
	 Global Journal of Basic Science               ISSN: 3049-3315  
Review 

Deep learning approaches for integrative genomic and 
epigenomic data analysis 
Heikham Russiachand Singh 1* 

1	 Department of Plant Science, McGill University, Raymond Building, 21111, Lakeshore Road, Ste. Anne de Bellevue, Quebec, Canada. 
*	 Correspondence: heikham.singh@mcgill.ca (H.R.S.) 

Abstract: Advances in high-throughput sequencing technologies have enabled the comprehen-
sive profiling of genomic and epigenomic landscapes across diverse biological systems. However, 
the massive scale, heterogeneity, and complexity of multi-omics datasets pose significant compu-
tational challenges. Deep learning has emerged as a transformative approach for extracting 
meaningful patterns from large-scale genomic and epigenomic data, enabling improved prediction 
of gene regulation, chromatin architecture, disease associations, and functional genomic ele-
ments. This review provides a comprehensive overview of deep learning methodologies applied to 
integrative genomic and epigenomic data analysis, including convolutional neural networks, recur-
rent neural networks, transformers, graph neural networks, and autoencoders. We discuss ap-
plications in regulatory element prediction, chromatin state modeling, 3D genome organization, 
disease genomics, and personalized medicine. Challenges, interpretability issues, and future per-
spectives for deep learning-driven genomics are also highlighted. 
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1. Introduction 

The genomic sequence represents the canonical blueprint of biological systems, a static yet intricate code composed of billions of 
nucleotide base pairs that encodes the fundamental instructions for life. This linear sequence holds the potential for the vast diver-
sity of cell types and functions observed in complex organisms. However, a critical paradox emerges: every nucleated cell within an 
organism possesses an essentially identical genome, yet they exhibit extraordinary phenotypic diversity, giving rise to neurons, 
muscle cells, hepatocytes, and immune cells with distinct morphologies and functions. This profound disparity between genetic 
uniformity and cellular heterogeneity cannot be resolved by the DNA sequence alone. It is orchestrated by a sophisticated regulato-
ry overlay known as the epigenome—a dynamic and heritable collection of chemical modifications and structural adaptations that 
modulate genomic function without altering the primary nucleotide sequence [1-3].  

The epigenome functions as the genome's operating system, determining which segments of code are executed, silenced, or mod-
ulated in response to developmental cues and environmental stimuli. Its principal mechanisms are multifaceted. DNA methylation, 
the addition of a methyl group to cytosine bases, primarily within CpG dinucleotides, is a classic repressive mark associated with 
stable gene silencing, genomic imprinting, and X-chromosome inactivation. In contrast, histone modifications—including acetyla-
tion, methylation, phosphorylation, and ubiquitination—alter the electrostatic charge and structural configuration of chromatin, the 
complex of DNA and proteins. For instance, histone acetylation generally relaxes chromatin to promote transcription, while specific 
methylation patterns (e.g., H3K9me3, H3K27me3) can establish facultative heterochromatin [2]. The cumulative effect of these 
marks dictates chromatin accessibility, defining regions of open, transcriptionally permissive euchromatin versus compact, silent 
heterochromatin. Furthermore, the genome is not organized linearly within the nucleus but is folded into a precise three-dimension-
al (3D) architecture. This spatial organization, governed by loop formations, topologically associating domains (TADs), and com-
partmentalization, brings distal regulatory elements like enhancers into physical proximity with their target gene promoters, a ne-
cessity for precise transcriptional control [3]. Together, these epigenetic layers form an integrated regulatory network that dictates 
cellular identity, plasticity, and homeostasis.  

The revolution in high-throughput sequencing technologies has enabled the systematic mapping of these genomic and epigenomic 
features at an unprecedented scale and resolution. Initiatives like the Encyclopedia of DNA Elements (ENCODE) and the In-
ternational Human Epigenome Consortium (IHEC) have generated terabytes of data, including whole-genome sequences, DNA 
methylomes, chromatin accessibility maps (ATAC-seq, DNase-seq), histone modification profiles (ChIP-seq), and 3D interaction 
matrices (Hi-C) [4]. This deluge of multi-modal data presents both an opportunity and a formidable analytical challenge. Traditional 
bioinformatics approaches and classical machine learning models (e.g., support vector machines, random forests) have provided 
foundational insights but are often limited. They typically require manual feature engineering, struggle with the high dimensionality 
and inherent noise of omics data, and are poorly equipped to model the non-linear interactions, long-range genomic dependencies, 
and hierarchical patterns that characterize biological regulation [5].  

