted GP_WAITER
(red) multi-environment models. O oil, P protein, OA oleic acid, TotalIF total iso-
flavone, TotalFA total folate acid, TotalSugar total sugar, TotalTP total tocopherol,
TotalCar total carotenoid. Source data are provided as a Source Data file.
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environments, we expanded the model for multi-environment pre-
diction by incorporating association results from five distinct envir-
onments (Anhui 2017, Beijing 2017, Beijing 2018, Hainan 2017, and
Hainan 2018) as weighted information (Fig. 4E). We evaluate the pre-
diction accuracy in the scenario of untested genotypes in tested
environments. The enhanced GP-WAITER (multi-environment weigh-
ted) model achieved a prediction accuracy of 0.75, outperforming the
baseline multi-environment model lacking association-based weight-
ing (r =0.64) (Fig. 4F–H). These results suggest that SNP weighting
alone does not universally improve performance, and the enhanced
accuracy observed in our primary model likely results from the
synergistic integration of weighted information with the attention
mechanism inherent in the Transformer architecture.

Discussion
Here, we present GP-WAITER, a Transformer-based method for pre-
dicting crop phenotype across environments that leverages GWAS
summary statistics of complete SNP sets for scalable and accurate
prediction tasks with large-scale genomic data. Our approach intro-
duces three key innovations: (1) A weighted embedding layer that
tokenizes input data, then transforms discrete data into continuous
vectors using locus weight information to effectively capture long-
range dependencies in genomic sequences while maintaining com-
putational efficiency. Moreover, our analyses demonstrate that
weighted information embedded in sequencing data can be learned
and utilized by themodel to better estimate phenotypes for traits,with
GP-WAITER outperforming its unweighted counterpart (GP-AITER)
(Fig. 4D and Supplementary Data 12), and providing a 0.11 gain in
accuracy in multi-environment modeling (Fig. 4H). (2) Built with a
multi-head attention framework, GP-WAITER preserves shallow fea-
ture significancewhilemodeling complex interactions throughparallel
processing of diverse relationship patterns37,38. This architecture
incorporates residual connections to address vanishing gradients,
employs regularization techniques to prevent overfitting, and uses
batch normalization to ensure stable convergence, leverages the
complementary strengths of tanh and GELU across the hybrid archi-
tecture to effectively balances training stability and expressive power
(Supplementary Fig. 1), collectively enhancing the model’s general-
ization capacity, as demonstrated by its average accuracy by 27.2%
( + 0.1 correction), with maximum gains reaching 77.5% (an absolute
increase of 0.195), and slashing MSE, RMSE, and MAE by 77.5%, 45.5%,
and 50.6%, respectively (Fig. 2, Supplementary Fig. 2, Supplementary
Tables 2–6 and Supplementary Data 1–7). (3) Combining CNNs with
Transformer mechanisms allows simultaneous modeling of both local
and global genomic information. CNN demonstrate particular efficacy
in breeding populations characterized by minimal population stratifi-
cation (e.g., RIL population, Soybean192; Fig. 2B and Supplementary
Fig. 2B), where convolutional layers efficiently capture localized fea-
tures such as epistatic interactions and haplotype blocks. In contrast,
models like CNN, DNNGP, and Cropformer exhibit suboptimal per-
formance on the Soybean14460 dataset (Fig. 2F and Supplementary
Fig. 2F). This is primarily attributed to their inability to fully encompass
the complex spectrum of genetic relationships inherent in diverse
populations; furthermore, the restricted SNP selection in thesemodels
may fail to capture the full breadth of genetic variation contributing to
complex traits. Conversely, GP-WAITER has more stable and
encouraging performance on all datasets, which advances prediction
accuracy across both designed breeding populations and diverse
natural populations, offering a versatile and robust framework for
genomic prediction.

