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Abstract
Enhancing early selection through genomic estimated breeding values is pivotal for reducing generation intervals and 
accelerating breeding programs. Recently, deep learning (DL) approaches have gained prominence in genomic prediction 
(GP). Here, we introduce a novel DL framework for GP based on Elastic Net feature selection and bidirectional encoder 
representations from transformer's embedding and multi-head attention pooling (EBMGP). EBMGP applies Elastic Net for 
the selection of features, thereby diminishing the computational burden and bolstering the predictive accuracy. In EBMGP, 
SNPs are treated as “words,” and groups of adjacent SNPs with similar LD levels are considered “sentences.” By applying 
bidirectional encoder representations from transformers embeddings, this method models SNPs in a manner analogous to 
human language, capturing complex genetic interactions at both the “word” and “sentence” scales. This flexible represen-
tation seamlessly integrates into any DL network and demonstrates a marked improvement in predictive performance for 
EBMGP and SoyDNGP compared to the widely used one-hot representation. We propose multi-head attention pooling, 
which can adaptively assign weights to features while learning features from multiple subspaces through multi-heads for a 
high level of semantic understanding. In a comprehensive comparative analysis across four diverse plant and animal datasets, 
EBMGP outperformed competing models in 13 out of 16 tasks, achieving accuracy gains ranging from 0.74 to 9.55% over 
the second-best model. These results underscore EBMGP’s robustness in genomic prediction and highlight its potential for 
deep learning applications in life sciences.

Introduction

Genomic prediction (GP), initially proposed by Meuwis-
sen et al., utilizes genome-wide genotype markers to pre-
dict the breeding values of unobserved populations, thereby 
facilitating the rapid identification of superior genotypes and 
accelerating the breeding process (Li et al. 2023; Meuwissen 
et al. 2001). The significant reduction in genotyping costs 
has propelled the widespread adoption of GP over the past 
decade, yielding substantial genetic gains across various 
plant and animal breeding programs. Extensive GP research 
has focused on optimizing marker density, training popula-
tion size, family relationships, and the selection of GP mod-
els. Genomic best linear unbiased prediction (GBLUP) is a 
prevalent GP model that relies on a marker-based relation-
ship matrix for predictions (Clark and van der Werf 2013). 
Conversely, Bayesian models incorporate prior distribu-
tions, necessitating distinct models for different traits (Pérez 
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and de los Campos 2014). Bayes B, for instance, utilizes a 
Gaussian mixture, assuming that not all markers contribute 
to the genetic variance (Pérez and de los Campos 2014). 
Bayesian lasso (BL) applies a double exponential prior for 
continuous shrinkage and variable selection, employing a 
long-tailed Student-t distribution for marker effects (Li et al. 
2010). However, the precise influence of individual SNPs 
remains elusive and may not strictly confirm to any specific 
distribution. Furthermore, these parametric models often 
fail to capture the sophisticated interplay between SNPs, 
particularly pertinent in complex traits arising from epistasis 
(Johnson et al. 2023; Webber 2017).

Deep learning, a subfield of machine learning, harnesses 
complex neural networks with multiple nonlinear transfor-
mations across layers, making it well-suited to address the 
challenges of GP. Deep learning genome-wide association 
study (DLGWAS) is a dual-stream deep learning model (Liu 
et al. 2019). It has demonstrated superior predict perfor-
mance over traditional statistical methods on both simulated 
and soybean datasets. The DNNGP model integrates three 
convolutional neural networks (CNN) layers, a batch nor-
malization (BN) layer to prevent overfitting, and two dropout 
layers (Wang et al. 2023). It efficiently processes complex 
omics data, surpassing commonly used GP methods such as 
GBLUP, LightGBM, SVR, DeepGS, and DLGWAS (Wang 
et al. 2023). SoyDNGP is a deep network comprising 12 
convolutional blocks and a fully connected layer (Gao et al. 
2023). It incorporates a coordinate attention (CA) mecha-
nism after the first and final convolutional layers to enhance 
spatial information extraction (Gao et al. 2023). SoyD-
NGP outperforms methods like AdaBoost, Decision Tree, 
Naive Bayes, and Random Forest in classification tasks and 
exceeds both DeepGS and DNNGP in regression tasks, high-
lighting its versatility and strength in GP (Gao et al. 2023).

Despite deep learning's notable advancements in GP, 
there is ample scope for further exploration. Firstly, the 
p >  > n problem, where the number of features (p) vastly 
exceeds the number of individuals (n), has become one of 
the limiting factors in the development of GP deep learn-
ing models. Feature selection provides an efficient solution 
to this issue. Jubair et al. employed mutual information 
feature selection, a filter-based method, where genetic 
markers and phenotypes are used as inputs to generate a 
mutual information score as the output (Jubair et al. 2021). 
Secondly, most existing GP deep learning models repre-
sent SNPs using one-hot, which treats each SNP in isola-
tion and overlooks their interrelationships. Furthermore, 
this poses significant challenges for the model to discern 
functional (semantic) differences among SNPs that share 
the same genotype. Recent studies have concentrated on 
developing more efficient biological sequence representa-
tions, such as word embedding. Le et al. applied word 
embedding to represent DNA sequences, incorporating 

sub-word information (Le et al. 2019). This approach led 
to remarkable performance in enhancer identification (Le 
et al. 2019). Bidirectional encoder representations from 
transformers (BERT) embedding has been utilized to 
convert RNA sequences into feature descriptors, enabling 
the model to capture hidden information more effectively 
and enhance m7G site prediction (Zhang et al. 2021a). 
This indicates the promising potential of using contex-
tual word embedding to represent biological sequences in 
conjunction with deep learning networks. In these studies, 
when BERT embeddings are used to represent biological 
sequences, semantic segmentation within the sequence is 
not conducted, with the entire sequence being treated as 
a singular "sentence," an approach that lacks optimality. 
Previous studies suggest that LD blocks, which are likely 
inherited from shared ancestors, provide a richer source 
of information compared to individual SNPs in genomic 
selection (Karimi et al. 2018). If LD is used for semantic 
segmentation of SNP sequences, it may help the model 
better understand the genetic structure of the data and 
make more accurate predictions. Thirdly, some GP mod-
els employing traditional max pooling and average pooling 
methods can result in information loss and fail to dynami-
cally optimize features (Abdollahi-Arpanahi et al. 2020; 
Azodi et al. 2019; Zingaretti et al. 2020). Various pooling 
strategies have been introduced to preserve vital informa-
tion within activation maps. Soft pooling uses a softmax-
weighted sum of activations, and local importance-based 
pooling (LIP) dynamically enhances key features during 
down sampling by adapting importance weights based on 
input characteristics (Gao et al. 2019; Stergiou et al. 2021). 
Inspired by the self-attention mechanism in Transformers, 
multi-head self-attention pooling was introduced to com-
prehensively account for the contribution of each feature 
to the final outcome (Chen et al. 2024; Yan et al. 2022).

