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Abstract

Genome-wide association studies (GWAS) scan the genome for genetic variants, typ-
ically single nucleotide polymorphisms, whose alleles are associated with phenotypic
variation across individuals. Genomic prediction uses genome-wide marker data to esti-
mate phenotypic trait values directly from genotype information, playing a central role
in plant and animal breeding programs. GWAS and genomic prediction face a core chal-
lenge: learning from extremely high-dimensional genotype matrices under limited sample
sizes. Bayesian neural networks offer uncertainty aware prediction and the capacity to
represent nonlinear genetic effects, but their practical performance depends on feature
selection and architectural choices that interact with the inference mechanism. This
paper presents an empirical study that improves a Bayesian neural network pipeline for
genomic prediction by tuning input selection strategies, network depth and width, and
activation functions under Hamiltonian Monte Carlo inference. We validate the pipeline
across three distinct datasets: Ear Height in the Tassel tutorial dataset, flowering time
(FT10) in an Arabidopsis thaliana dataset, and top second leaf length (TSLL) in a foxtail
millet dataset. Under a five-fold cross-validation protocol, we compare three approaches:
a deterministic ResNet baseline, a standard Bayesian neural network, and an optimized
Bayesian neural network produced through targeted tuning. Results show that while
feature selection is necessary for stable learning, the optimal configuration varies by phe-
notype. On average across datasets, the optimized BNN achieves superior predictive
performance and consistent uncertainty calibration, outperforming the standard BNN
and the deterministic baseline on the majority of phenotypes studied. The code and
data for this study are available at https://github.com/Raeein/BNN.
Keywords: Bayesian neural networks, genome-wide association studies, genomic pre-

diction, feature selection, uncertainty quantification, Hamiltonian Monte Carlo.

1. Introduction

Genome wide association studies (GWAS) are a primary methodology for linking genetic
variation to phenotypic traits and have become a standard tool in both plant and animal ge-
netics [1]. A persistent challenge in these studies is the extreme dimensionality gap between
genotype and phenotype data. Modern genotype arrays or imputed panels often contain
hundreds of thousands to millions of Single Nucleotide Polymorphisms (SNPs), while the
number of phenotyped individuals typically ranges from hundreds to a few thousand. This
“large p, small n” regime leads to weak identifiability, severe multiple testing burdens, and
unstable model selection.

Beyond association mapping, genomic prediction seeks to estimate phenotypic trait values
from genome-wide marker data and plays a central role in breeding and selection programs
[2]. While the term is sometimes used strictly for genomic estimated breeding value (GEBV)
prediction, we use it here in the broader sense common in plant genomics: the prediction
of phenotypic traits directly from SNP data. Traditional GWAS approaches rely heavily
on linear mixed models and penalized regression techniques due to their computational
stability and interpretability. Tools such as PLINK support efficient genotype handling and
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univariate association testing at scale [3], while TASSEL provides widely used pipelines and
benchmark datasets tailored to plant genetics [4]. For genomic prediction of phenotypes,
sparse regression methods such as the lasso and elastic net remain popular because they
scale well and yield interpretable feature subsets [5-7]. However, these approaches are
fundamentally linear and cannot explicitly model nonlinear interactions or epistatic effects.

Deep neural networks offer the representational capacity to capture complex nonlinearities
and interactions among genetic variants. Deterministic architectures such as convolutional
and residual networks have been successfully applied in genomics, often leveraging local
structure along ordered variants [8, 9]. Interpretation in these models commonly relies on
saliency based attribution methods to identify influential SNPs [10]. Despite their expressive
power, deep models remain difficult to train reliably in small-sample genomic settings and
are highly sensitive to architectural design and regularization choices.