In this context, deep learning (DL) (Figure 1), a transformative subfield of artificial intelligence, has emerged as a paradigm-shifting 
analytical framework. Inspired by the structure and function of biological neural networks, DL employs multi-layered (deep) artificial 
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neural networks capable of automatic feature representation learning. Unlike traditional methods, DL models can ingest raw or min-
imally processed data—such as nucleotide sequences or signal coverage tracks—and autonomously learn hierarchical abstrac-
tions, from simple motifs to complex regulatory grammars, directly from the data itself [6]. This capability has driven breakthroughs 
in fields once thought impervious to automation, such as computer vision and natural language processing (NLP). Notably, the ana-
lytical tasks in these fields share conceptual parallels with genomics: interpreting spatial patterns in images is analogous to recog-
nizing sequence motifs and chromatin patterns, while modeling syntax and semantics in language mirrors understanding the regu-
latory grammar of the genome.  Consequently, the integration of deep learning with multi-omics data is forging a new frontier in 
computational biology. By simultaneously analyzing heterogeneous datasets—genomic sequence, epigenetic marks, and 3D con-
formation—DL models offer an unprecedented opportunity to construct unified, predictive models of genome regulation. This inte-
grative approach moves beyond correlation to infer causality, enabling researchers to decode the regulatory logic of cells, predict 
the functional impact of non-coding genetic variants, unravel novel disease mechanisms rooted in epigenetic dysregulation, and 
propel systems biology into a new era of mechanistic and predictive power [7]. This review examines the architectures of deep 
learning models tailored for genomics, their application in integrating and interpreting multi-omics data, the transformative insights 
they have yielded, and the challenges and future directions of this rapidly evolving synergy.

2. Genomic and epigenomic data types 

2.1 Genomic data 

Genomic data provide the fundamental alphabetic sequence of an organism's DNA, serving as the primary template from which all 
biological instructions are derived. The advent of next-generation sequencing (NGS) technologies has transformed this field, 
enabling rapid, cost-effective generation of comprehensive datasets that capture both the consensus sequence and its individual 
variations. Whole-genome sequencing (WGS) delivers a complete, high-fidelity readout of an individual's entire DNA complement, 
typically comprising over 3 billion base pairs in humans. The computational analysis of these sequences focuses on identifying 
variations against a reference genome. These variations include single nucleotide polymorphisms (SNPs), which are single-base 
changes present in a population; small insertions and deletions (indels); copy number variations (CNVs), which are duplications or 
deletions of genomic segments ranging from kilobases to megabases; and complex structural variants (SVs) such as inversions, 
translocations, and complex rearrangements that can dramatically alter genomic architecture [5]. For more targeted and efficient 
analysis, exome sequencing enriches and sequences only the protein-coding regions (exons), which constitute about 1-2% of the 
genome but harbor a majority of known pathogenic variants for Mendelian disorders. Collectively, these genomic datasets form the 
indispensable, albeit static, foundation for human genetics. They enable population-scale studies of genetic predisposition to 
complex traits and diseases, the identification of rare, high-impact variants in monogenic disorders, and the cataloging of somatic 
mutations that accumulate in cancer genomes, driving tumorigenesis and progression [6]. While essential, this one-dimensional 
sequence view is insufficient to explain phenotypic complexity, necessitating the integration of dynamic regulatory information. 

