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Abstract
The rapid growth of biomedical data, particularly multi-omics data including genomes,
transcriptomics, proteomics, metabolomics, and epigenomics, medical research and clinical
decision-making confront both new opportunities and obstacles. The huge and diversified
nature of these datasets cannot always be managed using traditional data analysis methods.
As a consequence, deep learning has emerged as a strong tool for analysing numerous omics
data due to its ability to handle complex and non-linear relationships. This paper explores the
fundamental concepts of deep learning and how they are used in multi-omics medical data
mining. We demonstrate how autoencoders, variational autoencoders, multimodal models,
attention mechanisms, transformers, and graph neural networks enable pattern analysis and
recognition across all omics data. Deep learning has been found to be effective in illness
classification, biomarker identification, gene network learning, and therapeutic efficacy
prediction. We also consider critical problems like as data quality, model explainability,
whether findings can be repeated, and computational power requirements. We now consider
future elements of combining omics with clinical and imaging data, explainable AI, federated
learning, and real-time diagnostics. Overall, this study emphasises the need of collaborating
across disciplines to advance deep learning-based multi-omics research for precision medicine
and comprehending complicated disorders.

Keywords: deep learning; multi-omics integration; biomedical data mining; precision
medicine; graph neural networks; autoencoders and transformers
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As healthcare becomes more digitized, medical data mining has
emerged as a critical subject for extracting meaningful information
from big and complicated clinical and biological datasets as shown in
Table 1 [1]. In this review, latent patterns refer to hidden structures or
connections in complex multi-omics data that aren’t easily seen with
regular analysis. The patterns are important in medical data mining
because they help find new biomarkers, types of diseases, and insights
that can enhance diagnosis accuracy and the effectiveness of
treatments [1]. Medical data mining is the process of identifying
hidden patterns and correlations in large medical datasets, which is
critical for diagnosis, prognosis, therapy selection, and individualized
treatment planning [2].
Multi-omics approaches extend medical data mining beyond single

data types by jointly analysing multiple molecular layers to obtain a
systems-level view of cellular activity [3]. Instead of focusing on one
omics modality at a time, integrated analysis combines
complementary information across genomes, transcriptomes,
proteomes, metabolomes, and epigenomes, thereby capturing the
complexity of disease mechanisms and treatment responses [3, 4]. A
detailed description of individual omics layers, key repositories, and
integration challenges is provided in the section “Overview of
multi-omics data in medicine”.
Because of new high-throughput technologies and improved

bioinformatics, there is now an enormous volume and diversity of
biological data, which provides both exciting opportunities and
difficult issues for analysis. Currently, biomedical research uses data
from a variety of sources, including next-generation sequencing, mass
spectrometry, imaging, and electronic health records [5]. As the
discipline transitions from reductionist to systems biology methods,
powerful, adaptable, and intelligent analytic tools are becoming more
important. As a result, researchers increasingly recognize that

understanding illnesses such as cancer, diabetes, and
neurodegenerative disorders necessitates an examination of individual
biomarkers as well as the interactions of several biological scales [6].
However, effectively integrating these heterogeneous datasets is
challenging because of differences in data types, noise levels, missing
values, and batch effects, which can obscure true biological signals
and bias downstream models [7]. These multi-omics integration
challenges are elaborated in the later section on multi-omics data,
where we discuss their implications for biomarker discovery and
precision treatment. Conventional statistical approaches cannot
address the complex nonlinear and hierarchical relationships seen in
biological systems [8]. Because omics analysis is split, it provides only
limited insights and precludes the full application of multi-omics
techniques. As a result, the biomedical field is currently adopting deep
learning, a kind of artificial intelligence (AI), to overcome these
challenges [9].
This narrative review examined the role of deep learning methods
such as autoencoders, convolutional neural networks (CNNs) and
graph neural networks (GNNs) in the discovery of unknown patterns
in multi-omics data. Deep learning models use their capability to
comprehend complex patterns and correlation to provide a feasible
way of integrating various types of input and gleaning information.
Case studies and review of recent literature show that these models
can help in illness classification, biomarker discovery, and grouping of
patients, therefore, promoting precision medicine.
The study is relevant and timely as it shows how deep learning can
be useful in making data relevant in therapeutic scenarios. This makes
it contribute to the improved understanding of the functioning of
illnesses, improvement in the accuracy of medical diagnosis and
prognosis, and improvement in the creation of new treatments. In
short, multi-omics and deep learning are revolutionizing biomedical
research and healthcare to become more comprehensive and
data-driven, and more personalized.

Table 1 Comprehensive table on multi-omics and deep learning
Concept Description Implications

Medical data mining
Extraction of meaningful patterns and correlations
from complex clinical and biological datasets for
diagnostic and therapeutic insights.