Bayesian Neural Networks (BNNs) provide a principled probabilistic alternative by plac-
ing distributions over network weights and producing predictive uncertainty estimates rather
than point predictions [11, 12]. This uncertainty awareness is particularly valuable in ge-
nomics, where downstream decisions often depend on confidence as much as accuracy. Gradi-
ent based Markov Chain Monte Carlo methods, notably Hamiltonian Monte Carlo (HMC)
[13] and the No U Turn Sampler (NUTS) [14], have made posterior inference in BNNs
tractable for differentiable models. Modern probabilistic programming frameworks such as
NumPyro further enable scalable inference on accelerator hardware [15]. In this context,
distinguishing epistemic uncertainty arising from limited data from aleatoric noise inherent
to the phenotype is critical for model interpretation [16].

Despite these advances, BNNs in genomics are often treated as black box models. In
practice, their performance and uncertainty calibration are strongly influenced by modeling
and inference choices. Architectural decisions such as activation smoothness, network depth,
and feature dimensionality directly affect posterior geometry and the efficiency of HMC
exploration. Poor choices can lead to slow mixing and unreliable uncertainty estimates,
particularly in the large p, small n regime.

This paper studies a practical optimization pathway for Bayesian neural networks in ge-
nomic prediction. We investigate how upstream SNP selection and downstream architectural
design interact with Hamiltonian Monte Carlo inference to shape predictive accuracy and
uncertainty behavior. Under a consistent experimental protocol, we benchmark three model
classes: a deterministic deep residual network baseline, a standard Bayesian neural network
with default settings, and an optimized Bayesian neural network obtained through targeted
architectural tuning. We report predictive performance alongside uncertainty diagnostics
that reveal typical failure modes in small-sample genomics. Overall, our contribution is a
controlled end-to-end evaluation that isolates the roles of feature selection, model capac-
ity, and activation function smoothness in determining posterior exploration quality and
predictive accuracy.

2. Methods

2.1. Data Preprocessing

A Single Nucleotide Polymorphism (SNP) is a genomic position where individuals may
differ by one nucleotide base (A, C, G, or T). For diploid species such as those studied here,
each individual carries two homologous copies of the genome, and the genotype at a SNP
consists of two alleles, one from each chromosome. In PLINK .ped files, these genotypes are
stored explicitly as allele pairs (two columns per SNP). A SNP is biallelic when, across the
study population, only two distinct alleles are observed at that locus. This is the dominant
case for array based genotyping and yields a simple representation for downstream modeling.



Genotypes are represented as an N X P matrix, where N is the number of samples and
P is the number of SNPs. Starting from PLINK compatible PED/MAP inputs, allele pairs are
converted into a numeric additive encoding based on alternate allele count. Concretely, for
each SNP we assign one allele as the reference and the other as the alternate, and encode each
sample as 0, 1, or 2 corresponding to ref/ref, ref/alt, or alt/alt, respectively. Missing
genotype calls are retained as missing values during parsing and subsequently imputed per
SNP. All parsing, filtering, and recoding operations follow PLINK style handling to ensure
consistent allele labeling and quality control [3].

Phenotypes are standardized to zero mean and unit variance using statistics computed
on the training data only. All preprocessing steps are applied identically across datasets
and model classes to ensure that differences in performance reflect modeling choices rather
than pipeline differences.

2.2. Feature Selection Strategies

Because full genome inference with Bayesian neural networks is computationally expen-
sive, we reduce dimensionality prior to Bayesian training using established feature selection
approaches from statistical genetics and high-dimensional regression. We implement and
evaluate two widely used families of methods.

The first family is univariate filtering based on classical association testing. For contin-
uous traits, we compute a per SNP analysis of variance statistic and rank variants by their
marginal association with the phenotype [17]. This approach is computationally efficient
and has long been used as a screening step in GWAS pipelines, but it does not model joint
effects, linkage disequilibrium, or interactions among variants [1].