To overcome the challenges mentioned above, we pro-
pose a novel deep learning model (EBMGP) for GP. Our 
approach incorporates the following innovations: (1) Uti-
lizing elastic net (EN) to select key SNPs and comprehen-
sively analyzed how varying feature subset sizes influence 
model accuracy. (2) Through BERT embeddings, we con-
ceptualize SNPs as analogous to human natural language. 
This allows for the dynamic detection of interactions at 
both the SNP and linkage disequilibrium (LD) block lev-
els. (3) Inspired by Transformer's multi-head self-attention 
mechanism, we introduce multi-head attention pooling 
(MAP), which assigns adaptive weights to features and 
employs multiple heads to capture diverse subspace fea-
tures. Comparison with seven widely adopted GP mod-
els on four plant and animal datasets confirms EBMGP's 
robustness in genomic prediction and underscores its 
promise for deep learning applications in life sciences.



Theoretical and Applied Genetics (2025) 138:103	 Page 3 of 15  103

Materials and methods

Dataset

This study utilized four datasets with varying numbers 
of SNPs, as well as different genomic architectures, to 
assess the accuracy of the model’s predictions and its abil-
ity to generalize. The rice datasets included 413 diverse 
inbred rice accessions (Oryza sativa) from 82 countries 
(Zhao et  al. 2011). Each plant was genotyped using a 
44-K chip (44,100 SNPs). The SNPs with minor allele 
frequency (MAF) lower than 5% were deleted. After qual-
ity control, 36,901 SNPs were retained. Five traits were 
evaluated: seed width (SW), flag leaf width (FLW), plant 
height (PH), amylose content (AC), and seed number per 
panicle (SNPP). The genotype of soybean was procured 
from SoyBase, including 13,974 accessions and 42,509 
SNPs (Grant et al. 2009). The Beagle 5.4 program (ver-
sion 22Jul22.46e) was used to phase the SNPs and fill in 
the missing data (Ayres et al. 2011). The sorghum data-
set was derived from sorghum lines provided by the US 
National Plant Germplasm System and grown in Urbana, 
IL. It consists of 451 lines and 58,961 SNPs. Three traits 
were analyzed in this study: plant height (HT), grain 
moisture (MO), and yield (YLD) (Azodi et al. 2019). The 
SNPs with a MAF below 5% were excluded, leaving a 
total of 36,468 SNPs. The phenotypic data for soybean 
were obtained from the GRIN-Global database (https://​
npGPw​eb.​ars-​grin.​gov/​gring​lobal/​search). We focused 
on 5 quantitative traits: protein content (protein), stearic 
acid content (Stearic), the maturity date (R8), hundred-
seed weight (SdWgt), and yield. The Holstein bull dataset 
contains 1,508 samples. According to the paper, genotype 
imputation was performed using BEAGLE 3.3.1, resulting 
in 52,886 SNPs on 29 autosomes. SNPs with a genotype 
call rate below 90%, a minor allele frequency under 0.01, 
or a Hardy–Weinberg equilibrium p-value less than 1e-6 
were excluded (Yin et al. 2019). Ultimately, 44,074 SNPs 
were retained for the study. Three traits were used in this 
study: motility of sperm (MS), the number of motile sperm 
(NMSP), and volume (VE). All phenotypes were standard-
ized, and missing values were imputed using the mean.

Overview of EBMGP

A schematic diagram of EBMGP is shown in Fig. 1a. The 
EBMGP’s architecture comprises four key components: 
(1) feature selection, (2) BERT embedding layer, (3) con-
volution layer, and (4) linear layer.

To decrease noise and cut down on computation costs, 
Elastic Net (EN) is applied to preselect the top n features 

before training. The EN combines L1 and L2 penalties, 
allowing for adjustment of their proportions through 
parameter tuning (Zou and Hastie 2005). The parameters 
were set as follows: alpha at 0.5 and max_iter at 1000. To 
meet the desired number of nonzero coefficients (1,000, 
3,000, 5,000, 7,000, and 9,000), the l1_ratio was incre-
mentally adjusted in steps of 0.0001. To avoid artificially 
inflating prediction accuracies, feature selection was con-
ducted exclusively on the training set.

After feature selection, we adopt BERT embedding to 
represent SNPs. Each SNP is represented by two letters. 
The first letter corresponds to the genotype of the SNP, 
where the major allele is designated by "H," the heterozy-
gous state is denoted by "M," and the minor allele is signi-
fied by "L." The second letter is dedicated to representing 
the linkage disequilibrium (LD) coefficient R2 between 
adjacent SNPs. The calculation of LD is as follows:

where i represents the ith SNP, j represents the jth SNP, 
Conv(i, j) is the covariance between the two loci, Var(i) and 
Var(j) are the variances of ith and jth SNP, respectively. 
Based on the literature, a stringent LD threshold of 0.8 was 
applied to aid the model in identifying tightly associated 
SNPs (Carlson et al. 2004; Kemppainen et al. 2015). When 
the LD value is 0.8 or higher, the second letter is labeled 
as "Y"; conversely, it is labeled as "J" when the LD value 
is below 0.8. Therefore, the model can distinguish those 
adjacent SNPs that are closely related, that is, LD blocks. 
For the final SNP on each chromosome, the second letter is 
consistently represented by "N." The LD calculations were 
performed using PLINK version 1.9 (Chang et al. 2015). 
BERT embedding comprises three components: token 
embedding, segment embedding, and position embedding 
(Fig. 1b) (Devlin et al. 2019). Token embeddings is the basic 
embedding layer in BERT. Its main role is to convert the 
two letters representing SNP into vector representations with 
fixed dimensions. In natural language processing, segment 
embedding is added to the input representation to distin-
guish two sentences. This study uses the letter represents 
LD between adjacent SNPs as input for segment embedding. 
If the LD of adjacent SNPs is entirely "Y," they form part 
of a high-LD "sentence." Conversely, if all are labeled "J," 
they belong to a low-LD "sentence". Position embedding is 
used for the model to learn the relative positional informa-
tion between SNPs. To explore the impact of different SNP 
representation methods, we replaced the BERT embedding 
layer in EBMGP with a batch normalization layer, a 1D con-
volutional layer, and a dropout layer when encoding SNPs 
using the one-hot.