GP-WAITER effectively balances computational speed and
resource utilization, offering a robust and scalable solution for high-
dimensional genomic selection across diverse data scales. Bench-
marking reveals that while the efficiency of rrBLUP is primarily con-
strained by sample size, it remains relatively insensitive to SNP

number. Conversely, although LightGBM generally exhibits higher
computational overhead than other conventional methods on smaller
sets, it demonstrates robustness to expanding sample sizes, com-
pleting the analysis of the Soybean14460 dataset with high efficiency
(Supplementary Table 7). Deep learning (DL) architectures typically
require iterative training leading to longer runtimes than linear mod-
els, while GP-WAITER achieves superior execution speeds and sig-
nificantly lower GPU memory footprints compared to its DL
counterparts. This is particularly evident in large-scale datasets (Sup-
plementary Tables 7 and 8), where many existing models rely heavily
on aggressive dimensionality reduction to remain computationally
feasible or tomitigate overfitting. GP-WAITER’s architectural efficiency
allows for the seamless training of massive datasets on a single NVIDIA
GeForce RTX 3080 GPU, democratizing high-performance GS. The
core of this efficiency lies in its structural innovation: rather than
processing one-dimensional sequential data, GP-WAITER reshapes
genomic inputs into a two-dimensional format (Fig. 1A). This trans-
formation significantly reduces algorithmic complexity and bypasses
the scalability bottlenecks typical ofultra-long sequenceprocessing on
standard hardware. The resulting 3D tensor representation aligns
natively with the parallel processing architecture of GPUs, maximizing
hardware utilization. Furthermore, the strategic integration of con-
volutional layers with BatchNorm (BN) (Supplementary Fig. 1) stabi-
lizes the internal distribution of data, mitigates covariate shift, and
alleviates gradient vanishing. This synergy not only accelerates con-
vergence but also reduces sensitivity to weight initialization and
hyperparameter selection, substantially enhancing the model’s prac-
tical deployability and robustness in real-world breeding programs.

Our model’s strong performance and robust generalization
properties suggest it may serve as a particularly valuable tool for
molecular breeding programs requiring high precision in data-driven
decision-making, where accurate phenotypic prediction and reliable
genomic analyses are essential for success and efficiency. Deployment
of GP-WAITER can enable breeders to systematically identify optimal
parental lines, design superior hybrid combinations, and accelerate
cultivar development through enhanced genetic gains and shorter
breeding cycles. The incorporation of biological prior knowledge into
the design of these models could help guide the feature extraction
process and lead to more interpretable models. SHAP analysis of the
Transformer-based model revealed biologically significant patterns
that enabled identification of key predictive features (Supplementary
Data 9), while SHAP analysis uncovered the disproportionate influence
of functional regions, especially regulatory and promoter region SNPs,
on model accuracy. This pattern of selective attention of multiple
attention heads towards specific promoter variants (Fig. 4C and Sup-
plementary Data 11) aligns well with established principles of explain-
ability in Transformer-based models39 and is strongly supported by
recent functional genomics studies40,41. Our approach thus transforms
conventional black-box predictions into biologically grounded
insights, consequently enabling a clearer understanding of causal
relationships between genotype and phenotype, facilitating identifi-
cation of biologically meaningful predictive features, and allowing
effective translation of computational findings into candidate gene
discovery for precision breeding applications.

In view of these capabilities for handling ever-growing complexity
and high-dimensional data and addressing non-linear problems, future
genomic prediction studies should prioritize three critical advances
that are necessary to revolutionize precision plant breeding. First, real-
time adaptive models incorporating sparse Transformer architectures
should be developed to enable continuous learning from emerging
data. Second, fusion frameworks that systematically integrate func-
tional genomic annotations and other biological priors with deep
learning should be established to enhance both predictive accuracy
and breeding applicability. Third, robust discovery-validation pipe-
lines combining computational predictions with experimental
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verification should be implemented to refine GWAS mappings while
providing a biological basis for model interpretation. Such advances
will pave new avenues for transformative innovation in precision crop
breeding.