The second family is sparse linear selection using penalized regression. We use the elastic
net, which combines the L; penalty of the lasso [5] with the Ly penalty of ridge regression
[18], and has been widely adopted for high-dimensional problems with correlated predictors
[6]. The objective is

lly = XBI2 + MlIBll: + Xall8I3: (2.1)

The L; term encourages sparsity by driving many coefficients to exactly zero, while the Lo
term stabilizes estimation under multicollinearity and promotes grouped selection among
correlated SNPs, which is common under linkage disequilibrium [6]. Recent work has val-
idated the effectiveness of LASSO-based selection for SNP identification in plant genomes
and demonstrated complementary strengths relative to classical GWAS filtering [19, 20].

2.3. Baseline Comparison Models

We describe two baseline models that serve as reference points for the proposed optimized
BNN.

2.3.1. Baseline CNN (Deterministic ResNet)

As a frequentist baseline, we use a deterministic 1D convolutional residual network
(ResNet) previously applied to SNP-based phenotype prediction [9, 12]. We use the same
architecture with matched preprocessing and cross-validation splits.

The network treats the ordered SNP sequence as a 1D signal and applies a lightweight
residual block to capture local haplotype level patterns while maintaining stable optimization
through a skip connection. Concretely, the main path applies two Conv1D layers (kernel sizes
4 and 20) followed by dropout, while the shortcut path applies a ConvlD layer (kernel size
4) directly to the input. The block output is formed by elementwise addition, y = F(z) +x,
which mitigates vanishing gradients in deeper compositions [8]. A final Conv1D layer refines
the merged features before flattening and a single regression output layer.



For the regression head, we use the Inverse Square Root Unit (ISRU) activation,

x
ISRU(z) o

which is a smooth bounded nonlinearity designed to keep outputs and gradients well-behaved
in regression settings [21]. The model is trained with Adam and mean squared error loss,
and regularized using dropout and L, weight decay. Because the model is deterministic, it
produces point predictions only and does not provide intrinsic uncertainty estimates, which
is a limitation in small-sample genomic regimes.

2.3.2. Baseline BNN

As a probabilistic baseline, we use a standard BNN configuration that mirrors common
implementations for genomic prediction and uncertainty estimation from SNP data [22].
We retain the same inference backbone (NumPyro with HMC via NUTS) while keeping the
model architecture intentionally simple, representing a naive BNN without domain-specific
tuning [13-15].

Architecture. The network is a fully connected feedforward model with two hidden
layers of width 32, followed by a single regression output. All weights and biases are treated
as latent random variables with independent Gaussian priors, and the observation noise
is modeled with a positive prior, matching common default choices in Bayesian regression
networks.

Activation. Hidden layers use the Rectified Linear Unit (ReLU), f(z) = max(0,z) [23].
ReLU is piecewise linear with a non-differentiable kink at zero and flat regions for negative
inputs. In gradient-based Markov Chain Monte Carlo (MCMC), such nonsmooth geometry
can reduce sampler efficiency by forcing smaller step sizes and increasing the risk of slow
exploration, particularly in high-dimensional posteriors [13, 14].

Inference. Posterior inference is performed with the No U Turn Sampler (NUTS), the
same HMC based sampler used for the optimized BNN in this work, so that performance dif-
ferences are driven by architectural choices rather than by changing the inference algorithm
[14]. The NumPyro implementation follows standard practice for sampling BNN weight
posteriors with NUTS [15].

2.4. Optimized Bayesian Neural Network (Proposed)

We model the phenotype y given genotype vector = using a feedforward network with L
hidden layers:

y= f(z;0) + e, e ~N(0,0%), (2.2)
where 6 includes weights and biases. Priors are placed on weights and biases:
w~ N(0,72), b~ N(0,72), (2.3)

with 7, and 73, fixed to encourage mild shrinkage [11]: 7, = 0.1 for input-to-hidden weights,
Tw = 0.5 for hidden-layer weights, and 7, = 1.0 for all biases. Posterior inference is performed
with Hamiltonian Monte Carlo using the No U Turn Sampler [14]. The implementation
utilizes NumPyro for accelerated automatic differentiation and MCMC execution [15]. We
use smooth activation functions, specifically GELU [24] and Leaky ReLU [25], to maintain
robust gradient flow for the HMC sampler.