2.2 Epigenomic data 

Epigenomic data capture the dynamic and cell-type-specific regulatory annotations superimposed on the static DNA sequence, 
effectively charting the "active" regions of the genome and their spatial relationships. A sophisticated suite of assays, often coupled 
with NGS, generates high-resolution maps of these features. Chromatin Immunoprecipitation followed by sequencing (ChIP-seq) is 
a cornerstone technique that uses antibodies to immunoprecipitate DNA bound by specific proteins. It is used to map the genome-
wide occupancy of transcription factors, co-activators, or RNA polymerases, and to profile the location of specific histone 
modifications. For instance, trimethylation of histone H3 at lysine 4 (H3K4me3) marks active promoters, while acetylation of H3 at 
lysine 27 (H3K27ac) is a hallmark of active enhancers and promoters [7]. To profile the chromatin landscape more broadly, assays 
like DNase I hypersensitivity sequencing (DNase-seq) and Assay for Transposase-Accessible Chromatin using sequencing (ATAC-
seq) identify regions of open, nucleosome-depleted chromatin. These accessible regions are universally indicative of cis-regulatory 
elements, including promoters, enhancers, and insulators, providing a snapshot of the genome's regulatory potential in a given cell 
state [8]. 

Beyond accessibility and protein binding, the covalent modification of DNA itself is a key epigenetic mark. Bisulfite sequencing 
treats DNA with sodium bisulfite, which converts unmethylated cytosines to uracil (read as thymine during sequencing) while 
leaving methylated cytosines unchanged. This allows for base-pair-resolution mapping of DNA methylation, predominantly at CpG 
dinucleotides. Dense methylation in gene promoters is typically associated with stable transcriptional repression, playing critical 
roles in X-chromosome inactivation, genomic imprinting, and silencing of transposable elements [9]. 

Perhaps the most structurally informative data type comes from techniques that probe the three-dimensional (3D) architecture of 
the genome. Hi-C and its derivatives are high-throughput chromosome conformation capture methods that chemically crosslink 
spatially proximal DNA segments, then sequence them to generate a genome-wide interaction matrix. This data reveals higher-
order organizational features such as chromatin loops that connect enhancers to promoters, topologically associating domains 
(TADs) which are self-interacting genomic neighborhoods that constrain regulatory interactions, and larger compartmentalization 
into active (A) and inactive (B) regions [10]. Collectively, these complementary epigenomic datasets—capturing protein binding, 
chromatin accessibility, DNA modification, and 3D folding—illuminate the complex, multi-layered regulatory landscape that 
dynamically controls the precise spatiotemporal patterns of gene expression. 

3. Deep learning architectures for genomics and epigenomics 

3.1 Convolutional Neural Networks (CNNs) 
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Convolutional Neural Networks (CNNs), originally designed for image recognition, have become a foundational architecture in 
genomic deep learning due to their exceptional ability to detect local, translation-invariant patterns. Inspired by visual processing, 
CNNs apply a series of learnable filters (or kernels) that convolve across the input data—whether a one-hot encoded DNA 
sequence (A, C, G, T represented in four channels) or a continuous signal track from an epigenomic assay (Figure 1). Each filter 
acts as a motif detector, scanning the sequence to identify specific short, recurring patterns. Through successive convolutional and 
pooling layers, the network builds a hierarchical representation, learning progressively more complex features from simple *k*-mers 
to larger combinatorial regulatory grammars [11]. This mirrors how the cell's machinery recognizes sequence motifs. Pioneering 
work by DeepBind demonstrated that CNNs could predict the sequence specificity of DNA- and RNA-binding proteins directly from 
raw sequence, outperforming traditional position weight matrix methods [12]. Subsequent models significantly expanded this 
capability. DeepSEA used a multi-task CNN to predict the chromatin effects (e.g., transcription factor binding, histone marks) of 
DNA sequence and assess the impact of non-coding variants. DanQ introduced a hybrid architecture, using a CNN to extract local 
motifs and a recurrent layer to capture the long-range context of these motifs, achieving state-of-the-art performance in predicting 
chromatin accessibility and transcription factor binding sites [13]. These successes established CNNs as powerful tools for de novo 
motif discovery and for modeling the local sequence determinants of regulatory function. 

3.2 Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) 

While CNNs excel at capturing local spatial patterns, genomic regulation often involves long-range dependencies where an 
enhancer located tens of kilobases away influences a promoter's activity. Recurrent Neural Networks (RNNs) are a class of neural 

networks explicitly designed for sequential data. They process inputs (e.g., nucleotides) one step at a time, maintaining a hidden 
state vector that acts as a memory of all previous elements in the sequence. This allows them, in theory, to model context and 
dependencies across the entire length of the input. In practice, basic RNNs suffer from the vanishing gradient problem, making it 
difficult to learn long-term dependencies. The Long Short-Term Memory (LSTM) network, a specialized RNN variant, addresses this 
with a more complex cell structure containing input, forget, and output gates that regulate the flow of information, enabling it to 
retain relevant information over much longer sequences [14]. 