LD =
(Conv(i, j))2

Var(i) ⋅ Var(j)

https://npGPweb.ars-grin.gov/gringlobal/search
https://npGPweb.ars-grin.gov/gringlobal/search
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The convolution layer contains 5 Conv-MAP modules. 
Conv-MAP module incorporates a batch normalization, 
a ConvBlock, a MAP, and a Dropout. The Three of the 
five Conv-MAP use ConvBlock with larger kernels (30) 
and two use smaller kernels (3), strategically cross-stacked 
to effectively capture both fine-grained local variations 
and broader high-level conceptual patterns (Mishkin et al. 
2017). ConvBlock incorporate a batch normalization, an 
activation (GELU) and a 1D convolution. We propose a 
novel pooling strategy: MAP, designed to address the need 
for a high level of semantic understanding (Fig. 1). We 
first use the unfold function to split the features into mul-
tiple subfeatures. Then each subfeatures pass through 1D 
convolutions to obtain multi-spatial features. All multi-
spatial features were stacked to capture a broader range of 
potential semantic associations. The last step is performing 
a weighted sum on these subfeatures by softmax.

The linear layer contains a linear module.
The detailed parameter settings for the model can be 

found in the accompanying GitHub repository (https://​
github.​com/​luxix​i2021/​EBMGP).

Comparative analysis of different SNP 
representation strategies

We compared the effects of two SNP representations, 
BERT embeddings and one-hot SNP, on BMADNPG and 
SoyDNGP by fivefold cross-validation. The BERT embed-
ding representation method is described in Sect. “Over-
view of EBMGP” part. When using one-hot, the BERT 
embedding layer in EBMGP was substituted with a Con-
vBlock with a kernel size of 1 and a stride of 1. When 
employing BERT embeddings, we systematically evaluate 
the influence of varying LD threshold settings (0.2, 0.4, 
0.6, and 0.8) on EBMGP’s performance. In addition, we 
compared these results with omitting LD information and 
retaining only the genotype information. To substantiate 
the efficacy of our SNP representation method, we retrofit-
ted the SoyDNGP model by substituting its initial convo-
lutional layer with BERT embedding (LD threshold = 0.8). 
In one-hot representation, the major allele was encoded as 
(0, 0, 0), the heterozygous state as (0, 1, 0), and the minor 
allele as (0, 0, 1).

Fig. 1   Overview of EBMGP. A Feature selection, j: the number of 
raw SNP, n: the number of selected SNPs. B BERT embedding. C 
convolution layer. D linear layer. The green square, the three com-
ponents of BERT embedding: (1) Token embedding: converts each 
SNP or token into a numerical vector; (2) Segment embeddings: dis-
tinguishes between different sentences; (3) Position embedding: adds 
positional information, ensuring the model understands the order of 

SNPs or tokens. H: major alleles, M: heterozygous alleles, L: minor 
alleles, J: SNP’s LD with next SNP lower than 0.8, Y: SNP’s LD 
with next SNP equal or greater than 0.8, N: the last SNP’s LD of 
each chromosome, n: the number of SNPs. The pink square, details 
of Conv-MAP module. The yellow square, details of MAP, C: batch 
size of features, H: input channel of features, W: length of features, p: 
pool_size

https://github.com/luxixi2021/EBMGP
https://github.com/luxixi2021/EBMGP
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Comparison of pooling strategies

We substitute multi-head attention pooling with four alter-
native pooling modules, including max pooling, average 
pooling, soft pooling, and local importance pooling (LIP), 
to assess the performance of different strategies by five-
fold cross-validation. Max pooling and average pooling 
are staples in CNNs, valued for their simplicity and lack 
of required parameter tuning. Max pooling identifies the 
maximum value within a pooling region, whereas average 
pooling segments the input feature map into rectangles for 
mean calculation (Nirthika et al. 2022). Soft pooling, a ker-
nel-based approach, uses a softmax-weighted sum of activa-
tions, with activation gradients contingent on their weights 
(https://​github.​com/​alexa​ndros​sterg​iou/​SoftP​ool) (Stergiou 
et al. 2021). This technique avoids additional parameters 
and computational complexity. Local importance pooling 
(LIP) develops adaptive, discriminative importance maps for 
efficient feature aggregation during downsampling (https://​
github.​com/​sebgao/​LIP) (Gao et al. 2019).

Training and evaluation

The EBMGP model was developed using PyTorch version 
11.6. Training was conducted with a batch size of 32, a 
learning rate of 0.0005, and a dropout rate of 0.3. For the 
rice, sorghum, and Holstein bull datasets, the model under-
went 100 training epochs, while the soybean dataset was 
trained for 30 epochs. We utilized the AdamW optimizer 
with a weight decay of 0.00001 and the CosineAnnealingLR 
scheduler with T_max set to the number of training steps 
to update the model's weights and modulate the learning 
rate, respectively. To evaluate the model’s predictive per-
formance, we first fine-tuned the hyperparameters using rice 
SW, bulls MS, and soybean protein as validation datasets. 
The remaining 10 prediction tasks in rice, soybean, and 
bulls were used as independent test datasets. Additionally, 
we introduced a sorghum dataset as a fully independent test 
dataset to further evaluate the model’s generalizability. In 
this study, fivefold cross-validation was used to evaluate 
the prediction performance. The Pearson correlation coef-
ficient (R) and mean squared error (MSE) were applied as 
the evaluation criterion.

Comparison with other models

To establish the efficacy of EBMGP, it was compared against 
seven cutting-edge models, including GBLUP, RKHS, Bayes 
B, Bayesian LASSO, DLGWAS, SoyDNGP, and DNNGP. 
GBLUP was implemented using the "rrBLUP" package in 
R (Endelman 2011). The reproducing kernel Hilbert space 
(RKHS) was executed through the "BGLR" R package, a 
semi-parametric method employing the Gaussian kernel 

function (Friedman et al. 2010). The Bayes B model was 
also implemented using the "BGLR" R package, relying 
on a Monte Carlo–Markov chain (MCMC) strategy with 
12,000 iterations and a burn-in period of 2,000 (Endelman 
2011). Additionally, the Bayesian Lasso (BL) was imple-
mented using the "glment" R package with the same MCMC 
specifications (Endelman 2011). These models offer precise 
predictions of breeding values, which are a result of additive 
effects. DLGWAS and SoyDNGP were also implemented in 
PyTorch 11.6 according to the code provided in the paper 
(Gao et al. 2023; Liu et al. 2019). While the DNNGP model 
was downloaded from https://​github.​com/​AIBre​eding/​
DNNGP/​relea​ses/​downl​oad/​v1.0.​0/​DNNGP-​v1.0.​0.​zip) 
(Wang et al. 2023). All models were evaluated using five-
fold cross-validation.

