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Abstract: Understanding the molecular causes of complex diseases remains one of the most pressing 

challenges in biomedicine. Despite large-scale genome-wide association studies (GWAS) mapping 

thousands of risk loci, identifying which genetic variants truly drive disease remains difficult. 

Traditional statistical genetics has laid a strong foundation for variant discovery, but it often struggles 

to capture non-linear interactions and cannot fully integrate the breadth of the interconnected multi-

omics data. In recent years, deep learning approaches have shown promise in bridging these gaps: 

modeling high-order genetic interactions, uncovering latent biological structure, and enabling multi-

layered data integration. However, issues like overfitting, lack of interpretability, and limited 

statistical rigor have slowed their adoption in causal inference and therapeutic target discovery. In 

this review, we explore how traditional statistical and deep learning methods can be applied to 

uncover causal mechanisms in complex disease. We critically examine the strengths and blind spots 

of traditional GWAS, post-GWAS fine-mapping, and Mendelian randomization, and contrast them 

with emerging deep learning frameworks for epistasis detection and multi-omics integration. Finally, 

we propose a future direction centered around hybrid models that blend the scalability of deep 

learning with the inferential power of statistical genetics. Our goal is to guide researchers in 

developing next-generation computational tools to uncover the molecular basis of complex diseases 

and accelerate the translation of genetic findings into effective treatments. 

Keywords: causal learning; causal inference; deep learning; statistical genetics; GWAS; complex 

disease genetics  

 

1. Introduction 

Heredity is complex and most diseases such as Alzheimer’s Disease and diabetes are 

heterogeneous conditions whose phenotypes are influenced by both genetic and environmental 

factors. Along with the rise in population, these conditions are increasing and, therefore, putting a 

growing burden on the healthcare systems (Passeri et al., 2022). Although the research on these 

complex multifactorial diseases has been going on for several decades, the developed treatments are 

mainly aimed at alleviating the symptoms rather than curing or preventing the disease  (Anton et 

al., 2024; Elmaleh et al., 2021). For many patients, this means years of trial-and-error treatment and 

little hope for true disease modification. This therapeutic gap shows an important need for 

therapeutic strategies which tackle the underlying causes of these conditions.  

Target identification is the first and most important step of any systematic drug discovery 

pipeline, as selecting the right molecular targets significantly increases the likelihood of developing 

a successful therapeutic agent. from the number of available approaches for identifying drug targets, 

it has been established that therapies that are backed by solid genetic evidence are much more likely 

to succeed in clinical trials. Specifically, drugs targeting genes with well-established genetic 

associations are more likely to succeed in phases II and III of the drug development process, with 

genetic validation increasing the chances of drug approval by more than two times (King et al., 2019; 

Minikel et al., 2024).  

Thanks to the large sample sizes in population-scale datasets and advances in genome-wide 

association studies (GWAS), we now have a growing catalog of genetic loci associated with complex 

diseases. However, not all disease-associated genetic elements are causal. Many simply tag broader 
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regions through linkage disequilibrium, while others may lie in non-coding areas that influence gene 

expression in subtle, context-dependent ways. Consequently, without clear knowledge of the causal 

biology, therapeutics may address the symptoms rather than the underlying disease mechanisms. 

For example, BACE1 inhibitors for Alzheimer’s disease, designed to lower amyloid-beta levels, 

ultimately failed in late-stage trials due to off-target effects on synaptic proteins that lead to 

unexpected cognitive decline and severe adverse effects (Bazzari and Bazzari, 2022). This 

demonstrate the need for approaches that accurately identify causal architecture to inform the 

development of mechanism-based therapies for neurodegenerative diseases. 

To identify causal genetic factors and inform drug development, statistical genetics has evolved 

beyond GWAS. A suite of post-GWAS methods have been developed to refine the list of loci 

identified from GWAS to pinpoint those that have putative causal relationship to the disease of 

interest in a functional context. For example, statistical fine-mapping methods narrow down causal 

variants within associated loci by disentangling true signals from linkage disequilibrium; 

colocalization analyses integrate GWAS results with expression quantitative trait loci (eQTL) data to 

identify shared genetic drivers of both disease and molecular traits; mendelian randomization (MR) 

leverages genetic variants as instrumental variables to infer causal relationships between modifiable 

exposures, such as gene expression or protein levels, and disease outcomes (Uffelmann et al., 2021). 

These approaches collectively provide a statistical framework for prioritizing therapeutic targets with 

a strong mechanistic basis. 

Although we have made strides in identifying genetic markers linked to diseases, traditional 

genetics approaches have inherent limitations in fully capturing the genetic complexity of complex 

polygenic diseases. The standard GWAS framework looks at how individual variants relate to disease 

risk and assumes these variants work independently. While this simplifies computation, it overlooks 

the non-linear interactions among genetic loci that impact disease susceptibility. Earlier interaction 

models that try to detect significant interacting variants suffer from limited statistical power and 

computational inefficiency. The huge number of possible SNP-SNP interactions grows exponentially 

with the number of variants, making exhaustive genome-wide interaction testing impractical. 

Furthermore, conventional post-GWAS approaches often analyze omics data as separate layers rather 

than as interconnected components of a dynamic system. In diseases where genetic risk is influenced 

by highly regulated molecular pathways, this approach may miss important disease-driving 

mechanisms. For example, the impact of a variation, on gene expression might vary depending on 

the situation influenced by factors, like chromatin accessibility, histone modifications or metabolic 

conditions. This kind of context-dependent regulation can only be readily understood by treating the 

multi-omics data as interconnected parts of a larger system and studying the causal relationships that 

shape disease development. 