In genomics, RNNs/LSTMs are particularly useful for tasks where the order and context of features are paramount. They have 
been applied to model DNA as a biological "language," predicting splice sites, coding potential, and protein-binding residues. A 
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Figure 1. Deep learning approaches for integrative genomic and epigenomic data analysis. This schematic diagram illustrates a comprehensive 
computational framework for integrating genomic and epigenomic datasets using deep learning models. The left panel depicts primary genomic inputs, including 
sparse DNA sequence data and high-throughput sequencing outputs such as whole-genome sequencing and transcriptomic profiles. The right panel highlights 
epigenomic datasets, including histone modification profiles, DNA methylation patterns, chromatin accessibility data (e.g., ATAC-seq), chromatin 
immunoprecipitation sequencing (ChIP-seq), and three-dimensional chromatin interaction data (Hi-C), representing multiple regulatory layers of genome 
function.  At the center, deep learning architectures—including convolutional neural networks (CNNs), recurrent neural networks (RNNs)/long short-term memory 
(LSTM) models, transformers, and autoencoders—are shown as the core analytical engines that learn hierarchical and nonlinear representations from multi-
omics data. These models integrate heterogeneous inputs to capture complex regulatory patterns, sequence features, and epigenomic signatures.  The bottom 
panel summarizes key downstream applications of integrative deep learning in genomics. These include prediction of regulatory elements such as enhancers, 
promoters, silencers, and insulators; chromatin state modeling and epigenetic landscape reconstruction; inference of three-dimensional genome organization 
and chromatin looping interactions; and translational applications in disease genomics and precision medicine, such as biomarker discovery and therapeutic 
target identification.  Overall, the figure highlights the workflow from raw genomic and epigenomic data acquisition to deep learning–based integration and 
biological interpretation, emphasizing the role of artificial intelligence in decoding complex regulatory mechanisms underlying gene expression and disease 
phenotypes.
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powerful strategy involves hybrid CNN-RNN architectures. In such models, a CNN first processes the raw sequence to extract a 
rich set of local, position-invariant features (motifs). These feature maps are then fed into an RNN layer (often an LSTM or 
bidirectional LSTM) that processes them sequentially, learning the spatial relationships and dependencies between the detected 
motifs. This architecture has proven highly effective for tasks like predicting gene expression levels from extended promoter/
enhancer sequences and inferring chromatin states across large genomic windows, as it captures both the "words" (motifs) and the 
"syntax" (their spatial arrangement) of the genomic code [15]. 

3.3 Transformers 

The Transformer architecture, which revolutionized natural language processing (NLP), has brought a paradigm shift to genomic 
deep learning. Its core innovation is the self-attention mechanism, which computes a weighted sum of representations for all 
positions in a sequence when encoding any given position. This allows the model to directly model relationships between any two 
nucleotides in the input, regardless of distance, overcoming the sequential bottleneck and limited effective range of RNNs [16]. For 
genomics, this is a game-changer, as it enables efficient modeling of the interactions between distal regulatory elements (e.g., 
enhancers) and promoters within a single, cohesive model. 

Leveraging this power, models like DNABERT adopt a pre-training strategy analogous to BERT in NLP. They are trained on 
massive corpora of DNA sequences using self-supervised objectives (e.g., masked language modeling), learning rich, context-
aware representations of genomic sequences. These pre-trained models can then be efficiently fine-tuned on specific downstream 
tasks with limited labeled data, such as predicting promoter regions or transcription factor binding sites [17]. The landmark 
Enformer model exemplifies the transformer's potential for integrative prediction. Taking a DNA sequence of up to 200 kilobases as 
input, Enformer uses a transformer-based architecture with attention across the entire span to simultaneously predict thousands of 
experimental tracks, including gene expression (CAGE) and histone modifications, directly from sequence. It accurately captures 
the quantitative effects of distal enhancers and can predict the consequences of sequence variants, demonstrating an 
unprecedented ability to model the cis-regulatory code of entire loci [18]. 