Methods
Datasets used for genomic prediction
The soybean1861 dataset consisted of 1,861 soybean accessions
selected from a global germplasm collection, encompassing broad
geographic and genetic diversity42. This panel included 218 wild soy-
bean accessions, 1,323 landraces, and 320 cultivated varieties. Field
trials were conducted in 2017 and 2018 across three locations:
Changping, Beijing (40°13’N, 116°12’E); Sanya, Hainan (18°24’N,
109°5’E); and Hefei, Anhui (33°61’N, 117°E). A randomized block design
with three replications was employed. Each row measured 3.0 meters
in length with a spacing of 0.5 meters between rows and 0.1 meters
between plants43. Soybean seeds were harvested at maturity, imme-
diately threshed, and stored at −4 °C before trait analysis. Whole-
genome resequencing was performed on all 1,861 accessions using the
Illumina HiSeq X platform, yielding a total of 16.41 Tb of sequencing
data at an average depth of 5.6x per accession. After filtering, 826,020
high-confidence variant sites were retained for downstream analysis.
Nutritional quality traits were quantified using multiple high-
throughput analytical platforms. Protein (P) and oil (O) contents
were determined using a Fourier Transform Near-Infrared Spectro-
meter (MATRIX-1, Bruker, Germany). Oleic acid contents (OA) were
measured via gas chromatography (GC)44, and isoflavone content
(TotalIF) via high-performance liquid chromatography (HPLC)45,
tocopherol levels (TotalTP) were assessed using HPLC46, soluble sugar
(TotalSugar) via ultra-high-performance liquid chromatography with
refractive index detection (UPLC-RID)47, folate acid content (TotalFA)
via HPLC-MS/MS48, and carotenoid and chlorophyll (TotalCar) via
HPLC-UV-Vis49.

The soybean192 dataset, comprisint 192 F7:8 recombinant inbred
line (RILs) derived from a cross between Zhonghuang 35 and Zhon-
ghuang 13, was used to assess the performance of genomic prediction
on biparental populations. Field experiments were conducted in 2020
at Changping (40°13’N, 116°12’E) and Shunyi (40°13’N, 116°34’E), and in
2021 at Nankou (40°13’N, 116°06’E) and Shunyi (40°13’N, 116°34’E)50.
Four nutritional quality traits were evaluated: oil content (O), protein
content (P), folate acid content (TotalFA), and isoflavone content
(TotalIF). Analytical methods for these traits were consistent with
those described above for the soybean1861 panel. Genotypic yielded
1,355,959 high-quality SNPs.

The soybean14460 dataset developed by an SoySNP50K Illumina
Infinium II BeadChip was acquired from a publicly available repository
(https://github.com/IndigoFloyd/SoybeanWebsite/tree/main). It
includes 14,460 soybean accessions genotyped with 39,707 SNP mar-
kers. The dataset provides phenotypic measurements for 11 key traits:
Flowering date (R1), Maturity date (R8), Plant Height (PH), hundred-
seed weight (HSW), Yield (YLD), Lodging (Ldg), Seed quality (SQ), Oil
(O), Protein (P), Linoleic acid (LA), Linolenic acid (LNA).

The maize244 dataset consisted of 244 inbred lines drawn from a
natural population representing nine major subgroups to ensure
broad genetic coverage51. Field trialswere conducted in 2022 and 2023
at the Institute of Crop Science, Chinese Academy of Agricultural
Sciences (Shunyi, Beijing; 40°N, 116°28’E), and at the Mishan Experi-
mental Station, Bayi Agricultural University (Mishan, Heilongjiang;
131°87’N, 45°54’E). Four agronomic traits were measured: days to
anthesis (DTA), ear length (EL), ear length (EL), and kernel number per
row (KNR). A total of 308,136 high-quality SNPs were retained.

The rice529 dataset was sourced from the RiceVarmap database
(https://ricevarmap.ncpgr.cn/download/). It consists of 529 rice
accessions genotyped with 669,384 high-quality single nucleotide
polymorphism (SNP) markers using the Illumina HiSeq 2000. All

sequencing data weremapped to rice reference genome (Nipponbare,
MSU version 6.1). The dataset includes phenotypic records for the
following 10 agronomic traits: heading date (HD), plant height (PH),
number of panicles (NP), number of effective panicles (NEP), grain
yield (YLD), grain weight (GWt), spikelet length (SL), grain length (GL),
grain width (GWd), and grain thickness (GT).