2.5. Hyperparameter Summary

Table 1 summarizes the key hyperparameters across all three model configurations and
identifies which were held fixed versus tuned in the optimization study.



Hyperparameter Det. ResNet Baseline BNN Optimized BNN
Architecture type Conv. ResNet FC, 2 layers FC, 2-3 layerst
Units per layer N/A 32 32-2561
Activation ISRU ReLU GELU / Leaky ReL Ut
Inference Adam NUTS NUTS
Feature budget (SNPs) 400 400 400

Weight prior N/A Gaussian Gaussian
Regularization Dropout + L2 N/A N/A

Table 1. Hyperparameter configurations across model classes. TDenotes parameters var-
ied during the optimization study. FC = fully connected feedforward network.

3. Experiments and Results
3.1. Datasets

We evaluate the proposed pipeline on three distinct plant datasets to assess the consis-
tency of the findings across species and traits.

(1) Tassel (Ear Height): This dataset is distributed with the TASSEL software as
tutorial data [4]. After quality control, the dataset contains N = 282 individuals
and P = 54,488 biallelic SNPs. Ear Height is a continuous trait ranging from 68.3
to 182.7. Variants are filtered using a minor allele frequency (MAF) threshold of
0.05.

(2) Arabidopsis (FT10): Flowering time of Arabidopsis thaliana accessions at 10°C,
from the 1,135 genomes project [26] and the AraPheno database [27]. After filtering:
N = 1,050 individuals, P = 194,000 SNPs.

(3) Foxtail Millet (TSLL): The Top Second Leaf Length (TSLL) phenotype is a
growth-related trait in Setaria italica. We utilize the millet dataset, which includes
N = 827 diverse cultivars and P = 120,000 high quality SNPs after preprocessing
[28].

3.2. Experimental Setup

To ensure the robustness and generalizability of our results, all experiments are conducted
using five-fold cross-validation. For each dataset, the samples are randomly partitioned into
five equal-sized folds. In each iteration, four folds are used for model training and feature
selection, while the remaining fold is reserved for testing. This process is repeated five times,
such that each fold serves as the test set exactly once. We report the mean and standard
deviation of the performance metrics across these five folds.

For Bayesian models, we perform posterior inference using MCMC, a family of algorithms
that generates dependent samples from the posterior distribution by constructing a Markov
chain whose stationary distribution is the target posterior. We use the No U Turn Sampler
(NUTS), an adaptive variant of Hamiltonian Monte Carlo that leverages gradient informa-
tion to efficiently explore high-dimensional posteriors and automatically tunes its trajectory
length to avoid inefficient random walk behavior [14]. Each run includes a warmup phase
followed by posterior sampling; during warmup, NUTS adapts the step size and estimates
a mass matrix used to improve sampling efficiency [14]. Feature budgets are held constant
within each comparison to maintain consistency across phenotypes.
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Figure 1. Comparison of downstream BNN performance (R?) using ANOVA versus Elas-
tic Net feature selection across Tassel (Ear Height), Arabidopsis (FT10), and Millet
(TSLL) datasets. ANOVA selection consistently provides a more informative subset for
the BNN, except in the case of Arabidopsis where Elastic Net captures joint effects more
effectively.

3.3. Feature Selection Analysis

We evaluate feature selection methods by their downstream impact on Bayesian neural
network (BNN) prediction performance across all three phenotypes. After running ANOVA
and Elastic Net on the full genotype matrix, each method retains a fixed budget of 400
SNPs as the selected feature set, and the same BNN architecture and NUTS settings are
then trained on the selected subset. This protocol isolates the effect of feature selection
while holding the predictor and inference procedure constant.