Deep learning approaches provide a new solution to tackle these challenges. They can learn non-

linear patterns in genomic data without requiring explicit interaction terms. Similarly, they excel in 

integrating high-dimensional multi-omics datasets. Unlike statistical frameworks that require 

predefined hypotheses about how omics layers interact, deep learning models can extract latent 

representations from each omics modality and identify cross-modal dependencies. Their capacity to 

integrate spatial and temporal omics data from is especially useful for complex diseases, as many 

diseases evolve over time and differ across tissue regions, such as neurodegenerative disorders (Dong 

et al., 2021). One approach involves using autoencoders to condense diverse omics characteristics 

into embeddings that reflect variations underneath it all. Moreover attention based models and 

transformer designs take this a step further by assigning varying weights to features and effectively 

highlighting the most significant molecular cues, for a specific disease. By leveraging these 

approaches, deep learning makes it possible to construct comprehensive models of disease 

mechanisms that incorporate genetic, transcriptomic, epigenomic, and proteomic interactions in a 

unified structure. 

While deep learning for genetics studies has gradually been recognized as a useful tool, its 

applications in genetics research are still at an infant stage as compared to the traditional statistical 
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methods. An important obstacle faced is the problem of overfitting where the model ends up 

capturing patterns to the training data instead of more general relationships relevant across different 

datasets. Another limitation is its lack of statistical rigor and interpretability. Traditional statistical 

genetics methods are built on well-established principles of hypothesis testing and causal inference. 

They provide quantifiable measures of uncertainty, such as p-values and confidence intervals, which 

are essential for evaluating the robustness of findings. In contrast, deep learning models, in their 

naïve form, often function as "black boxes," making it difficult to understand the biological basis of 

their outputs. This lack of transparency hampers their effectiveness in validating causal relationships 

between genetic variants and disease phenotypes. 

Combining the scalability of deep learning with the rigor of statistical genetics presents a 

promising path forward for uncovering causal mechanisms in complex diseases. Deep learning-

based causal representation learning can model complex genetic interactions and integrate multi-

omics data in a biologically meaningful way. These advancements enable comprehensive genome-

wide discovery of putative causal genetic variants that drive disease processes. Integrating statistical 

principles of causal inference into deep learning-driven causal discovery can further ensure that these 

computational discoveries translate into robust biological insights. This integration not only mitigates 

overfitting of the data but also refines and enhances the statistical confidence of the identified causal 

relationships. 

In this review, we explore the evolving landscape of computational approaches to causal 

inference in complex disease. We begin by reviewing traditional statistical approaches, including 

GWAS and post-GWAS analyses, highlighting their contributions and limitations in target discovery. 

We then examine how deep learning is reshaping the field, with a focus on epistasis modeling and 

multi-omics integration. We critically assess two main limitations of these deep learning 

methodologies: overfitting and interpretability. Finally, we outline future research directions focused 

on developing integrative frameworks that merge deep learning’s ability to discover novel genetic 

drivers with statistical methodologies that ensure robust causal interpretation. Our goal is to guide 

researchers in field to navigate next-generation computational tools for uncovering the molecular 

basis of complex polygenic diseases.  

2. Established Statistical Genetics Approaches  

GWAS leverages high-throughput genotyping technologies and statistical models to analyze 

millions of single-nucleotide polymorphisms (SNPs) across the genome, aiming to uncover genotype-

phenotype associations. The predominant statistical frameworks in GWAS include fixed-effect and 

linear mixed-effect models, each tailored to specific study designs and population structures. The 

fixed-effect model assumes a consistent effect of a genetic variant across all individuals in the study 

and is particularly suited for homogeneous populations with minimal population structure (Tam et 

al., 2019). It is computationally efficient and straightforward, making it ideal for initial scans of well-

matched cohorts. However, they do not inherently address confounding factors such as relatedness 

or population structure. To mitigate these issues, researchers commonly calculate identity-by-descent 

metrics to exclude closely related individuals and adjust for population stratification by including 

principal components derived from genetic data as covariates in association analyses (Nielsen et al., 

2011). Despite these adjustments, fixed-effect models may still fail to fully capture complex 

confounding effects, potentially leading to residual biases in highly diverse populations. The linear 

mixed-effect model, on the other hand, incorporates a random effect term to account for confounding 

effects, including subtle population substructure and genetic relatedness (Uffelmann et al., 2021). By 

modeling these confounding factors, it reduces the risk of false positives, especially in diverse 

populations. While computationally more demanding than fixed-effect models, it is particularly 

advantageous in large-scale studies or meta-analyses involving heterogeneous datasets. 

Large-scale biobanks have been instrumental in advancing GWAS by providing extensive 

genetic and phenotypic data. The UK Biobank, with genotypic and health data from over 500,000 

participants, has enabled the discovery of genetic associations across a wide range of diseases. 
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Biobank Japan has contributed ancestry-specific insights, while the All of Us Research Program 

emphasizes diversity and health equity. Specialized biobanks, such as the International Glaucoma 

Genetics Consortium (IGGC), have focused specifically on neurodegenerative diseases like 

glaucoma, facilitating meta-analyses and replication studies. These resources not only improve the 

statistical power of GWAS but also allow researchers to examine population-specific genetic 

architectures. 