The wheat406 dataset was obtained from the Plant Wheat Geno-
type and Phenotype Database (PWGBD; http://resource.iwheat.net/
PWGBD/). It comprises 406 bread wheat accessions genotyped with
234,219 SNP markers. All sequencing data were mapped to IWGSC
RefSeq v1.0. Phenotypic data were collected for three traits: peduncle
length (PL), plant height (PH), and spike length (SL). Each traits was
measured across three independent environments (E1, E2, and E3), E1,
normal sowing at Sichuan province (30.63’N, 103.67’E) in 2018; E2,
normal sowing at Shaanxi Province (34.28’N, 108.07’E) in 2018; E3, late
sowing at Shaanxi Province (34.28’N, 108.07’E) in 2018.

Genotypic data
Genotypic data across all datasets comprised biallelic single-
nucleotide polymorphisms (SNPs). Marker data underwent standar-
dized quality control and imputation prior to downstream analyses.
Quality control was performed using PLINK v1.952. SNPs with a minor
allele frequency (MAF) < 0.01, amissing rate > 0.2, and those that were
multi-allelic were filtered out. Remaining missing genotypes were
imputed using Beagle 5.4 program (version 22Jul22.46e)53. To mitigate
the effects of linkage disequilibrium (LD) and reduce redundancy
among correlatedmarkers for soybean1861 dataset, LD-based pruning
was conducted in PLINK v1.9 with the parameters -indep-pairwise 50 5
0.4 (a window size of 50 SNPs, a step of 5 SNPs, and an r² thresh-
old of 0.4).

SNP genotypes were encoded numerically to represent allele
configurations: homozygous reference alleles were assigned a value of
1, homozygous alternate alleles as −1, and heterozygous genotypes as
0. The reference allele (‘A’) was defined as either the designated
reference base from the source database or, when unspecified, the
most frequent allele within the respective population. Genotypic data
corresponding to the phenotypic samples were extracted and for-
matted as a two-dimensional matrix, with rows denoting individual
samples and columns representing SNP loci.

Weighted information
GWAS analyses were conducted using the EMMAX linear mixedmodel
framework for all six datasets. Population structure was accounted for
by including the first three principal components, derived from prin-
cipal component analysis (PCA), as covariates. SNP weights were
extracted based onGWAS p-values and aligned tomatch the genotypic
data matrix. A log(x) transformation was applied to stabilize variance
and enhance interpretability. The weight Wi is formalized as follows:

Wi= � log10ð2 � ð1�Φjβ̂i=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Varðβ̂iÞ

q
jÞÞ ð1Þ

whereWi is the weighted information for the i-th SNP; β̂i is the effect
size for the i-th SNP, Φ is the cumulative distribution function of the
standard normal distribution.

The resulting weights were stored as a one-dimensional vector
with a length equal to the number of SNPs. For weight alignment, we
matched SNPs between the GWAS summary statistics and the target
genotypic dataset based on their genomic positions. SNPs present in
the GWAS results but missing in the target genotype matrix were
excluded. Similarly, SNPs with unavailable p-values in the summary
statistics were removed. This process ensured that the final weight
vector corresponded exactly, in both SNP identity and order, to the
columns of the aligned genotype matrix. During cross-validation
iterations, weighted data were recalculated separately for each train-
ing subset.
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Phenotypic data
Phenotypic trait values were obtained from multi-environment field
trials and structured into a two-dimensional matrix, with each row
corresponding to a genotype and each column representing a specific
trait under a given environment.

Environmental data
For each accession in Soybean1861 dataset, environmental data were
extracted from extrapolated climate grids at 30 s (~1 km) resolution.
Raw data files for monthly long-term average minimum (tmin°C),
maximum (tmax), averaged temperature (tavg), solar radiation (srad),
wind speed (wind), vapour pressure (vapr), and rainfall (prec) were
downloaded from WorldClim (http://worldclim.org/version2) and
converted to ESRI grid format for storage and extraction. Curated
georeferenced collection site locations were used to extract climate for
accessions using the spatial analyst toolbox in ESRI ArcMap 10.6. To
evaluate the variants identified by envGWAS, we tested for associations
between genetic variation and environmental gradients of GIS data
parameters (tmax, tmin, tavg, srad, wind, vapr, prec, lat, lng, height)
using latent factormixedmodels (LFMM). To select theoptimal number
of latent factors for this analysis, themixing coefficients were estimated
using Sparse Nonnegative Matrix Factorization (sNMF), choosing the
cluster number (K)with the lowest cross-entropy. Parameters for LFMM
were set for 10 repetitions, 100,000 iterations, and a burn-in period of
50,000 steps.Merge all the z-scores fromthe runs and recalculate thep-
values using the genomic inflation factor (λ). The corrected p-values
were incorporated as environmental variables in the model input.