3.4 Autoencoders and Variational Autoencoders (VAEs) 

Autoencoders are neural networks designed for unsupervised learning and dimensionality reduction. They consist of an encoder 
network that compresses high-dimensional input data (e.g., a vector of gene expression values across 20,000 genes) into a low-
dimensional latent representation (or code), and a decoder network that attempts to reconstruct the original input from this code. By 
training to minimize reconstruction error, the autoencoder is forced to learn the most salient and informative features of the data, 
effectively discarding noise [19]. 

Variational Autoencoders (VAEs) introduce a probabilistic framework to this architecture. Instead of learning a single latent code for 
an input, the encoder learns the parameters (mean and variance) of a probability distribution (typically Gaussian) in the latent 
space. A sample is then drawn from this distribution and passed to the decoder. This stochastic process ensures the latent space is 
continuous and structured, allowing for meaningful interpolation and the generation of new, realistic data points by sampling from 
the prior distribution. In the context of multi-omics, VAEs are powerful tools for integrative analysis. Different omics data types 
(genomic variants, DNA methylation, gene expression) from the same sample can be encoded into a shared, low-dimensional 
latent space. This unified representation captures the underlying biological state of the sample, facilitating tasks like identifying 
coherent patient subtypes that span multiple data layers, imputing missing data modalities, and visualizing complex datasets [20]. 

3.5 Graph Neural Networks (GNNs) 

Biological knowledge and data are inherently relational, forming complex networks—genes regulate each other, proteins interact, 
and genomic loci contact one another in 3D space. Graph Neural Networks (GNNs) are a family of deep learning models 
specifically engineered to operate on graph-structured data. A graph is defined by a set of nodes (entities, e.g., genes, genomic 
bins) and edges (relationships, e.g., regulatory interactions, physical proximity) [21]. The fundamental operation of a GNN is 
message passing: each node aggregates feature information from its neighboring nodes, updates its own representation based on 
this aggregated context, and this process is repeated over several layers. This allows nodes to incorporate information from their 
local network neighborhood. 

This architecture is exquisitely suited for analyzing 3D genome organization data. A Hi-C contact map can be treated as a graph 
where nodes are genomic bins and weighted edges represent interaction frequencies. GNNs can take this graph, along with node 
features like sequence or epigenetic marks, and perform tasks such as predicting the strength of unobserved chromatin loops, 
classifying genomic loci as TAD boundaries, or predicting how a structural variant might rewire the 3D interactome [22]. Beyond 3D 
genomics, GNNs can model gene regulatory networks (with genes as nodes and regulatory edges), protein-protein interaction 
networks, and single-cell data (where cells are nodes and edges are based on similarity). This enables truly integrative analysis 
that combines the rich feature information of nodes (from genomics/epigenomics) with the topological structure of their interactions. 

4. Integrative multi-omics data analysis 

A central challenge and opportunity in modern biology is the integration of multi-omics data—genomics, epigenomics, 
transcriptomics, proteomics—to construct a unified, systems-level understanding of cellular state and disease mechanisms. Deep 
learning provides uniquely flexible frameworks for this integration, moving beyond simple concatenation of data vectors. 
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One powerful approach is the design of multi-modal (or multi-view) neural network architectures. These models are constructed 
with separate, specialized input branches, or "towers," for each data modality. For example, one branch might be a CNN for 
processing DNA sequence, another a CNN for ATAC-seq signal tracks, and a third for RNA-seq expression vectors. Each branch 
learns features tailored to its data type. Their outputs are then fused in a shared, deeper layer of the network—through 
concatenation, summation, or more complex attention-based mechanisms—where the model learns the non-linear relationships 
between modalities to make a joint prediction (e.g., disease subtype or drug response) [23]. This allows the model to leverage 
complementary information; the sequence might provide causal variants, the chromatin accessibility their regulatory context, and 
the transcriptome the functional outcome. 