While GWAS have provided unprecedented insights into the genetic architecture of complex 

diseases, translating these associations into actionable drug targets requires post-GWAS 

methodologies to identify the biological mechanisms that cause the disease of interest (Mortezaei & 

Tavallaei, 2021). The challenge lies in resolving the causal variants and genes from the statistical 

associations observed in GWAS, as most significant loci encompass multiple variants in linkage 

disequilibrium (LD) and often reside in non-coding regions. To address these challenges, a plethora 

of post-GWAS methods have been developed, which leverage fine-mapping and omics data to 

prioritize causal variants and genes (Sigala et al., 2024).  

Post-GWAS analyses can be broadly classified into statistical fine-mapping and functional fine-

mapping (Figure 1). Statistical fine-mapping leverages Bayesian and frequentist methodologies to 

quantify the probability that a given SNP is causal. The core challenge in fine-mapping arises from 

the high correlation among SNPs due to LD, which creates ambiguity in pinpointing the precise 

variant driving the association. Frequentist-based approaches, including conditional and joint 

analysis (Yang et al., 2013), employ stepwise regression models that iteratively adjust for the effects 

of lead SNPs to identify independent association signals. Bayesian approaches, such as CAVIAR 

(Hormozdiari et al., 2014) and FINEMAP (Benner et al., 2016), estimate posterior probabilities of 

causality by modeling the joint distribution of effect sizes across all SNPs in a locus, incorporating 

priors that account for the expected number of causal variants per region. These methods generate 

credible sets, which represent the minimal subset of SNPs that collectively capture a high probability 

of containing the true causal variant. The effectiveness of these methods is contingent upon high-

quality GWAS summary statistics and accurate LD reference panels, as misestimation of LD structure 

can lead to inflated credible sets or erroneous prioritization of variants. 

 

Figure 1. Overview of traditional statistical genetics methods to identify putative causal variants. 
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Functional fine-mapping integrates functional data to prioritize variants based on their 

regulatory potential and link them to the biological pathways and genes they influence. One of the 

most widely utilized functional annotations in fine-mapping is expression quantitative trait locus 

(eQTL) mapping, which links genetic variants to variation in gene expression across tissues. Large-

scale eQTL resources such as GTEx and eQTLGen provide valuable datasets that enable the 

identification of SNPs that act as transcriptional regulators. Beyond gene expression, splicing 

quantitative trait locus (sQTL) mapping provides further granularity in fine-mapping by identifying 

variants that influence alternative splicing rather than overall transcript abundance. Many non-

coding GWAS SNPs exert their effects through RNA splicing, leading to altered isoform usage that 

may be more relevant to disease phenotypes than changes in total gene expression. Fine-mapping 

efforts are further strengthened by chromatin accessibility and histone modification data, which 

provide insights into the regulatory landscape of the genome. Variants that reside within open 

chromatin regions, as detected by ATAC-seq and DNase-seq, are more likely to be functionally active, 

particularly if they coincide with histone modifications associated with enhancer or promoter 

activity, such as H3K27ac and H3K4me3. Integrative statistical frameworks, including GARFIELD 

(Iotchkova et al., 2019) and GenoWAP (Liu et al., 2015), assign functional scores to SNPs based on 

their enrichment in these regulatory features, improving fine-mapping resolution by prioritizing 

variants that are more likely to exert regulatory effects. Moreover, transcription factor binding site 

(TFBS) mapping provides a direct mechanism by which SNPs influence gene regulation. SNPs that 

disrupt or create TF binding motifs, as inferred from position weight matrix (PWM) analysis and 

validated by ChIP-seq data, can modulate transcriptional activity in a context-specific manner. 

Variants that alter TFBSs often serve as allele-specific regulators, leading to differential expression 

patterns that contribute to disease risk. Another crucial aspect of functional annotation involves 

understanding long-range regulatory interactions, particularly in cases where the nearest gene to a 

GWAS variant is not the true target of regulation. Hi-C, promoter capture Hi-C (PCHi-C), and ChIA-

PET datasets provide genome-wide maps of chromatin interactions, allowing the identification of 

distal enhancer-promoter contacts that mediate gene regulation. For instance, SNPs located in non-

coding regions may function by altering enhancer activity, which in turn regulates gene expression 

at a distant locus. This has been exemplified in the case of the FTO locus, where obesity-associated 

variants do not affect FTO itself but instead regulate IRX3 and IRX5 expression through enhancer-

promoter looping. Activity-by-Contact (ABC) modeling and JEME leverage chromatin conformation 

data alongside histone marks and eQTLs to map GWAS variants to their likely target genes, thereby 

enhancing the interpretability of fine-mapped SNPs. 

Colocalization analysis provides a critical statistical framework for disentangling the causal 

relationships between genetic variation and molecular traits across all types of functional and omics 

data. Unlike approaches that merely assess correlations between GWAS and functional signals, 

colocalization explicitly models the probability that two signals share a common causal variant, 

thereby reducing false positives due to LD. This framework is particularly relevant for integrating 

GWAS loci with molecular QTL data. Statistical methods such as coloc (Giambartolomei et al., 2014), 

eCAVIAR (Hormozdiari et al., 2016), and enloc (Wen et al., 2017) leverage GWAS summary statistics 

and LD information to estimate the posterior probability that a given SNP is responsible for both a 

disease association and a molecular trait. coloc, a widely used Bayesian framework, assumes a single 

causal variant per region and evaluates posterior probabilities across five competing hypotheses to 

determine whether a shared causal variant exists. eCAVIAR, in contrast, extends this approach by 

modeling multiple causal variants per locus through a multivariate Gaussian framework, offering 

greater flexibility in loci with complex LD structures. enloc, another extension of colocalization, 

accounts for incomplete LD information and sparse eQTL effects, making it particularly useful for 

fine-mapping functional regulatory elements.  