Enhances diagnosis, prognosis, and personalized
treatment planning.

Multi-omics data
Analysis of genomes, transcriptomics, proteomics,
metabolomics, and epigenomics to provide a holistic
view of cellular functions.

Enables comprehensive understanding of human
health and disease networks.

High-throughput technologies
Advances in sequencing and data acquisition
technologies generating large, diverse datasets for
research.

Offers vast opportunities for discovery but also
complex data analysis challenges.

Biomedical data sources Sources include next-generation sequencing, mass
spectrometry, imaging, and electronic health records.

Provides multifaceted datasets essential for integrated
biomedical research.

Analytical transition Shift from reductionist to systems biology
necessitating powerful and intelligent analytical tools.

Encourages development of adaptable, AI-driven
methods for holistic analysis.

Systems biology relevance
Understanding disease requires analyzing individual
biomarkers and their interactions across biological
scales.

Facilitates identification of novel therapeutic targets
and biomarker interactions.

Integration challenges Integration is hampered by data heterogeneity, noise,
missing values, and batch effects across omics layers.

Necessitates advanced computational methods to
combine and interpret data effectively.

Limitations of conventional
methods

Statistical tools fall short in modeling complex,
nonlinear, and hierarchical biological relationships.

Restricts insights when used alone; limits full potential
of multi-omics studies.

Deep learning applications
Deep learning models like CNNs, GNNs, and
autoencoders offer robust pattern recognition across
omics layers, aiding in precision medicine.

Transforms healthcare by enabling accurate
prediction, classification, and therapy development.

Adapted with permission. Olson K. A Comprehensive Review on Healthcare Data Analytic. Biomed Sustainable Healthcare Appl. 2023;3(2):95–105.
Copyright 2023, AnaPub Publications. CNNs, convolutional neural networks; GNNs, graph neural networks.
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To overcome the heterogeneity of the genomic, transcriptomic,
proteomic, metabolomic, and epigenomic data, multi-omics data
integration involves a systematic preprocessing. The technical steps
followed are as following pipeline.

Harmonization and data acquisition
Data: The data used were obtained in public repositories like TCGA,
Gene Expression Omnibus (GEO), and European Molecular Biology
Laboratory-European Bioinformatics Institute on the profiles of
RNA-seq, DNA methylation, CNV, proteomics, and miRNA.
Sample matching: Incomplete multi-omics profiles in any of the

modalities were discarded due to the consistency of downstream
analysis.

Quality control
RNA-seq: Genes with low expression (e.g., TPM < 1 in 80 per cent of
samples) were discarded.
Methylation: The probes with a high detection P-value (> 0.01),

cross-reactive sites and those that were on sex chromosomes were
eliminated.
Proteomics/Metabolomics: Mahalanobis distance or principal

component analysis (PCA) to identify outliers, then manual curation.

Normalization
Transcriptomic data: Log2 (TPM + 1) transformation and z-score
normalisation among samples.
Proteomics: Quantile normalization and median centering.
Metabolomics: Pareto scaling and log-transformation.
Methylation: Beta-values were transformed into M-values to make

them statistically sound.

Feature selection/dimensionality reduction
Univariate filtering: Variance thresholding (e.g. top 10 percent most
variable features per omics layer).
Statistical test: ANOVA, t-tests or DESeq2 to select differentially

expressed/methylated features.
Biological priors: Inclusion of pathway information (e.g., KEGG,

Reactome) to use in a network-constrained selection.
Dimensionality reduction: Representation of each omic layer was

created by employing autoencoders or PCA to come up with compact
representations.

Techniques of data integration
The various fusion strategies were implemented depending on the
deep learning model:
Early integration (concatenation): All the omics features are

concatenated to a single matrix as the input of CNNs or fully
connected networks.
Intermediate integration: autoencoders or variational autoencoders

(VAEs) trained on an omics-by-omics basis; the latent representations
were integrated through shared layers.
Late integration: The outputs of modality-specific models (e.g., GNN

on transcriptomics, CNN on imaging, recurrent neural network (RNN)
on time-series proteomics) were combined through attention
mechanisms or consensus-based voting systems.
Graph-based integration: Omics data as nodes in biological

interaction networks (e.g., STRING), with edges representing
co-expression or co-regulation; graph convolutional networks (GCNs)
pass signals between layers.

Correction of batch effect
Use of Applied ComBat or Limma-based empirical Bayes to match
datasets that were measured across labs or platforms.