A complementary strategy is joint representation learning, often implemented with autoencoders or similar models. Here, the goal is 
to learn a single, shared latent space where samples (e.g., patient tumors) are positioned based on their integrated biological 
similarity across all data types. Variational Autoencoders (VAEs) are frequently used for this, as their structured latent space 
facilitates downstream tasks. Once a unified representation is learned, it can be used for clustering to discover novel molecular 
subtypes, visualization, or as input to simpler models for prediction[24]. These integrative deep learning models offer significant 
advantages: they enhance predictive robustness by basing decisions on converging evidence from multiple data layers, improve 
accuracy for complex phenotypes, and, crucially, can yield novel biological insights by revealing which specific combinations of 
genomic and epigenomic features are most predictive, thereby highlighting key regulatory circuits and potential therapeutic targets. 

5. Applications of deep learning in genomic and epigenomic research 

5.1 Regulatory element prediction 

A foundational and highly successful application of deep learning in genomics is the de novo identification and functional 
characterization of cis-regulatory elements (CREs). These non-coding DNA sequences, including promoters, enhancers, silencers, 
and insulators, control the precise spatial and temporal expression of genes. Traditional methods for CRE discovery relied heavily 
on evolutionary conservation or the presence of known transcription factor binding motifs, approaches that can miss lineage- or 
species-specific regulators and lack contextual precision. Deep learning models, particularly Convolutional Neural Networks 
(CNNs) and more recently Transformers, overcome these limitations. Trained on vast datasets pairing DNA sequence with 
experimental epigenomic annotations (e.g., ChIP-seq for histone modifications, ATAC-seq for accessibility), these models learn the 
complex, combinatorial sequence "grammar" that defines different classes of regulatory elements [25]. 

For instance, a model can be trained not only to identify an enhancer region but to classify its functional state—such as active 
(marked by H3K27ac), poised (marked by H3K4me1 alone), or repressed (marked by H3K27me3)—directly from sequence or a 
limited set of input features. This granular prediction dramatically improves the functional annotation of the vast non-coding 
genome. Furthermore, models like DeepSEA and ExPecto can predict the chromatin effects of sequence variants. By comparing 
the model's predictions for reference and alternate alleles at a given genomic position, researchers can score the likely regulatory 
impact of non-coding single nucleotide polymorphisms (SNPs), providing a powerful tool for prioritizing disease-associated variants 
from genome-wide association studies (GWAS) that lie in regulatory regions, a task previously fraught with difficulty [26]. 

5.2 Chromatin state and epigenetic landscape modeling 

The genome is packaged into chromatin, which exists in a finite number of recurrent, functionally distinct chromatin states defined 
by unique combinations of histone modifications, chromatin accessibility, and bound proteins. Manually annotating these states 
across the genome is complex. Deep learning models excel at this integrative classification task. By training on reference 
epigenomic maps (e.g., from the Roadmap Epigenomics or ENCODE projects), models can learn to predict a discrete chromatin 
state (e.g., "active promoter," "weak enhancer," "polycomb-repressed region") for every position in the genome, often using only 
DNA sequence or a subset of experimental data as input [27]. 

Beyond static annotation, these models are powerful for dynamic modeling of epigenetic landscapes. By applying models to time-
series or condition-specific epigenomic data (e.g., during cellular differentiation, in response to a drug, or in disease progression), 
researchers can identify key epigenetic transition points and the sequence features that predict them. This allows for the systematic 
identification of master regulatory regions whose epigenetic state change precedes and potentially drives large-scale transcriptional 
reprogramming, offering mechanistic insights into developmental processes and disease pathogenesis. 

5.3 3D Genome organization 

Gene regulation is a three-dimensional process, where distal enhancers must physically loop to contact their target promoters. 
Deep learning is revolutionizing the analysis of 3D genome architecture data from techniques like Hi-C. One approach uses models 
to predict chromatin interactions directly from one-dimensional sequence and epigenomic features. Models like DeepTACT and 
Orca demonstrate that features such as the binding motifs for architectural proteins (e.g., CTCF, cohesin), chromatin accessibility, 
and histone modifications contain sufficient information to predict the location of chromatin loops and topologically associating 
domain (TAD) boundaries with high accuracy [28]. 