We compare the downstream performance of ANOVA filtering versus Elastic Net selection
across all three phenotypes in Figure 1. While ANOVA selection is generally superior, we
observe that Elastic Net selection outperforms ANOVA for the Arabidopsis (FT10) dataset
(R? = 0.658 vs. R? = 0.640). This anomaly likely arises because the FT10 phenotype is
known for having a complex polygenic architecture with many small effect variants in high
linkage disequilibrium. The multivariate nature of Elastic Net’s penalty likely captured
these joint effects more effectively than the marginal ANOVA ranking, which treats each
SNP independently.

As summarized in Figure 1, univariate ANOVA selection yields the strongest results for
Tassel and Millet, while Elastic Net based selection is superior for Arabidopsis.

3.4. Activation Function Comparison

The choice of activation function proved to be the most critical architectural decision.
Figure 2 presents a comprehensive comparison of predictive performance (R?) across all
three phenotypes. Smooth activations such as GELU and Leaky ReLU consistently achieve
higher accuracy compared to standard ReLLU and Tanh in most cases. However, we observe
that Tanh marginally outperforms ReLU for the Millet (TSLL) phenotype (R? = 0.525 vs.
R? = 0.512). This likely occurs because the TSLL phenotype in this dataset exhibits a
distribution with limited variance at the extremes; the saturating property of Tanh may
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Figure 2. Comparison of BNN predictive performance (R?) across activation functions
for Tassel (Ear Height), Arabidopsis (FT10), and Millet (TSLL) datasets. While GELU
is generally superior, Tanh shows competitive performance on specific phenotypes like
Millet TSLL.
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Figure 3. Posterior predictive diagnostics across phenotypes. Points represent individual
test samples, with color intensity indicating predictive uncertainty (standard deviation).
The BNN captures the linear trend effectively across all three datasets, with uncertainty
generally increasing for difficult-to-predict outliers.

act as an implicit regularizer, preventing extreme gradient values from destabilizing the
posterior sampling.

3.5. Uncertainty Diagnostics

A key advantage of our BNN is the ability to quantify uncertainty consistently across
diverse phenotypes. Figure 3 visualizes the posterior predictive performance and associated
uncertainty for Tassel (Ear Height), Arabidopsis (FT10), and Millet (TSLL) datasets.

Predictive uncertainty correlates with error magnitude across all three datasets: points
further from the diagonal tend to have higher predictive standard deviations. This suggests
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Figure 4. Overall model comparison (R2?) across Tassel (Ear Height), Arabidopsis
(FT10), and Millet (TSLL) datasets. The optimized BNN generally outperforms the
baselines, though the baseline BNN remains competitive on specific datasets.

that the model captures uncertainty trends relevant for decision making in diverse genomic
contexts.

3.6. Overall Model Comparison

We conducted a comprehensive comparison between the deterministic ResNet, the base-
line BNN, and the optimized BNN across all three phenotypes; Figure 4 visualizes the per-
formance gap and Table 2 summarizes mean test R? and standard deviation from five-fold
cross-validation.

Phenotype Deterministic ResNet Baseline BNN Optimized BNN
Tassel (Ear Height) 0.534 £ 0.021 0.592 £ 0.015 0.678 £+ 0.012
Arabidopsis (FT10) 0.482 £ 0.025 0.625 + 0.018 0.614 £+ 0.014
Millet (TSLL) 0.512 £ 0.023 0.564 £ 0.019 0.645 £+ 0.011

Table 2. Mean test R? and standard deviation from five-fold cross-validation across three
phenotypes.

As shown in Table 2, the optimized BNN achieves the highest predictive accuracy for the
Tassel and Millet datasets. For Arabidopsis (FT10), the baseline BNN and optimized BNN
achieve comparable performance (R? = 0.625 & 0.018 vs. R? = 0.614 £ 0.014), a difference
that falls within the range of cross-validation variance and should not be interpreted as
a meaningful advantage for either model. This suggests that the higher capacity of the
optimized architecture may not benefit all genetic contexts, and that simpler architectures
can generalize as robustly in certain settings. Despite these local variations, the targeted
architectural optimizations in the proposed BNN yielded the most substantial gains on
average.