Overview of GP-WAITER
The GP-WAITER model consists of three primary components: a
weighted embedding block, multiple encoder blocks, and a predictor
block. The encoder integrates a three-layer Transformer architecture,
each containing 27 multi-head attention heads. Layer normalization
and residual connections are applied before and after each encoder
layer to stabilize training and preserve representational integrity. The
predictor block is implemented as a two-layer feed-forward neural
network.

In the weighted embedding block, genotype data and SNP weight
information are transformed and combined through element-wise
multiplication, resulting in a weighted tensor. This tensor is processed
by a sequence of convolutional operations, including four two-
dimensional convolutional layers, two BatchNorm2d layers (batch
normalization), three additional two-dimensional convolution layers,
and three tanh activation layers. The input matrix is defined as IN ×M ,
where N is the number of individuals andM is the number of markers.
The convolutional operation is defined as follows:

O i, jð Þ=
XM�1

m=0

XN�1

n=0
I i+m, j +nð Þ � Kðm,nÞ ð2Þ

Here, O i, jð Þ represents the output feature map at position ði, jÞ,
I m,nð Þ represents the element of input matrix at position ðm,nÞ, and
Kðm,nÞ is the element of convolution kernel at position ðm,nÞ.M andN
are the height and width of the kernel, and i, j andm,n are the spatial
indices of the input and kernel, respectively.

Each of the three encoder layers contains a multi-head attention
mechanism, two LayerNorm operations, three linear transformation
layers, and two GELU activation functions. Two residual connections
are incorporated. In thefirst step, the inputdata undergoes LayerNorm
andmulti-head attention, and the attention output is then added back
to the input. The second residual connection further processes the
result of the first connection using linear transformations and GELU
activation. Specifically, onepath involves a single linear transformation
followed by GELU activation, while the other applies LayerNorm, two
linear transformations, and a GELU activation. The outputs of both
branches are summed to produce the final result of the encoder layer.

The multi-head self-attention mechanism, central to the Trans-
former block, dynamically assigns attention weights to each token by
computing relevance scores across all input positions. Each token is
projected into a query vector (Q), key vector (K), and value vector (V)
via linear transformations. Attention weights are computed by:

Attention Q,K ,Vð Þ= softmax
Q � KTffiffiffiffiffiffi

dk

p
 !

� V ð3Þ

where Q, K , and V are matrices of query, key, and value vectors,
respectively, and dk is the dimension of the key vectors. The softmax
function normalizes the weights such that they sum to 1. The multi-
headmechanism repeats this process inparallel, enabling themodel to
capture diverse patterns and long-range dependencies within the
genomic sequence.

The predictor block includes one LayerNorm layer, a linear
transformation layer followed by a GELU activation function, a one-
dimensional batch normalization layer (BatchNorm1d), two one-
dimensional convolutional layers, and three additional tanh activa-
tions. The fully connected transformation is defined as:

y = f ðWx +bÞ ð4Þ

where W 2 Rdout ×din is the weight matrix, x 2 Rdin is the input vector,
b 2 Rdout is the bias vector, and f ð�Þ is the tanh activation function. The
output of the one-dimensional convolutional operation is given by:

O ið Þ=
XM�1

m=0
I i+mð Þ � KðmÞ ð5Þ

where O ið Þ denotes the convolution output at position i, I ið Þ is a one-
dimensional input vector, KðmÞ is the convolution kernel, M is the
kernel length, and m is the convolution kernel index.