Results

Feature selection's influence on EBMGP

In this study, we employed the embedded feature selection 
method, Elastic Net (EN), to select the most critical fea-
tures. As demonstrated in Table 1, we compared the aver-
age prediction accuracy of EBMGP from fivefold cross-
validation using various SNP subsets. For the rice dataset, 
EBMGP demonstrated optimal predictive performance for 
SW, FLW, and SNPP when employing a preselected sub-
set of 5,000 SNPs, whereas the highest accuracy for AC 
was achieved with a subset of 1,000 SNPs. This approach 
yielded accuracy improvements of 2.28%, 0.01%, 10.52%, 
and 6.5%, respectively, in comparison to using the complete 
SNP set. However, prediction accuracy for PH declined 
regardless of the number of preselected SNPs utilized. In 
the sorghum dataset, EBMGP attained the highest predic-
tive accuracy for MO and HT using a subset of 5,000 SNPs, 
while the optimal prediction for YLD was achieved with 
9,000 SNPs. This subset-based strategy enhanced prediction 
accuracy by 1.89%, 5.16%, and 1.82%, respectively, relative 
to employing the full SNP dataset. For the soybean dataset, 
the most accurate predictions were obtained with a subset of 
3,000 SNPs, resulting in accuracy improvements of 8.10%, 
10.19%, 4.14%, 1.95%, and 5.32% for protein, stearic, R8, 
SdWgt, and yield, respectively. In the bull dataset, EBMGP 
achieved superior predictive accuracy for NMSP and VE 
using a subset of 5,000 SNPs, with accuracy enhancements 
of 37.82%, 18.09%, and 12.56%, respectively, over the pre-
dictions made with the complete SNP set.

These findings suggest that datasets with a smaller sam-
ple-to-feature ratio require a greater number of features to 
retain sufficient information for accurate predictions. In 
contrast, for datasets with a larger sample-to-feature ratio, 
selecting fewer features is advantageous; as an excessive 

https://github.com/alexandrosstergiou/SoftPool
https://github.com/sebgao/LIP)
https://github.com/sebgao/LIP)
https://github.com/AIBreeding/DNNGP/releases/download/v1.0.0/DNNGP-v1.0.0.zip
https://github.com/AIBreeding/DNNGP/releases/download/v1.0.0/DNNGP-v1.0.0.zip
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number of features may introduce noise, hinder model inter-
pretability, and compromise efficiency. This highlights the 
importance of balancing feature selection with dataset char-
acteristics to optimize predictive performance.

Comparison of SNP representations

Based on the findings in Sect. “Feature Selection's Influ-
ence on EBMGP,” we selected the top 5,000 features for the 

rice, sorghum, and bull datasets, and the top 3,000 features 
for the soybean dataset to evaluate the impact of various 
SNP representations on model performance. As presented 
in Table 2, beyond the MS prediction task in bulls, EBMGP 
achieves higher accuracy with BERT embedding compared 
to one-hot encoding, with the most significant improvement 
of 5.52% in the rice AC prediction task. The average predic-
tion accuracy of EBMGP across 16 tasks with BERT embed-
ding (LD threshold = 0.8) reached 0.6565, representing a 

Table 1   Average predictive 
accuracy of EBMGP model 
derived from fivefold cross-
validation utilizing subset 
features selected via elastic net

Datasets Traits All Top1000 Top3000 Top5000 Top7000 Top9000

Rice SW 0.8072 0.8095 0.8088 0.8256 0.8220 0.8204
FLW 0.7299 0.7131 0.7261 0.7347 0.7323 0.7324
AC 0.7564 0.8360 0.8329 0.8311 0.8199 0.8193
PH 0.7141 0.6889 0.6945 0.7039 0.7015 0.6958
SNPP 0.5569 0.5664 0.5636 0.5931 0.5793 0.5631

Sorghum MO 0.5717 0.5541 0.5519 0.5825 0.5721 0.5623
YLD 0.3738 0.2990 0.3326 0.3774 0.3745 0.3806
HT 0.5945 0.5818 0.5995 0.6252 0.5975 0.5984

Soybean Protein 0.7051 0.7219 0.7622 0.7517 0.7544 0.7410
Steartic 0.6456 0.6617 0.7114 0.6984 0.6953 0.6851
R8 0.8280 0.8349 0.8623 0.8531 0.8525 0.8486
SdWgt 0.9147 0.9121 0.9325 0.9287 0.9280 0.9278
Yield 0.7851 0.7956 0.8269 0.8159 0.8176 0.8107

Bulls MS 0.2771 0.3456 0.3819 0.3697 0.3695 0.3742
NMSP 0.3139 0.3488 0.3537 0.3707 0.3662 0.3493
VE 0.3510 0.3857 0.3881 0.3951 0.3902 0.3736

Table 2   Comparison the effects 
of different SNP representations 
on EBMGP

one-hot: EBMGP use one-hot to represent SNP genotype; BERT-1: EBMGP use BERT embedding to rep-
resent SNP genotype, without LD information; BERT-2, BERT-3, BERT-4, and BERT-5: EBMGP use 
BERT embedding to represent both SNP genotype and LD with adjacent SNPs, the criterion for dividing 
LD is 0.2, 0.4, 0.6, and 0.8, respectively

Datasets Traits one-hot BERT-1 BERT-2 BERT-3 BERT-4 BERT-5

Rice SW 0.8123 0.8149 0.8212 0.8200 0.8262 0.8256
FLW 0.7063 0.7191 0.7257 0.7274 0.7218 0.7347
AC 0.7876 0.8196 0.8325 0.8283 0.8320 0.8311
PH 0.6867 0.7011 0.6936 0.7001 0.7077 0.7039
SNPP 0.5812 0.5757 0.5743 0.5901 0.5837 0.5931