A second, powerful approach employs Graph Neural Networks (GNNs) to analyze the Hi-C contact map itself as a graph. Here, 
nodes represent genomic loci, and edges represent interaction frequencies. GNNs can predict novel loops, classify boundary 
strength, and, most importantly, predict the structural consequences of genomic variants. For example, a model can be used to 
simulate how a deletion, duplication, or point mutation at a CTCF site might alter the local 3D interactome, thereby linking non-
coding structural variants to dysregulated gene expression through a spatial mechanism—a connection virtually impossible to make 
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with linear analysis alone [29]. This is crucial for understanding congenital disorders and cancer, where structural variants are 
common. 

5.4 Disease genomics and biomarker discovery 

Deep learning is accelerating the translation of genomic and epigenomic data into clinical insights. By performing integrative 
analysis on multi-omics profiles from cohorts of patients and healthy controls, deep learning models can identify subtle, multivariate 
patterns that elude conventional analysis. These models are adept at discovering novel disease subtypes with distinct molecular 
etiologies and prognoses, moving beyond histology-based classification. They can also prioritize non-coding driver elements in 
cancer, identifying enhancers that are somatically mutated, amplified, or epigenetically altered to drive oncogene expression, 
expanding the search for therapeutic targets beyond protein-coding genes [30]. 

Furthermore, deep learning enables the derivation of predictive and prognostic biomarkers from complex data. Instead of relying on 
single genes, models can learn robust multi-omics signatures—combinations of mutations, methylation patterns, chromatin 
accessibility shifts, and expression changes—that more accurately predict disease risk, progression, or survival outcome. For 
example, models integrating whole-genome sequencing, DNA methylation, and histopathology images have achieved high 
accuracy in classifying cancer types and predicting patient survival, demonstrating the superior power of integrated, deep learning-
driven biomarkers [31]. 

5.5 Drug response and precision medicine 

The ultimate promise of precision medicine is to match each patient with the therapy most likely to be effective for their specific 
disease molecular profile. Deep learning is key to realizing this vision. Integrative drug response prediction models take as 
input a patient's multi-omics data—germline pharmacogenomic variants, tumor somatic mutation profile, epigenomic state (e.g., 
methylation silencing of a drug target), and transcriptomic signature—and predict sensitivity or resistance to a panel of drugs [32]. 

These models operate on two levels. First, they can be used for in-silico drug screening and drug repurposing. By inputting a 
disease-specific molecular signature (e.g., from a patient's tumor), a model can rank thousands of compounds based on their 
predicted ability to reverse that signature towards a healthy state. Second, they facilitate patient stratification for clinical trials and 
treatment. By identifying the subset of patients whose tumors harbor the molecular features predicted to confer sensitivity to a 
targeted therapy, trials can be enriched for likely responders, increasing success rates and accelerating drug development. This 
approach moves beyond single biomarkers (e.g., EGFR mutation) to embrace the complexity of the tumor's entire molecular 
circuitry [33]. 

6. Challenges and limitations 

Despite its remarkable potential, the deployment of deep learning in genomics and epigenomics is not without significant obstacles. 
A primary constraint is the insatiable data hunger of deep models. State-of-the-art architectures, especially transformers, require 
massive, high-quality, and accurately labeled datasets for training to achieve generalizability. For many rare diseases, specific 
cellular states, or newly developed epigenomic assays, such datasets are simply unavailable, limiting model applicability [34]. 

Perhaps the most frequently cited challenge is the "black box" problem. The complex, multi-layered transformations within deep 
neural networks make it difficult to understand why a model arrived at a specific prediction. In biomedical research, where 
mechanistic insight is paramount, a prediction without explanation is of limited value. Did the model identify a true biological signal, 
or is it leveraging a confounding artifact in the data? The lack of interpretability and explainability hinders trust, clinical adoption, 
and the extraction of novel biological knowledge from successful models [35]. 

Practical and technical hurdles are also substantial. The computational cost of training large models on genome-scale data is 
prodigious, requiring access to expensive GPU/TPU clusters and generating a significant carbon footprint. Furthermore, biological 
data is plagued by technical heterogeneity—batch effects, platform differences, and lab-specific protocols. Deep models are 
notoriously adept at learning and exploiting these spurious technical signals as shortcuts, leading to impressive performance on 
held-out data from the same batch but poor generalization to data from new sources or populations [36]. 