As the data propagate through fully connected and convolutional
layers, dimensionality is progressively reduced, and trait-relevant fea-
tures are effectivelymapped to the final output. After each embedding
operation compresses feature representations, attention mechanisms
are applied to extract high-level dependencies, thereby enhancing the
model’s generalization ability.

Training was performed for 200 epochs for each trait on an NVI-
DIA GeForce RTX 3080 GPU. The model checkpoint with the highest
test set performance was retained and saved for evaluation. The GP-
WAITER architecture was implemented using PyTorch (version 1.1.3).

Interpretation of GP-WAITER
To interpret the model’s predictions and assess the contributions of
individual genetic variants, we used SHAP, implemented via the Gra-
dientExplainer module from the SHAP library. SHAP values quantify
themarginal contribution of each feature, specifically individual SNPs,
to the model’s output. Features with higher absolute SHAP values are
considered more influential in the model’s decision-making process
for trait prediction.

To ensure robustness, SHAP valueswere calculated across varying
baseline and test set sizes. For each test instance, the SHAP value was
estimated by approximating expected gradients over a defined back-
ground dataset, thereby providing local feature attributions. For trait
classification, a high-specificity threshold corresponding to a prob-
ability of0.90 (approximately 95% specificity)was applied todesignate
positive SNPs, thereby minimizing false-positive classifications. Based
on this threshold, the top 20 SNPs with the highest mean absolute
SHAP values were selected for interpretability analysis.

Gene Ontology (GO) enrichment analysis was performed using
the agriGO v2.0 toolkit (http://systemsbiology.cau.edu.cn/agriGOv2/),
a specialized platform for agricultural organism functional analysis.
The genes identified through SHAP analysis as harboring high-
importance SNPs were used as the query gene set, with the soybean
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(Glycine max) Wm82.a2.v1 genome as the reference background.
Analysis was conducted separately for each of the eight agronomic
traits using the Singular EnrichmentAnalysis (SEA) tool. GO termswere
considered significantly enriched at p-value < 0.05, with the Fisher’s
exact test employed for statistical evaluation. The analysis covered all
three GO categories: Biological Process, Molecular Function, and Cel-
lular Component.

A positive SHAP value indicates that a given SNP increases the
predicted trait value when included in the model, whereas a negative
value suggests a decrease in predicted trait value. The greater the
absolute SHAPvalue, themore significant the SNP’s contribution to the
prediction for a specific instance. To visualize feature contributions,
both SHAP beeswarm and bar plots were generated. The beeswarm
plots facilitated a direct comparison of SHAP values, thereby eluci-
dating the influence of genomic features across different samples. Bar
plots were used to highlight the global importance of each SNP,
aggregated across all test samples.

Cross-validation schemes
Model performance was evaluated using five cross-validation (CV)
schemes, each scheme employed twenty repetitions of 5-fold cross-
validation. In each repetition, phenotypic datawerepartitioned intofive
subsets. Four subsets were used to train themodel, while the remaining
subset served as the validation set. This process was iterated such that
each subset was used once as the validation set across five folds.

Predictive accuracy was quantified by calculating the Pearson
correlation coefficient between the predicted and observed pheno-
typic values in the validation sets. This metric reflects the model’s
ability to generalize across unseen data and was adopted as the pri-
mary indicator of prediction performance. The prediction precision
was assessed using three error metrics: the mean squared error (MSE),
the root mean squared error (RMSE), and the mean absolute error
(MAE). These were computed between the normalized observed and
predicted phenotypic values for each trait across different methods.
While MSE and RMSE emphasize larger prediction deviations due to
their squared terms, MAE provides a more robust measure of average
error magnitude that is less sensitive to outliers.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The genotype and phenotype of soybean1861, soybean192, maize244,
wheat406, rice529, and soybean14460 datasets, the environmental
data of soybean1861 are deposited on Zenodo [https://zenodo.org/
records/18779208]. Source data are provided with this paper.

Code availability
The GP-WAITER scripts are available in the release package on Github
[https://github.com/snowo-w/GP-WAITER/] under the Apache License.
A specific version (v1.0.0) used for this study has been archived via
Zenodo [https://doi.org/10.5281/zenodo.18809685]54.
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