The application of colocalization to various functional datasets has yielded important insights 

into disease mechanisms across a range of tissues and regulatory contexts. For example, the 

integration of GWAS loci for primary open-angle glaucoma (POAG) and intraocular pressure (IOP) 
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with cis-eQTLs and sQTLs from GTEx tissues and retinal-specific datasets has demonstrated that 

colocalization is a powerful tool for refining causal gene identification (Hamel et al. 2024). A recent 

study found that 58% of tested loci colocalized with molecular QTLs, leading to the identification of 

genes such as TMCO1, GAS7, and LMX1B as glaucoma risk genes. Mechanistically, TMCO1-

associated variants were shown to regulate alternative splicing in fibroblast tissues, with reduced 

TMCO1 expression correlating with elevated IOP and increased disease risk. Beyond gene 

prioritization, colocalization analysis has also revealed pathway-level regulatory mechanisms; for 

example, IOP-associated loci implicate genes like ANGPT1 and ANGPT2, which are involved in 

extracellular matrix remodeling and vascular biology, whereas loci associated with normal-tension 

glaucoma highlight alternative mechanisms, such as retinal glial cell involvement, reinforcing the 

tissue- and subtype-specific nature of genetic regulation. However, the accuracy of colocalization 

analysis depends on the resolution and relevance of the molecular QTL data. Functional annotation 

of non-coding regions remains incomplete, particularly in tissue types relevant to neurodegenerative 

diseases, limiting the ability to fully map the regulatory landscape that drives disease risk. 

To further strengthen causal inference, Mendelian randomization (MR) builds on colocalization 

by leveraging genetic variants as instrumental variables to test causality between gene expression or 

protein levels and disease risk. MR uses these genetic variants, which are associated with exposure 

(e.g., gene expression), to infer whether changes in exposure levels causally affect the outcome (e.g., 

disease risk). By relying on the principle of random assignment inherent in the segregation of alleles, 

MR mimics randomized controlled trials, minimizing confounding and reverse causality. Advanced 

MR methods, such as MR-Egger regression and weighted median MR, provide robust frameworks 

for addressing horizontal pleiotropy, a major challenge in traditional MR analyses. Horizontal 

pleiotropy occurs when genetic variants influence the outcome through pathways independent of 

the exposure, violating the assumption that instrumental variables affect the outcome solely through 

the exposure. MR-Egger regression addresses this issue by allowing for a non-zero intercept in the 

regression of SNP-outcome effects against SNP-exposure effects. The intercept estimates the average 

pleiotropic effect across all instruments, thereby detecting and correcting for pleiotropy. However, 

MR-Egger requires a large number of genetic instruments to achieve sufficient statistical power and 

is particularly susceptible to weak instrument bias when the genetic variants have small effects on 

the exposure. Weighted median MR offers an alternative approach that is robust to pleiotropy by 

calculating the median of the weighted instrumental variable estimates. This method assumes that at 

least 50% of the weight in the analysis is derived from valid instruments—those not subject to 

pleiotropy. Compared to MR-Egger, weighted median MR is less sensitive to outliers and weak 

instruments, making it especially useful in scenarios with limited instruments or variability in their 

effects. Both methods complement each other, with MR-Egger providing a pleiotropy-sensitive 

framework and weighted median MR offering a robust option when pleiotropy-free instruments 

predominate.  

The power of MR extends beyond eQTLs and sQTLs to a broader array of functional QTLs, 

including chromatin accessibility QTLs (caQTLs), histone modification QTLs (hQTLs), and 

transcription factor binding QTLs (tfQTLs). These QTL types capture diverse aspects of genome 

regulation, allowing MR to interrogate whether chromatin state alterations, histone modifications, or 

TF binding changes causally mediate disease risk. For instance, MR can be used to test whether 

increased enhancer activity in a disease-associated region causally upregulates a downstream gene, 

ultimately affecting disease susceptibility. When integrated with Hi-C and promoter capture Hi-C 

(PCHi-C) data, MR can further dissect whether long-range enhancer-promoter interactions mediate 

these effects, refining target gene identification. 

Despite its strengths, MR remains dependent on several key assumptions, including the correct 

specification of instrumental variables, absence of confounders, and exclusion of reverse causality. 

Violations of these assumptions can lead to misleading causal inferences, particularly in complex 

traits where multiple regulatory mechanisms interact. Additionally, the quality of the underlying 

GWAS and functional QTL datasets critically influences MR reliability. If the instrumental variables 
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are weakly associated with the exposure or if exposure-outcome relationships are confounded by 

hidden genetic correlations, MR estimates may be biased or lack statistical power. 

These well-established statistical genetics approaches have demonstrated remarkable success in 

uncovering genetic mechanisms underlying complex diseases. For example, A study integrating 

brain-derived eQTLs with MR and colocalization successfully identified five genes—ACE, GPNMB, 

KCNQ5, RERE, and SUOX—as promising therapeutic targets for Alzheimer’s disease (AD), 

Parkinson’s disease (PD), multiple sclerosis (MS), and amyotrophic lateral sclerosis (ALS) (Baird et 

al., 2021). Notably, GPNMB, a gene encoding the transmembrane protein glycoprotein nonmetastatic 

melanoma protein B, was further studied experimentally to elucidate its molecular role in PD and 

prioritized as a therapeutic target for PD (Diaz-Ortiz et al. 2022). 