Finally, there is a fundamental risk of models learning dataset-specific artifacts or spurious correlations rather than generalizable 
biological principles. Without rigorous validation across independent cohorts and experimental perturbation, there is a danger that 
deep learning may produce sophisticated but biologically meaningless predictions. Addressing these multifaceted challenges 
requires a concerted, interdisciplinary effort focused on developing Explainable AI (XAI) methods tailored for genomics, creating 
standardized benchmarks and large, curated public datasets, and advancing techniques for domain adaptation, transfer learning, 
and federated learning to build robust, privacy-preserving, and widely applicable models [37]. 

7. Future perspectives 

The trajectory of deep learning in genomics points toward increasingly powerful, integrative, and biologically grounded frameworks. 
A major frontier is the development of multimodal foundation models. Inspired by large language models like GPT, these would be 
pre-trained on unprecedented scales of diverse data—terabases of genomic sequences, millions of epigenomic tracks, 
histopathology images, and scientific literature. Such a model would learn a universal representation of biomolecular function and 
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regulation, serving as a versatile starting point that could be efficiently fine-tuned with minimal data for a vast array of downstream 
tasks, from variant interpretation to drug design [38]. 

To tackle data privacy and siloing, federated learning will become essential. This paradigm allows models to be trained across 
decentralized datasets (e.g., at multiple hospitals) without the raw data ever leaving its source, preserving patient confidentiality 
while leveraging larger, more diverse training populations [39]. The next wave of data integration will involve single-cell and spatial 
multi-omics. Deep learning models will be crucial to integrate measurements of DNA methylation, chromatin accessibility, and gene 
expression from the same single cell, and to map these states onto spatial transcriptomics data within a tissue. This will unravel 
cellular decision-making and tissue organization at an unprecedented resolution, revealing the epigenetic programs of rare cell 
types and the spatial niches that control them [40]. 

Finally, generative AI is poised to open new avenues. Generative Adversarial Networks (GANs) and diffusion models could be used 
to in silico simulate the effects of genetic knockouts, epigenetic editing, or drug treatments, predicting resulting gene expression 
changes or chromatin remodeling. They could also design synthetic regulatory elements with desired properties or generate 
realistic, in-silico patient cohorts for powering rare disease research. These capabilities will blur the line between computational 
prediction and wet-lab experimentation, enabling rapid, low-cost hypothesis generation and validation [41]. 

8. Conclusion 

Deep learning has fundamentally altered the landscape of genomic and epigenomic research, transitioning from a promising novel 
tool to an indispensable engine of discovery. By providing the capacity to model the non-linear, hierarchical, and integrative nature 
of biological systems, it has delivered unprecedented accuracy in predicting regulatory elements, inferring 3D genome architecture, 
and uncovering the molecular basis of disease. The ability of deep learning frameworks to fuse heterogeneous, high-dimensional 
data types—from raw sequence to spatial interaction maps—has fostered a more comprehensive, systems-level understanding of 
genome regulation, moving the field beyond reductionist analysis [42]. 

The impact spans the entire research continuum. In basic science, deep learning models generate novel, testable biological 
hypotheses about regulatory logic and disease mechanisms. In translational and clinical contexts, they contribute directly to 
biomarker discovery, patient stratification, and the development of personalized therapeutic strategies, bringing the goals of 
precision medicine closer to reality [43]. However, this transformative potential is contingent upon overcoming persistent 
challenges. The critical issues of model interpretability, data quality and scarcity, computational demands, and robust generalization 
must be addressed through sustained methodological innovation [44-47]. 

The path forward requires a collaborative ethos. Advances in explainable AI (XAI), the creation of standardized benchmarks and 
shared resources, and the development of efficient, robust, and privacy-aware learning algorithms are essential. As these technical 
advances converge with the growing availability of rich, multi-modal biological data, deep learning is poised to solidify its role as the 
cornerstone of 21st-century computational biology [45]. It will not only accelerate the pace of discovery but also deepen our 
fundamental understanding of life's code, ultimately guiding more precise diagnostics and effective therapies, and accelerating the 
journey toward truly predictive and personalized medicine. 
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