Deep Sequence Model for Genome Wide Discovery of Coding and Regulatory
Element Signatures

Rayhaneh Shabani Nia
University of California, Davis

rshabaninia@ucdavis.edu

Abstract

Deep neural networks achieve strong performance in ge-
nomic sequence classification, yet the mechanisms underly-
ing their predictions remain difficult to interpret. This study
presents a compact convolutional neural network (CNN)
combined with post hoc gradient-based analysis to identify
sequence positions that drive discrimination between cod-
ing and intergenomic regions. Evaluated on the standard-
ized Demo Coding vs Intergenomic Sequences dataset, the
proposed model attains 91.87% validation accuracy while
maintaining architectural simplicity. Gradient-based im-
portance analysis reveals nine consistently high-saliency
regions across sequences. Clear class-specific separation
emerges at positions 20—100 for coding sequences and 150—
190 for intergenomic sequences. A mean—variance correla-
tion of r = 0.530 indicates stable and discriminative posi-
tional signals rather than random fluctuations.

The results demonstrate that lightweight neural architec-
tures can capture biologically meaningful structure without
explicit annotations. These findings support the view that
predictive accuracy and interpretability can coexist in ge-
nomic sequence modeling, enabling hypothesis-driven bio-
logical investigation.

1. Introduction

Distinguishing coding sequences from intergenomic re-
gions remains one of the fundamental challenges in compu-
tational genomics. Although protein-coding regions com-
prise only 1-2% of the human genome, their precise iden-
tification has broad implications, from genome annotation
to disease variant interpretation. Traditional approaches
rely on sequence homology, codon usage bias, and prob-
abilistic frameworks such as hidden Markov models. While
effective, these methods are constrained by predefined as-
sumptions and may fail to capture context-dependent regu-
latory structure. Deep learning has substantially reshaped
this landscape. Rather than relying on handcrafted fea-
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tures, neural networks learn representations directly from
raw sequence data, achieving strong performance in reg-
ulatory and gene expression prediction tasks [1]. How-
ever, interpretability has not progressed at the same pace.
When model predictions inform biological hypotheses or
experimental design, it is essential to understand which nu-
cleotides drive decisions and how positional context influ-
ences classification. Gradient-based attribution provides a
principled mechanism for quantifying input sensitivity [7].
Although early saliency methods were noisy, stabilization
techniques such as SmoothGrad and saliency-guided train-
ing have improved attribution reliability [3—5]. Their sys-
tematic application to coding sequence classification, how-
ever, remains limited.

We address this gap with three contributions. First,
we demonstrate that gradient-based analysis recovers bio-
logically meaningful patterns, including codon periodicity
and localized signals consistent with splice-site and trans-
lation initiation structure. Second, we introduce aggre-
gation strategies across samples, nucleotide channels, and
class labels to characterize shared positional organization
and class-specific signatures. Third, we show that a com-
pact CNN achieves 91.7% accuracy on the Genomic Bench-
marks dataset [2] while preserving interpretable struc-
ture. Together, these results provide a reproducible frame-
work that connects predictive modeling with biologically
grounded interpretation.

2. Related Work

2.1. Deep Learning in Genomics

Deep learning has substantially advanced genomic se-
quence analysis. Convolutional models have been shown to
learn sequence motifs directly from raw DNA [1], enabling
regulatory prediction at single-nucleotide resolution [11].
Hybrid architectures and attention-based models further ex-
tend this capability to capture longer-range dependencies
and distal interactions [6]. Although these models learn
informative sequence representations, the specific features
driving their predictions remain difficult to interpret.



2.2. Gradient-Based Attribution

To examine model sensitivity, gradient saliency measures
the change in prediction with respect to the input:
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This quantity reflects how strongly each input position in-
fluences the class score. While computationally efficient,
raw gradients may exhibit noise or saturation [8], motivat-
ing stabilized variants such as Integrated Gradients [10] and
SmoothGrad [9].

2.3. Application to Genomic Sequences

In genomic data, sequences are discrete and position-
dependent, requiring careful aggregation of attribution
scores. Using the Genomic Benchmarks dataset [2], we
adapt gradient-based analysis to compute positional statis-
tics and class-wise differences, enabling structured compar-
ison between coding and intergenomic regions.