3.7. Impact of Architecture Depth and Width on Tassel

To characterize how depth and width influence BNN behavior, we ran a focused sweep
on the Tassel (Ear Height) tutorial dataset, which is the smallest of the three datasets
and thus the most sensitive to architectural capacity. Given the high-dimensionality of
the input relative to the sample size, we restricted the neuron count to reasonable limits.
Table 3 reports the outcomes for this sweep. Shallow networks consistently underfit, while
deeper networks show diminishing returns and increased computational cost. A moderate
depth network with two to three layers provides the strongest and most stable performance
on Tassel, motivating the depth range used for the optimized BNN in the cross-dataset
comparison above.

Hidden layers Units per layer Tassel R? Coverage 95

1 32 0.584 0.812
1 64 0.621 0.842
2 128 0.676 0.861
3 256 0.679 0.866
4 256 0.662 0.853

Table 3. Effect of depth and width on Bayesian neural network performance and empir-
ical coverage of nominal 95% posterior predictive intervals on the Tassel (Ear Height)
dataset. This sweep was performed on Tassel only to guide the depth and width range
used for the optimized BNN in the cross-dataset comparison.

4. Discussion

The experiments across three distinct plant datasets demonstrate that although Bayesian
methods are well suited to small data regimes in principle, strong empirical performance in
practice depends on how well the neural architecture aligns with the inference mechanism.
The results across Tassel (Ear Height), Arabidopsis (FT10), and Millet (TSLL) confirm
that targeted architectural choices materially affect posterior geometry and the efficiency of
gradient-based sampling. In particular, smooth activations such as GELU generally improve
Hamiltonian Monte Carlo behavior, leading to more reliable posterior exploration. However,
the observation that Tanh performed competitively on the Millet dataset suggests that
saturation properties can occasionally act as beneficial regularizers for specific phenotype
distributions. Similarly, the comparable performance of the baseline BNN and optimized
BNN on the Arabidopsis dataset, with overlapping cross-validation intervals, indicates that
simpler architectures can be equally competitive in certain genetic contexts.

The evaluation using five-fold cross-validation provides a robust estimate of model per-
formance and its variability. The comparison against the deterministic ResNet baseline
highlights the difficulty of applying standard deep learning in high-dimensional genomics.
Bayesian treatment of weights provides an implicit, data-dependent form of regularization
that reduces sensitivity to spurious correlations, though the optimal degree of model com-
plexity remains data-dependent.

5. Conclusion

This paper presented an empirical optimization study for Bayesian neural networks across
multiple genomic prediction tasks. We demonstrated that a deterministic ResNet baseline
generally underperforms compared to Bayesian approaches in small-sample regimes. By
tuning feature selection, model capacity, and activation function design, we achieved supe-
rior test performance across the majority of species and traits studied. Under five fold cross
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validation, the proposed pipeline consistently outperformed baselines on average, while re-
vealing that specific phenotypes may favor simpler models or alternative selection strategies.
These results underscore that for high-dimensional genomic data, probabilistic modeling is
most effective when paired with architectures that support efficient posterior exploration
while maintaining robust generalization across diverse species and traits.

6. Future Work

Several directions remain open. First, extending the depth and width sweep to the Ara-
bidopsis and Millet datasets would clarify whether the moderate depth range identified
on Tassel transfers to larger sample sizes and more polygenic traits. Second, the present
study treated feature selection and BNN training as two sequential stages; jointly learning
SNP relevance within the Bayesian model, for example through sparsity inducing priors or
structured shrinkage on input weights, may further improve calibration and interpretability.
Third, richer uncertainty diagnostics such as posterior predictive checks and per SNP attri-
bution under the Bayesian posterior would connect predictive performance to biologically
meaningful interpretation. Finally, scaling the pipeline beyond a 400 SNP budget toward
genome-wide inputs, potentially through variational approximations or stochastic gradient
HMC, is a natural next step for applying Bayesian neural networks to production breeding
pipelines.
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