3. Why are Traditional Statistical Genetics Methods Alone Insufficient? 

Despite the discovery of thousands of disease-associated loci through GWAS, these variants 

explain only a fraction of genetic heritability for complex traits (Manolio et al., 2009, Tam et al. 2019). 

For instance, in Alzheimer’s disease, SNP-based heritability estimates range from 38% to 66%, 

depending on the age of cases and controls, yet only about 13% of this heritability can be attributed 

to known genetic loci (Baker et al., 2022). Part of this missing heritability is contributed by genetic 

epistasis -- the interaction between genetic variants. Current GWAS is dominated by linear additive 

models, which fail to capture complex, non-linear, and epistatic relationships in disease etiology. 

Variant interactions remain largely undetected by traditional GWAS due to limitations in statistical 

power and computational feasibility. However, evidence suggests that these interactions 

significantly enhance risk prediction and provide deeper mechanistic insights into disease pathology. 

For instance, large-scale interaction studies further highlight this impact. A study of 46,000 breast 

cancer cases and 42,000 controls found that SNP-SNP interactions accounted for additional risk 

variance undetected in single-locus tests (Milne et al., 2014). In primary open-angle glaucoma 

(POAG), incorporating SNP interactions increased the explained heritability from 2.1% to 3.5%, 

demonstrating the importance of modeling epistasis (Verma et al., 2016). a study on Parkinson’s 

disease (PD) found that risk variants in the HLA region do not act independently; rather, their effects 

are modified by the presence of other SNPs. Conditional analyses revealed that multiple independent 

SNPs (rs3129882, rs2844505, rs9268515) interact to influence disease susceptibility, with certain 

haplotypes significantly increasing risk compared to individual variants alone. This suggests that 

GWAS focusing only on single-SNP associations may misidentify true causal loci by failing to account 

for epistatic effects (Hill-Burns et al., 2011).  

Many approaches attempt to address these limitations by analyzing epistasis at the gene or 

protein level, but they often rely on marginal SNP associations and miss true SNP-SNP interactions 

(Hoffmann et al., 2024). Gene-level aggregation assumes that interactions manifest at the functional 

protein level, which holds for some pathways but not universally. For example, SNPs in non-coding 

regions, which regulate expression via transcriptional enhancers and chromatin accessibility, exhibit 

strong combinatorial effects that cannot be inferred from protein-protein interaction networks alone 

(Hoffmann et al., 2024). Ignoring SNP-level epistasis risks missing key mechanistic insights, 

particularly in neurodegenerative diseases where transcriptional regulation plays a major role.  

Although various statistical- and data-mining-based methods to detect epistasis from 

population genetics studies have been developed over the past two decades, these approaches have 

increasingly struggled to keep pace with the complexity of modern datasets. Early regression-based 

models, while foundational, became computationally impractical due to the combinatorial explosion 

of SNP interactions. Methods like the Kirkwood Superposition Approximation (KSA) improved 

efficiency but remained limited to pairwise interactions and suffered from false positives in low 

minor allele frequency (MAF) scenarios. Bayesian approaches, such as Bayesian Epistasis Association 

Mapping (BEAM), incorporated prior knowledge and probabilistic frameworks but were 

computationally intensive and reliant on accurate priors. Non-parametric strategies like Multifactor 

Dimensionality Reduction (MDR) captured higher-order interactions but were computationally 
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prohibitive and sensitive to imbalanced datasets. Kernel-based models, including Logistic Kernel 

Machines (LKM) and weighted Principal Component Analysis (wPCA), provided greater flexibility 

in modeling SNP interactions but depended on predefined groupings and kernel functions, limiting 

their adaptability. Despite these advances, traditional methods remain constrained by their inability 

to efficiently model higher-order epistasis, susceptibility to sparse data issues, and reliance on 

exhaustive searches or rigid statistical assumptions.  

Another critical limitation of traditional statistical GWAS and post-GWAS approaches is their 

inability to effectively integrate multi-omics data to prioritize causal genetic elements for complex 

diseases. Multi-omics integration is critical in distinguishing true causal effects from statistical 

correlations by integrating functional annotations and regulatory elements. However, while 

statistical methods can isolate associations between specific variants and molecular phenotypes, they 

struggle to model the complex regulatory relationships spanning multiple omics layers. This 

limitation is particularly relevant in neurodegenerative diseases, where genetic risk variants often 

reside in non-coding regulatory regions and exert their effects through transcriptional and post-

translational mechanisms. In Alzheimer’s disease (AD), for example, GWAS-identified risk loci such 

as APOE, BIN1, and CLU affect chromatin accessibility and transcription factor binding in microglia, 

ultimately influencing tau aggregation and amyloid-beta clearance (Nott et al., 2019). However, a 

standard eQTL-based approach may identify a SNP influencing BIN1 expression but fail to capture 

downstream proteomic interactions, such as tau phosphorylation, that ultimately drive disease 

progression. Similarly, in Parkinson’s disease (PD), risk variants in SNCA (α-synuclein) and LRRK2 

contribute to disease risk, but their pathogenic impact is mediated by post-translational modifications 

such as phosphorylation and ubiquitination, which influence α-synuclein aggregation and 

mitochondrial dysfunction (Schmit et al., 2013). An optimal framework for identifying true molecular 

drivers of complex diseases must integrate genetic, epigenetic, transcriptomic, and proteomic data, 

allowing for the detection of both individual and interaction genetic elements that causally influence 

disease susceptibility. 