Sorghum MO 0.5559 0.5543 0.5595 0.5629 0.5663 0.5825
YLD 0.3725 0.3725 0.3746 0.3722 0.3846 0.3774
HT 0.6233 0.5968 0.6279 0.6171 0.6126 0.6252

Soybea Protein 0.7563 0.7617 0.7641 0.7622 0.7644 0.7622
Steartic 0.7070 0.7116 0.7137 0.7113 0.7110 0.7114
R8 0.8592 0.8630 0.8626 0.8627 0.8626 0.8623
SdWgt 0.9310 0.9319 0.9317 0.9326 0.9317 0.9325
Yield 0.8245 0.8253 0.8264 0.8271 0.8268 0.8269

Bulls MS 0.3770 0.3740 0.3729 0.3662 0.3704 0.3697
NMSP 0.3542 0.3517 0.3604 0.3787 0.3616 0.3707
VE 0.3839 0.3735 0.3719 0.3844 0.3879 0.3951

Mean 0.6449 0.6467 0.6508 0.6527 0.6532 0.6565
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1.80% improvement compared to one-hot encoding (0.6449). 
Moreover, as the LD threshold gradually decreases (from 
0.8 to 0.2), the model's average prediction accuracy of 16 
task declines from 0.6565 to 0.6508, with the lowest accu-
racy observed when no LD is used for semantic segmen-
tation (0.6467). These results suggest that BERT embed-
dings capture the complex associations between SNPs more 
effectively than one-hot encoding. Furthermore, applying a 
high-LD threshold for semantic segmentation enhances the 
model’s understanding of the genetic structure, leading to 
improved prediction accuracy.

To substantiate the efficacy of the SNP representation 
methodology, we retrofitted the SoyDNGP model by sub-
stituting its initial convolutional layer with BERT embed-
ding (LD threshold = 0.8). The SoyDNGP model, when aug-
mented with BERT embedding, demonstrated a spectrum of 
enhancements in predictive accuracy across 12 tasks, with 
improvements spanning from 0.08 to 10.60% (Fig. 2). The 
mean predictive accuracy for 16 traits using SoyDNGP with 
BERT embedding reached 0.6258, which exceeds the accu-
racy achieved through one-hot encoding by 1.51%. These 
experimental results underscore the superiority of our pro-
posed SNP representation method in enabling deep learn-
ing models to more effectively decipher the underlying pat-
terns within SNPs, as compared to the conventional one-hot 
encoding approach.

Impact of pooling strategies on EBMGP 
performance

In response to the stringent requirements for enhanced model 
semantic comprehension and to mitigate the loss of critical 
features, we introduced an innovative multi-head attention 
pooling methodology. We conducted a fivefold cross-valida-
tion to assess the performance of MAP in comparison to four 
widely used pooling strategies. We trained the rice, sorghum, 

and bull datasets using the top 5,000 SNPs and the soybean 
dataset using the top 3,000 SNPs, with SNP representation 
specified in the methods section(LD threshold = 0.8). The 
average predictive accuracies across 16 tasks for average 
pooling(AP), max pooling(MP), soft pooling(SP), local 
importance-based pooling (LIP), and MAP were 0.6441, 
0.6379, 0.6447, 0.6449, and 0.6565, respectively (Fig. 3A). 
When equipped with MAP, EBMGP achieved an average 
predictive accuracy of 0.7377 on the rice dataset, consist-
ing of 413 lines, outperforming the second-best method, SP 
(0.7248), by 1.77%. Similarly, on the sorghum dataset with 
451 lines, EBMGP with MAP reached an average accuracy 
of 0.5284, exceeding the next best method, AP (0.5097), 
by 3.67%. For the soybean dataset, which encompasses a 
substantial 13,974 lines, the predictive accuracy across the 
five pooling methods showed no significant differences. 
Meanwhile, for the bull dataset, comprising 1,508 lines, 
EBMGP with MAP attained an average accuracy of 0.3785, 
marginally outperforming the second-ranked method, LIP 
(0.3749), by 0.95%. The MSE of phenotype prediction for 
rice, sorghum, soybean, and bulls is shown in Fig. 4. With 
MAP, EBMGP achieves the lowest MSE in 15 out of 16 
prediction tasks (Fig. 3B). The average MSE across 16 tasks 
for AP, MP, SP, LIP, and MAP were 0.7833, 0.7530, 0.7333, 
0.7725, and 0.5704, respectively. The paired t-test results for 
different pooling strategies are presented in Supplemental 
Table 1. The results indicated that the prediction perfor-
mance of MAP differs significantly from that of the other 
four pooling strategies, reaching a highly significant level 
(p-value < 0.01). The computation time required by differ-
ent pooling strategies is presented in Supplemental Table 2.

These findings indicate that MAP is particularly effective 
in enhancing model prediction accuracy and reducing MSE 
when the sample size is small, outperforming other pool-
ing techniques. In scenarios with a sufficiently large sample 
size, while differences in prediction accuracy across pooling 

Fig. 2   Comparative analysis of prediction accuracies achieved by SoyDNGP utilizing one-hot encoding and BERT embedding
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methods are not significant, MAP consistently achieves the 
lowest MSE. Overall, MAP emerges as a sophisticated pool-
ing technique that effectively minimizes information loss 
while simultaneously reducing dimensionality, enhances 
prediction accuracy, and ensures stability in predictions.

Assessment of nonlinear relationships

The nonlinear relationship between observer values and 
predicted values of EBMGP was calculated with kernel 
density plots as the criterion of model evaluation. EBMGP 
was trained on top 5,000 SNPs from the rice, sorghum, and 
bull datasets and top 3,000 from the soybean dataset, with 
SNP representation outlined in the methods section (LD 
threshold = 0.8). Density plots were employed to illustrate 
the relationships between observed values and various fea-
tures, providing a clear visualization of their distributions 
and potential associations. As illustrated in Fig. 4 A-P, all 
density plots exhibit distinct clustering patterns rather than 
a completely random distribution, indicating that the model 
effectively captures the underlying patterns in the observa-
tions. For rice, sorghum, and bulls (Fig. 4 A-H, N-P), the 
data points display irregular distributions, reflecting non-
linear trends between predicted and observed values, which 
the model is able to capture effectively. In contrast, for soy-
bean (Fig. 4 I-M), the data points are densely concentrated 
along the diagonal (red line), suggesting that the relationship 
between predicted and observed values is predominantly 