3. Methodology

3.1. Dataset and Task Formulation

We study Dbinary classification of coding ver-
sus  intergenomic DNA  sequences using the
demo_coding_vs_intergenomic_seqs dataset from Ge-
nomic Benchmarks [2]. The dataset contains 100,000
sequences of fixed length L = 200, evenly divided between
coding transcript regions and non-coding intergenomic
regions. A 75-25 train—test split is used.
Each sequence is represented as

z; € {A,T,G,C,NY},

x = [z1,...,21],

and a classifier fy predicts y € {0, 1} using binary cross-
entropy loss.

3.2. Model Architecture

We employ a compact 1D CNN to capture local sequence
structure. Nucleotides are mapped to 128-dimensional em-
beddings, followed by three convolutional layers (kernel
size 8; 32, 16, and 4 channels). Each layer includes batch
normalization, ReLU activation, and max-pooling (stride
2), enabling hierarchical extraction of motif-level features.
The resulting features (approximately 200 after flatten-
ing) are passed through a 512-unit fully connected layer
with 0.3 dropout, followed by a two-logit output layer.

3.3. Gradient-Based Importance Analysis

To interpret predictions, gradients are computed with re-
spect to input embeddings:
dfg(x)y
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where E(x) € RE*? with d = 128.
Position-level importance is defined as
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which aggregates sensitivity across embedding dimensions.

3.4. Positional Importance Analysis

Across N = 1,000 sequences, positional statistics are com-
puted as
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are considered high-importance regions.

3.5. Class-Specific Importance Comparison

For each class ¢ € {0, 1}, average importance vectors ft,
are computed using 250 sequences. The difference
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highlights coding-specific regions (§ >
intergenomic-specific regions (§ < 0).
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4. Results

4.1. Model Performance

The proposed SimpleSaliencyCNN achieves strong perfor-
mance on the coding versus intergenomic classification
task. Despite containing only 91,145 parameters, the
model attains a validation accuracy of 91.87%. As shown
in Table 1, performance is comparable to larger sequence
models while maintaining substantially lower complexity.

Method Validation Accuracy
SimpleSaliencyCNN (Ours) 91.87%
HyenaDNA 91.31%

Table 1. Validation accuracy comparison.

4.2. Gradient-Based Positional Analysis

Gradient-based importance scores were computed over
1,000 sequences to examine positional sensitivity. The
aggregated profile (Figure 2) reveals two consistent high-
importance regions around 20-40 and 160-190.
Class-wise comparison (Figure 3) shows distinct con-
centration patterns: coding sequences exhibit elevated im-
portance across 20-100, whereas intergenomic sequences
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Figure 1. Mean vs. standard deviation of positional importance.
Red stars highlight top 25% positions.

emphasize 150-190. The mean—variance relationship (Fig-
ure 1) displays a positive correlation (r = 0.530), indicat-
ing that positions with higher average influence also exhibit
greater variability across samples.
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Figure 2. Positional mean importance with confidence bands.
Nine positions exceed the 75th percentile threshold.
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4.3. Biological Interpretation

The positional patterns align with established structural
properties of genomic sequences. Periodic importance in
coding regions likely reflects reading-frame organization,
whereas localized peaks in intergenomic regions may in-
dicate enrichment of regulatory motifs. The clear separa-
tion between classes suggests that the model captures sys-
tematic positional and compositional differences rather than
isolated sequence artifacts.

5. Conclusion

This study demonstrates that a compact CNN achieves
91.87% validation accuracy on coding versus intergenomic
classification while preserving interpretability through
gradient-based analysis. Distinct class-specific positional
signatures emerge, with coding regions emphasizing posi-
tions 20—100 and intergenomic regions 150-190. The pos-
itive mean—variance correlation (r = 0.530) indicates sta-
ble and discriminative positional signals rather than noise.
Together, these findings show that lightweight neural archi-
tectures can uncover structured biological patterns without
sacrificing predictive performance.
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