4. Emerging Deep Learning Approaches for Causal Learning with Population 

Genetic and Multi-Omics Data 

Compared to standard linear-model-based GWAS that struggle to detect high-order SNP-SNP 

interactions, deep learning methods are being developed as powerful tools for genome-wide 

discoveries. Their ability to scale to high-dimensional genomic data and perform effective feature 

extraction enables the identification of complex genetic interactions that contribute to disease 

etiology. The use of transformer-based structures, which have demonstrated their ability to identify 

SNP-SNP relationships beyond traditional second-order versions, is one of the most promising 

advancements in epistasis diagnosis. Unlike traditional comprehensive research techniques that 

suffer from sequential explosion, transformers use attention mechanisms to selectively detect high-

order relationships without systematically evaluating all possible SNP combinations. For example, 

Graça et al. use attention scores and gradient-based relevance measures to maintain explainability 

while allowing efficient scalability to large GWAS datasets (Graça et al., 2024). Interestingly, they 

show that their models can identify interactions up to the ninth order, an achievement that was 

virtually impossible with conventional statistical techniques. 

Other promising approaches that integrate neural networks with classical quantitative or 

ensemble learning methods have also been developed. A deep mixed model framework (Wang et al., 

2019) combines convolutional neural networks (CNNs) for confounding factor correction with long 

short-term memory networks for effect size estimation. This model improves epistasis detection by 

simultaneously correcting for population structure while capturing high-order SNP interactions. As 

another example, in order to enhance interpretability and noise robustness, a method was developed 

to incorporate deep neural networks with random forests, where the feature representations learned 

by a deep network serve as input for a tree-based classifier to (Uppu & Krishna, 2018). Beyond neural 

network-based architectures, network medicine-based approaches are reshaping epistasis detection 
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by integrating biological priors into machine learning models. Given that gene-gene interactions are 

often influenced by shared pathways or protein-protein interactions, network-based approaches 

utilize prior biological knowledge to prioritize SNP interactions. A notable example is the NeEDL 

framework, which leverages SNP-SNP interaction networks to detect high-order interactions and 

employs quantum computing techniques to enhance computational efficiency (Hoffmann et al., 

2024). This method outperforms standard machine learning models by ensuring that the identified 

SNP interactions are not statistical artifacts but instead have biological plausibility. Another 

important direction involves feature selection and interpretability-driven methods. Entanglement 

mapping refines SNP-SNP interaction detection by iteratively perturbing SNP subsets and measuring 

their impact on a random forest’s variable importance scores (Mahmoodi et al., 2022). Instead of 

simply predicting disease status, this approach avoids the pitfalls of black-box deep learning models 

by explicitly identifying which SNPs contribute to interactions. Similarly, sparsity-driven 

approaches, such as those using mixed-effect deep learning models (Yun et al., 2024), incorporate 

priors that enforce structured sparsity to improve model interpretability and reduce overfitting. 

Overall, these methods demonstrate the growing potential of deep learning to reveal epistatic 

interactions that drive complex diseases, marking an exciting shift in computational genomics. More 

research efforts are needed to refine these methodologies to make them more adapt to large datasets 

and more biologically interpretable. 

Deep learning also offers a unique avenue for multi-omics integration that moves beyond the 

traditional post-GWAS methods that use each omics layer separately for functional annotation of 

GWAS results. It enables the discovery of complex interdependencies between genetic, 

transcriptomic, epigenetic, and proteomic features that are often lost in sequential analyses (Li et al., 

2018). Beyond capturing cross-omics relationships, deep learning is particularly well-suited for 

modeling the spatiotemporal dynamics of neurodegenerative diseases, which progress over time and 

exhibit region-specific vulnerability in the brain and retina. However, multi-omics integration 

presents significant computational challenges, including differences in feature distributions, 

modality-specific noise, and the risk of overfitting. To address these challenges, deep learning-based 

integration strategies fall into three major categories: early, intermediate, and late integration. Each 

approach varies in how and when the information from different omics layers is combined, affecting 

scalability and interpretability. 

Early integration concatenates features from all omics layers into a single high-dimensional 

representation before training a model. This approach is relatively computationally straightforward 

and is applicable to the newer spatiotemporal omics datasets from neurodegenerative research, 

where paired multi-omics data from the same biological sample  such as retinal cells are increasingly 

available. However, caution should be used to address the severe dimensionality and sparsity 

challenges, particularly when integrating omics modalities with vastly different feature distributions 

(Valous et al., 2024). Aggressive dimensionality reduction techniques are often necessary to mitigate 

these issues, but excessive feature compression can lead to the loss of biologically significant signals, 

thereby limiting the interpretability and predictive power of downstream models (Hauptmann & 

Kramer, 2023).  

Intermediate integration offers a more refined approach by learning latent representations for 

each omics layer independently before combining them in a shared space for downstream tasks. This 

strategy preserves modality-specific signals while enabling meaningful fusion across data types. 

Techniques like variational autoencoders (VAEs) have gained prominence in this domain by 

effectively filtering out noise while preserving biologically relevant features. DeepProg exemplifies 

this approach, using autoencoders to transform omics data into lower-dimensional embeddings 

before merging them for prognosis prediction (Poirion et al., 2021). Instead of feeding raw multi-

omics data directly into a unified model, DeepProg applies unsupervised learning at the feature 

extraction stage, selecting survival-associated latent variables from each omics-specific autoencoder. 