linear. Additionally, orthogonal distance regression (ODR) 
was performed to fit the observed and predicted values (blue 
line). The angle between the ODR regression line and the 
diagonal represents the degree of deviation from linearity; 
a larger angle indicates a weaker linear relationship and 
greater dispersion of data points relative to the ideal lin-
ear relationship (diagonal), while a smaller angle signifies 
a stronger linear relationship. The results obtained from 
orthogonal distance regression closely correspond to those 
of the two-dimensional density plots. Given the pivotal role 
of activation functions in enabling deep learning models 
to capture nonlinear relationships, we further investigated 
EBMGP's ability to model such relationships through abla-
tion experiments that excluded the GELU activation function 
(Fig. 4 Q, R). The average prediction accuracy across 16 
tasks of EBMGP is 0.6846 with GELU and 0.6724 without 
GELU, while the corresponding average MSE values are 
0.5356 and 0.5373. Across the rice, sorghum, and bull data-
sets, the absence of the GELU activation function resulted 
in decreased prediction accuracy and increased MSE in 
most cases. Conversely, for the soybean dataset, all five 
traits experienced slight gains in accuracy and significant 
reductions in MSE. This evidence indicates that the soybean 
data may primarily reflect linear relationships, in contrast to 
the other datasets, where nonlinear relationships are more 
influential.

Over all, EBMGP effectively captures nonlinear relation-
ships across multiple environments, enabling highly accurate 

Fig. 3   Comparison between different pooling strategies. A The aver-
age prediction accuracy of EBMGP from fivefold cross-validation 
using different pooling. B The average MSE of EBMGP from five-

fold cross-validation using different pooling. AP: avg pooling, MP: 
max pooling, LIP: local importance pooling, SP: soft pooling, MAP: 
multi-head attention pooling
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predictions, particularly in densely populated regions of the 
phenotypic distribution.

Comparative analysis of EBMGP with other GP 
models

We assessed the performance of EBMGP against seven com-
monly used GP models (Fig. 5). EBMGP was trained on top 
5,000 SNPs from the rice, sorghum, and bull datasets and 
top 3,000 from the soybean dataset, with SNP representa-
tion outlined in the methods section (LD threshold = 0.8). 
Each reported accuracy is an average derived from fivefold 
cross-validation. The overall average prediction accura-
cies (R) across 16 tasks for GBLUP, RKHS, Bayes B, BL, 
DLGWAS, SoyDNGP, DNNGP, and EBMGP were 0.6371, 
0.6370, 0.6427, 0.6359, 0.5870, 0.6165, 0.5927, and 0.6565, 
respectively, while the corresponding average MSE val-
ues were 0.5684, 0.5672, 0.5574, 0.5688, 0.6692, 0.6086, 
0.6398, and 0.5704. Remarkably, EBMGP demonstrated 
superior performance, attaining the highest prediction accu-
racy in 13 tasks and the lowest MSE in 5 tasks, reflecting 
its adaptability and precision in addressing a wide range of 
prediction challenges.

In the analysis of the rice dataset (Fig. 5 A, E), EBMGP 
demonstrated exceptional predictive accuracy for SW, FLW, 
AC, and SNPP, surpassing the next best-performing model 
by margins of 1.39%, 2.52%, 0.74%, and 2.51%, respectively. 
Conversely, Bayes B outperformed EBMGP in predicting 
PH, achieving an accuracy advantage of 2.31%. Further-
more, EBMGP achieved the lowest MSE for SW, while 
Bayes B recorded the lowest MSE across the other four traits. 
As shown in the sorghum dataset (Fig. 5 B, F), EBMGP 
outshone the next best model by 0.90% for MO and 0.94% 
for HT, while SoyDNGP excelled in YLD accuracy. Bayes 
B resulted in the lowest MSE across all three traits. In the 
soybean dataset (Fig. 5 C, G), EBMGP achieved the high-
est prediction accuracy for five traits, with improvements 
ranging from 1.74 to 9.55% over the second-best model. 
Additionally, it recorded the lowest MSE for four traits, 
reducing by 8.44% to 11.3%. Within the bull dataset (Fig. 5 
D, H), EBMGP attained the highest prediction accuracy for 
MS and NMSP, outperforming BayesB—the second high-
est model—by 2.90% and 1.09%. For VE, GBLUP respec-
tively achieved the highest prediction accuracies, exceeding 
EBMGP by 6.52%. BL, Bayes B, and GBLUP recorded the 
lowest MSE for MS, NMSP, and VE, respectively.

To further assess the robustness of these models, we 
calculated the standard error (SE) of prediction accuracy 
through fivefold cross-validation (Supplementary Table 3). 
Among the models, RKHS demonstrated the lowest SE of 
0.0153, indicating its high consistency and stability in pre-
dictions. In contrast, DLGWAS exhibited the highest SE 
of 0.0195, suggesting greater variability in its predictions. 

EBMGP ranked fourth with an SE of 0.0175, reflecting mod-
erate variability in its performance across the tasks.

In general, EBMGP excels with high prediction accuracy 
and robust generalization ability, especially in larger data-
sets. Its performance, however, may be less consistent in 
smaller datasets, as the feature selection process benefits 
from a larger volume of data. Traditional models such as 
Bayes B maintain stability with smaller datasets but are 
unable to capture more intricate relationships as the dataset 
grows.

Discussion

Despite significant long-term genetic gains achieved through 
modern breeding methods and technologies, the current rate 
of genetic improvement must be accelerated to meet grow-
ing agricultural demands. Genomic selection (GS) has been 
validated as a powerful tool for boosting genetic gain in 
both plant and animal breeding. The precision of prediction 
model holds an important position in GS. Evidence indicates 
that deep learning model captures nonlinear patterns more 
efficiently than conventional models and integrates data from 
various sources without the need for feature engineering 
(Montesinos-López et al. 2021). However, ensuring their 
robustness and practical applicability in breeding programs 
remains a critical area of research. Our study highlights that 
EBMGP effectively models genomic relationships, particu-
larly in datasets with a high sample-to-feature ratio, making 
it a promising tool for GS applications. By integrating link-
age disequilibrium (LD) information into SNP representa-
tions, EBMGP improves the accuracy of genomic predic-
tions, particularly for traits governed by intricate genetic 
architectures. This capability is particularly relevant for 
breeding programs aiming to enhance complex traits con-
trolled by multiple loci. Additionally, our findings demon-
strate that EBMGP maintains stable performance across dif-
ferent datasets, suggesting its potential adaptability across 
diverse breeding populations and environments. Moreover, 
the practical implications of our results extend beyond theo-
retical advancements. The improved predictive accuracy of 
EBMGP could aid breeders in making more informed selec-
tion decisions, ultimately accelerating genetic gains. Unlike 
conventional deep learning models, which often require 
extensive computational resources, EBMGP achieves a bal-
ance between accuracy and efficiency, making it a feasible 
option for large-scale breeding programs. Future research 
should focus on optimizing its computational efficiency fur-
ther and expanding its applicability to multi-environment 
trials and large-scale breeding populations.

The so-called p >  > n challenge, where the number of 
features (p) greatly exceeds the number of samples (n), has 
emerged as a significant barrier in GP. Feature selection 
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plays a pivotal role in overcoming this issue in GP through 
three primary methodologies: principal component analysis 
(PCA), SNP ranking via GWAS results, and machine learn-
ing-based SNP prioritization. Both DNNGP and PNNGS 
have adopted PCA to mitigate the high dimensionality of 
data (Wang et al. 2023; Xie et al. 2024). Heinrich devel-
oped a feature selection framework that ranks SNPs based on 
GWAS results, leading to a marked improvement in predic-
tion accuracy (Heinrich et al. 2023; Li et al. 2018). Random 
Forests (RFs) and gradient boosting machines (GBMs) have 
been effective in identifying SNPs associated with growth 
traits in Brahman cattle, with the top 3,000 SNPs yield-
ing GEBV prediction accuracies comparable to using all 
SNPs (Li et al. 2018). Azodi employed three feature selec-
tion methods—Random Forest (RF), EN, and Bayes A—
to rank SNPs (Azodi et al. 2019). In species with a low 
p:n ratio, model performance tends to peak more rapidly 
with an increasing number of features (p) compared to spe-
cies with a higher p:n ratio (Azodi et al. 2019). This trend 
was also observed in our study. For instance, in soybeans, 
which have a low p:n ratio, EBMGP's performance peaked at 
p = 3000. In contrast, for rice, sorghum, and bull, with higher 
p:n ratios, the performance plateaued at p = 5000. There-
fore, with an adequate sample size, the number of features 
selected for subsequent training can be minimized.

Previous research has established that biological 
sequences share significant parallels with human language, 
spanning from lexical to grammatical structures [33, 34]. 
The application of BERT embedding to representing bio-
logical sequences has, in recent years, achieved remarkable 
results in various tasks, including the prediction of promot-
ers, splice sites, identification of antibacterial peptides, and 
recognition of RNA N7-methylguanosine sites (Ji et al. 
2021; Yang et al. 2022; Zhang et al. 2021a, 2021b). How-
ever, these studies have typically employed BERT embed-
dings to represent nucleic acid or protein genotypes alone, 
without considering the semantic segmentation of biologi-
cal sequences, thus limiting the model's capacity to grasp 
more profound semantic insights. It has been observed that 
SNPs with high LD can exhibit identical gene models, such 
as those related to salt tolerance in spring wheat (Hasseb 
et al. 2022), suggesting a potential shared semantic con-
text among high-LD SNPs. Moreover, LD blocks, which 
typically represent inherited haplotype structures, offer a 

more comprehensive genetic context than analyzing SNPs 
in isolation (Karimi et al. 2018). In this study, we utilized 
BERT embeddings not only to represent SNPs as "words," 
but also to model adjacent SNPs with similar LD levels, 
termed LD blocks, as "sentences." This representation 
method has proven to exhibit robust generalization capa-
bilities in both EBMGP and SoyDNGP models. This effec-
tiveness may stem from the method's ability to concurrently 
extract complex associations between SNPs and LD blocks, 
while reducing redundancy by treating high-LD SNPs as 
a single entity. The inclusion of LD blocks has also been 
noted to enhance statistical power in genome-wide associa-
tion studies (GWAS) (Wu et al. 2020). Future advancements 
in modeling biological sequences could potentially benefit 
from clustering sites with analogous semantic traits.

Pooling strategies are predominantly employed to down-
sample feature maps and extract larger-scale features that are 
invariant under minor local transformations. In this paper, 
we introduce multi-head attention pooling, inspired by the 
Transformer's attention mechanism, to adaptively extract 
crucial features from various subspaces that influence pre-
diction outcomes (Xiong et al. 2020). Unlike traditional 
pooling methods, MAP allows for flexible, context-depend-
ent feature aggregation, which is crucial for handling the 
heterogeneity and high dimensionality of genomic data. Fur-
thermore, its capability to preserve important genetic signals 
while filtering noise enhances its effectiveness in genomic 
prediction tasks. There were also a variety of pooling strate-
gies have been proposed, each tailored to specific objectives. 
For instance, soft pooling retains more information in the 
reduced activation maps (Stergiou et al. 2021), while spatial 
pyramid pooling captures spatial or structural features (He 
et al. 2014).We compare MAP with two novel pooling strat-
egies, soft pooling and LIP, both of which perform down-
sampling by weighting. However, their outputs are heavily 
influenced by high-valued input features, making them more 
prone to noise. MAP addresses this issue by integrating 
weighting for feature preservation with the incorporation 
of diverse spatial features across multiple heads, resulting 
in more robust and comprehensive feature extraction. The 
results presented in Fig. 3 highlight the effectiveness of our 
pooling method. While sufficient sample sizes enable any 
pooling strategy to extract adequate information for accurate 
predictions, our method's versatility and broad applicability 
are particularly beneficial given the often limited sample 
sizes in GP data due to cost constraints.

A plenty of previous studies has delved into compari-
sons between statistical models, machine learning (ML) 
models, and DL models (Abdollahi-Arpanahi et al. 2020; 
Azodi et al. 2019; Gill et al. 2022). Gill et al.'s comparison 
of DL and ML models across 14 prediction tasks revealed 
that DL only surpassed ML models on one occasion (Gill 
et al. 2022). XGBoost and RF have been found to better 

Fig. 4   Density plots of phenotypes predicted by EBMGP. Panels A–
E represent rice phenotypes: SW, FLW, AC, PH, and SNPP. Panels 
F, G, and H represent sorghum panels phenotypes: MO, YLD, HT. 
I—M represent soybean phenotypes: protein, Stearic, R8, SdWgt, and 
yield, respectively. Panels N, O, and P represent bulls phenotypes: 
MS, NMSP, and VE. R, Pearson's correlation coefficient, which is the 
mean of the fivefold cross-validation. Q The prediction accuracy of 
EBMGP with and without GELU. P The MSE of EBMGP with and 
without GELU