This method enhances biological interpretability while minimizing the risk of overfitting. Other 

frameworks, such as OmiEmbed, employ similar strategies, mapping high-dimensional omics data 
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into structured latent spaces optimized for predictive tasks (Zhang et al., 2021). Deep generative 

models, particularly multi-modal VAEs, have further refined intermediate integration by learning 

joint probabilistic embeddings that preserve biological structure. For example, MultiVI extends VAEs 

by explicitly modeling modality-specific noise and batch effects, making them particularly effective 

for single-cell multi-omics data integration (Brombacher et al., 2022). While this modular framework 

allows for the flexible incorporation of new omics layers while maintaining biological interpretability, 

careful selection of latent variables is needed to avoid overcompression of important biological 

signals. 

Late integration, by contrast, trains separate models on each omics layer before combining their 

outputs into a final prediction. This approach is especially advantageous in scenarios where different 

omics modalities exhibit distinct data structures and levels of complexity (Valous et al., 2024). By 

processing each modality independently, late integration allows for specialized modeling tailored to 

the statistical properties of each omics type, preventing information loss due to premature fusion. 

Graph-based methods and ensemble learning techniques frequently facilitate this process by 

leveraging the strengths of each modality-specific model while capturing cross-modal interactions at 

a later stage. Deep ensemble learning frameworks mitigates biases associated with any single omics 

modality by averaging or voting across predictions from distinct models. In Super.FELT, modality-

specific encoders first extract feature representations separately from transcriptomic, genomic, and 

epigenomic data (Chereda et al., 2021). These representations are subsequently fed into independent 

classifiers, and their outputs are aggregated through an attention-weighted fusion mechanism to 

emphasize the most predictive modalities. This methodology effectively balances model flexibility 

and integration scalability, making it well-suited for complex multi-omics tasks.  

Graph-based methods, such as graph neural networks (GNNs), provide another powerful late 

integration strategy by structuring omics data into networks where biological entities (e.g., genes, 

proteins, metabolites) serve as nodes and relationships (e.g., co-expression, physical interactions, 

metabolic pathways) are represented as edges (Wu & Xie, 2024). Unlike conventional machine 

learning models, which treat omics features as independent variables, GNNs leverage these 

biological relationships to improve prediction accuracy and interpretability. For instance, MoGCN 

(Multi-Omics Graph Convolutional Network) refines cancer subtype classification by incorporating 

pathway-based priors (Li et al., 2022). MoGCN constructs a heterogeneous graph where nodes 

correspond to genes and pathways, and edges capture molecular interactions inferred from 

transcriptomic and epigenomic data. Through iterative message passing, MoGCN learns 

contextualized embeddings that integrate cross-omics regulatory patterns, improving its ability to 

distinguish cancer subtypes with high biological fidelity. Similarly, Cell-GNN applies a graph-based 

late-integration approach to infer regulatory interactions in single-cell multi-omics datasets (Cao & 

Gao, 2022). Unlike MoGCN, which focuses on bulk-level omics integration, Cell-GNN models cell-

type-specific interactions by constructing gene-gene interaction graphs at the single-cell level. This 

method captures cell-state transitions by linking transcriptional activity to chromatin accessibility, 

making it particularly effective for reconstructing lineage differentiation and disease progression 

pathways. 

While there is currently no single deep learning framework capable of simultaneously capturing 

high-order epistatic interactions, integrating multi-omics data, and prioritizing both individual 

causal SNPs and their interactions within a fully resolved causal map, deep learning presents a 

uniquely powerful platform for achieving this goal. Bringing SNP interaction modeling and multi-

omics causal inference under a single deep learning framework would transform our ability to map 

disease mechanisms. Instead of treating genetic associations as static risk factors, we could 

reconstruct dynamic, multi-layered networks that show how genetic variants interact across different 

biological scales. This shift would move us closer to therapeutic strategies that address root causes 

rather than symptoms, as well as offer strong biology understanding for the development of state-of-

art therapeutics for neurodegenerative diseases such as gene therapies.  
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5. Challenges of Deep Learning Models in Genomics Research  

Current deep learning models demonstrate excellent capabilities for recognizing complex 

nonlinear hierarchical patterns in multi-omics and genetic datasets but remain in their initial 

development phase while facing multiple challenges. The main ones include overfitting and the lack 

of interpretability or statistical rigor. The learning patterns that a deep learning model detects from 

training data can sometimes produce noise instead of generalizable relationships which leads to poor 

performance when testing new data. Multi-omics data increases this problem by introducing various 

feature spaces that bring different types of noise and batch effects. When combining transcriptomics, 

epigenomics, and proteomics data for analysis they produce modality-specific noise that deep 

learning models may confuse with relevant patterns. The overlapping molecular pathways between 

neurodegenerative diseases create an additional problem since they make it hard to detect disease-

specific signals. The generation of false associations together with missed subtle biologically relevant 

patterns through overfitting, resulting in unreliable findings that slow down our understanding of 

disease mechanisms. 

To prevent overfitting, multiple measures should be implemented. The training process is 

controlled by dropout and L2 regularization which either deactivate neurons randomly or impose 

penalties for large parameters to enhance model generalizability. These techniques could 

unintentionally diminish important biological signals in samples with diverse characteristics. 

Autoencoders with denoising capabilities effectively minimize noise in multi-omics data through 

feature reconstruction but their performance strongly depends on proper noise injection calibration. 