◂
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capture nonadditive effects in GP than DL architectures 
(Gill et al. 2022). A comparison utilizing the bull dataset 
demonstrated that gradient boosting is a reliable method 
for predicting traits influenced by nonadditive gene action, 
while DL approaches only showed an advantage in GP 
when nonadditive variance was substantial (Abdollahi-
Arpanahi et al. 2020). However, studies in this domain 
often compare statistical and ML models with shallow 
and basic DL architectures, such as artificial neural net-
works (ANNs), CNN, and multilayer perceptrons (MLP) 
(Abdollahi-Arpanahi et al. 2020; Azodi et al. 2019; Gill 
et al. 2022). DNNGP has performed as well as or even sur-
passed commonly used linear, ML, and DL models across 
a wide range of tasks (Wang et al. 2023). SoyDNGP, a 
cutting-edge DL model for GP, has shown balanced perfor-
mance across all classification traits, even when compared 
to several high-accuracy ML models (Gao et al. 2023). 

Moreover, it has outperformed both deepGS and DNNGP 
in regression tasks (Gao et al. 2023). In this study, we 
developed EBMGP and compared it with seven leading 
GP models: a linear model (GBLUP), three ML models 
(RKHS, Bayes B, and Bayesian LASSO), and three DL 
models (DLGWAS, SoyDNGP, and DNNGP) across 13 
prediction tasks. Our model demonstrated robust effective-
ness and generalization. However, it is noteworthy that in 
both the current study and the SoyDNGP paper, DNNGP 
did not exhibit the advantages claimed in its original work 
(Gao et al. 2023). This may be attributed to DNNGP's 
requirement for adjusting a substantial number of param-
eters, resulting in a vast array of potential combinations 
and complicating the identification of the optimal configu-
ration. In contrast, both EBMGP and SoyDNGP neces-
sitate fewer parameter adjustments, rendering them more 
user-friendly. Nevertheless, DNNGP possesses a unique 

Fig. 5   Comparative analysis of predictive performance between 
EBMGP and other models. A Prediction accuracy of 8  GP models 
for rice dataset. B Prediction accuracy of 8 GP models for sorghum 
dataset. C Prediction accuracy of 8 GP models for soybean dataset. 

D Prediction accuracy of 8 GP models for bull dataset. E to H sepa-
rately represent the MSE of 8  GP models for rice dataset, sorghum 
dataset, soybean dataset, and bull dataset
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strength in its ability to process diverse and complex 
inputs, including genomes, transcriptomes, and proteomes.

Previous studies have consistently shown that plants 
generally exhibit lower population genetic diversity than 
animals, a discrepancy that profoundly impacts genetic 
parameters such as allele frequency distributions and genetic 
relationships (De Kort et al. 2021). These differences can 
introduce biases in model predictions. To explore this, we 
analyzed genetic diversity across our four datasets using 
observed heterozygosity (Ho) and expected heterozygosity 
(He) (Supplementary Table 4). The plant datasets revealed 
a notable reduction in Ho relative to He (Ho <  < He), a pat-
tern indicative of lower genetic diversity likely driven by 
strong population structure, inbreeding, or selective breed-
ing practices. In contrast, the bull dataset exhibited a more 
balanced Ho-He relationship, reflecting stable genetic diver-
sity. Interestingly, EBMGP and baseline models consistently 
achieved lower prediction accuracy in the bull dataset com-
pared to the plant datasets, suggesting that genetic diver-
sity patterns significantly influence model performance. 
One plausible explanation is that higher genetic diversity, 
as seen in the bull dataset, may result in weaker SNP-trait 
associations, complicating prediction tasks. To address 
these challenges, we employed Elastic Net feature selection 
to reduce dataset-specific noise by prioritizing informative 
SNPs. Furthermore, the integration of BERT embeddings 
in EBMGP enables the capture of context-dependent SNP 
relationships, moving beyond reliance on raw allele frequen-
cies and enhancing model robustness across diverse genetic 
architectures.

EBMGP shows promising performance, but several 
aspects require further refinement. The model’s performance 
on smaller datasets is less stable, suggesting the need for 
improved feature selection methods tailored to limited data 
to reduce overfitting. Additionally, the approach to semantic 
segmentation of SNP sequences could be enhanced to better 
capture complex genetic interactions, particularly for traits 
influenced by multiple loci. A more sophisticated approach 
to semantic segmentation could provide deeper insights 
into the underlying genetic structures and lead to improved 
model performance. While the model benefits from BERT 
embeddings and multi-head attention, their computational 
cost can be a bottleneck when scaling to larger datasets. 
Future work should focus on improving computational effi-
ciency to better handle large-scale genomic data. This can 
be achieved through alternative embedding strategies, such 
as lightweight transformer architectures (e.g., FastEmbed), 
to reduce processing time and memory requirements (Fang 
et al. 2020). Parallel processing using distributed comput-
ing frameworks like TensorFlow Distributed and PyTorch 
Distributed can accelerate model training across multiple 
GPUs or high-performance computing clusters. Dimension-
ality reduction techniques can streamline computation by 

identifying the most informative SNPs. Model compression 
methods, such as pruning, quantization, and knowledge 
distillation, can further enhance efficiency by optimizing 
model size and inference speed. By integrating these opti-
mizations, future versions of EBMGP can be more scalable 
and resource-efficient, facilitating its application in real-
world breeding programs and large-scale genomic studies. 
Collectively, no single model dominates across all tasks, 
yet DL holds greater potential in GP, driven by its ongoing 
technical innovations, such as the cosine annealing learning 
rate adjustment and multi-head attention mechanism high-
lighted in this study, coupled with its flexible and adaptable 
structure.

Conclusion

We introduce EBMGP, a deep learning model for genomic 
prediction that leverages EN feature selection, a novel SNP 
representation, and multi-head attention pooling. Employ-
ing EN for feature selection streamlines EBMGP by mini-
mizing the feature space. By utilizing BERT embeddings 
to treat SNPs as natural language, EBMGP captures com-
plex associations at both the SNP and LD block levels. 
This SNP representation method has shown its effective-
ness across applications in both EBMGP and SoyDNGP. 
Our multi-head attention pooling proves highly effective 
in small datasets, yet remains competitive with top-tier 
pooling methods in larger datasets. EBMGP's efficacy is 
validated in four animal and plant datasets, and we believe 
it holds great potential for advancing data-driven decisions 
in animal and plant breeding programs.
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