Modular architectures like CustOmics divide omics-specific learning from multi-omics integration to 

stop the spread of noise across different omics data layers. These effective methods need substantial 

computational power and precise tuning procedures to process the complex scale of multi-omics 

data. Model architecture that includes biological priors demonstrates effectiveness in controlling 

overfitting. Graph neural networks and factorization-based autoencoders use gene regulatory 

networks and protein-protein interaction maps as prior knowledge to direct model learning. Model 

constraints steer learning toward biological relationships because they restrict models from creating 

spurious associations. Prior knowledge accuracy and completeness serves as a limitation for these 

approaches since they depend on it for their operation especially in fields with limited research data. 

Adversarial regularization techniques that penalize population-specific signals to enhance 

generalizability across diverse cohorts create additional training complexity and potential instability 

because of competing loss objectives. The various methods show that deep learning models 

encounter persistent overfitting issues in genomics research which needs continuous innovation to 

develop better generalizable techniques. 

The main disadvantage of deep learning methods in this field is the absence of a standardized 

statistical framework. The field of drug target discovery places greater importance on both 

interpretable deep learning models and statistically sound results rather than just predictive model 

performance. Traditional statistical analysis establishes robust hypothesis testing frameworks which 

generate p-values and confidence intervals to measure statistical significance and uncertainty. The 

optimization of deep learning models for predictive accuracy produces results without inherent 

statistical metrics and standardization which creates difficulties for studying different studies. Model 

architecture differences combined with variations in hyperparameter tuning and data preprocessing 

pipelines lead to inconsistent results that fail to reproduce. As noted by Kang et al.  (2021), deep 

learning model configuration variations in multiple studies about multi-omics data integration 

produce results that are challenging to reproduce and interpret (Kang et al., 2021). 

The ability of deep learning methods in genomics research to perform causal learning benefits 

from their data-driven approach and their capability to model non-linear high-dimensional 

relationships in genomics. Traditional causal inference methods will continue to serve a crucial 

function for conducting strict hypothesis tests and establishing mechanistic causality. Causal 

discovery in genomics will probably combine causal inference frameworks with deep learning 

algorithms in future developments. These hybrid methods attempt to merge the modeling power of 
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deep learning methods with the interpretability of traditional statistical techniques. The combination 

of paradigms enables researchers to tackle complex genomic data while moving toward 

understanding causal molecular mechanisms in complex diseases. 

6. Future Directions: Integrating Deep Learning with Statistical Principles 

Advancing causal discovery in neurodegenerative diseases requires a framework that unites the 

complementary strengths of deep learning and traditional statistical genetics. A crucial step forward 

lies in leveraging deep learning models to integrate multi-omics data—including genomic, 

transcriptomic, epigenomic, and proteomic layers—to capture nonlinear interactions both within and 

across these molecular domains (Dibaeinia et al., 2025) This is particularly crucial in 

neurodegenerative diseases, where regulatory elements and non-coding variants exert their effects 

through intricate networks rather than isolated genetic loci.  

Unsupervised causal discovery methods, also known as latent causal representation learning, is 

particularly advantageous to be applied to these integrated datasets to identify hidden causal 

mechanisms underlying disease etiology (Yang et al., 2022). Methods such as CausalVAE and deep 

structural causal models have demonstrated their ability to extract meaningful latent representations 

that capture high-order interactions among molecular elements (Lagemann et al., 2023). Beyond these 

approaches, multi-domain causal representation learning presents a novel avenue for integrating 

heterogeneous datasets that may share latent causal factors. Recent work has provided theoretical 

guarantees for identifying shared causal graphs across unpaired datasets, addressing a critical 

limitation in traditional causal inference techniques (Sturma et al., 2023). This capability is 

particularly relevant for neurodegenerative research, where patient-derived multi-omics data are 

often collected from different experimental modalities, requiring robust methods to reconstruct the 

underlying causal structures. 

While deep learning-based causal discovery is instrumental for hypothesis generation, rigorous 

validation is essential to establish causal mechanisms with confidence. Deep Mendelian 

Randomization (DeepMR) extends conventional MR by incorporating deep learning-derived SNP-

disease associations into causal effect estimation, thereby improving the robustness of causal 

inference (Zhao et al., 2022) . Additionally, frameworks that integrate counterfactual reasoning and 

interventional analysis within deep learning pipelines will be crucial for distinguishing genuine 

causal effects from statistical artifacts (Brand et al., 2023). Recent advances in interpretable AI 

highlight the potential of structured causal disentanglement, allowing researchers to map learned 

representations back to biologically meaningful entities, ensuring the interpretability of deep 

learning-derived causal representations (Dibaeinia et al., 2025). 

The future of neurodegenerative disease research lies in the development of integrative 

frameworks that synergize deep learning’s ability to model complex, high-dimensional data with the 

statistical rigor of causal inference. Such a framework will not only deepen our understanding of 

disease etiology but also strengthen the foundation for experimental validation. As methodological 

advances continue to bridge the gap between data-driven discovery and causal interpretation, the 

field will be better positioned to identify disease-driving mechanisms and ultimately develop 

therapies that alter—rather than merely alleviate—the course of these devastating conditions. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 March 2025 doi:10.20944/preprints202503.2081.v1

https://doi.org/10.20944/preprints202503.2081.v1


 13 of 19 

 

 

Figure 2. Schematics of the three deep-learning multi-omics integration strategies. 
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