Imputation and data augmentation
Imputed omics features obtained with KNN, missForest, or deep

generative models (e.g. denoising autoencoders).
SMOTE or variational autoencoder based synthetic data generation
in class imbalanced situations.
To enhance transparency and trust in complex models, explainable
AI (XAI) approaches were employed. SHapley Additive exPlanations
(SHAP) values were used to quantify the contribution of each omic
feature to the model’s prediction, while attention-based layers in
multimodal architectures provided direct interpretability of modality
relevance. Local interpretable model-agnostic explanations (LIME)
was applied in black-box scenarios for model-agnostic explanations.
Furthermore, in scenarios involving data from multiple institutions,
federated learning (FL) was considered. FL techniques enabled the
collaborative training of models across distributed omics datasets
without sharing raw data, thereby preserving data privacy. Advanced
methods such as secure multiparty computation and homomorphic
encryption were integrated to ensure confidentiality during model
updates. These techniques address the key challenges of privacy,
interpretability, and reproducibility in large-scale omics AI workflows.

Using multi-omics data has become critical in contemporary
biomedical research, providing fresh insights into the complexities of
health and illness as illustrated in Figure 1 [10]. Multi-omics entails
investigating all “omics” levels simultaneously in order to
comprehend the complicated ways in which cells are controlled
[11–13]. These omics dimensions consist of genomics, which looks at
the entire DNA sequence and the genetic variations that impact
phenotypes and disease chances; transcriptomics, which analyses RNA
expression to reveal gene activity and regulation; proteomics, which
measures proteins that carry out cell functions; metabolomics, which
detects small molecules that reflect biochemical activities and cellular
conditions; and epigenomics, which focusses on changes in DNA and
histones. Each omics layer focuses on a specific but related aspect of
biology, providing further insights into cell function, illness
development, and how the body reacts to treatment [14]. Genomics
provides the fundamental design, while transcriptomics demonstrates
how genes respond to various factors [15]. Proteomics demonstrates
how the response is carried out, while metabolomics exposes the
outcomes of biochemical events, which combined characterise the
body's physiology [16]. Epigenomics, on the other hand, aids in the
regulation of gene activity in diverse tissues and the body's response to
its environment [17]. This technique allows researchers to explore
beyond basic studies and into how complicated illnesses like cancer,
heart disease, and brain problems function.
With so many public repositories accessible, multi-omics research
has been able to access vast amounts of credible data. TCGA is
currently a valuable resource for cancer research, including extensive
data from a variety of omics for a wide range of tumour types [18].
The Genotype-Tissue Expression (GTEx) project provides data on gene
expression and regulation in a variety of non-diseased human tissues,
which is very valuable for comparing normal and aberrant states [19].
GEO collects a vast volume of transcriptomics and functional
genomics data from researchers throughout the globe [20]. In the
same manner, the Encyclopaedia of DNA Elements (ENCODE) project
aims to identify all active portions of the human genome and give
critical information on epigenomics and transcription factors [21].
These repositories, along with other initiatives such as the
METABOLOMICS Workbench and the Human Proteome Project,
contribute to the feasibility of multi-omics investigations and
guarantee that studies are repeatable, can be analysed collectively,
and can be compared across various research [22–24]. Even still,
using such different datasets is challenging due to the significant
computational and analytical hurdles they present. One of the most
significant issues is that data from different omics research do not
match because of changes in how experiments are conducted,
materials are processed, and findings are quantified [25]. Genomic
data typically indicate if a mutation exists or not, but transcriptomics

Multi-omics data preprocessing and integration

Overview of multi-omics data in medicine
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and proteomics provide continuous expression levels, and
epigenomics may incorporate both binary and quantitative measures
[26]. Because of this diversity, it is difficult to normalise, scale, or
model several elements together.
Because there are more characteristics (genes, transcripts, proteins,

and metabolites) than samples, the danger of overfitting increases,
while the model’s capacity to handle additional data reduces [27].
Because high-dimensional data contains a large number of variables,
sophisticated approaches must be used to select key characteristics
and reduce noise [27, 28]. Missing data is widespread in multi-omics
datasets due to technological difficulties, sampling mistakes, or
insufficient profiling of distinct omics [29]. If data is lacking, it may
distort subsequent studies, necessitating the use of specialised
procedures to fill in the gaps [29]. Furthermore, changes in labs,

equipment, or time points during data creation might produce batch
effects, which may obscure actual biological signals and lead to
incorrect results [30]. They should be adjusted using statistical
methods to ensure that the interpretations are valid. Handling these
problems is critical for successfully integrating multi-omics data,
which might lead to the discovery of novel biomarkers, a better
understanding of disease mechanisms, and improved precision
treatment. While multi-omics provides a deep look into human
biology, its full potential can only be realised if key integration
challenges are addressed. Using modern computational methods,
particularly deep learning, is a potential way to address these
challenges and promote overall interpretations, which may
significantly improve biological research and treatment.

Figure 1 Multi-omics data integration and challenges.
Adapted with permission. Babu M, Snyder M. Multi-Omics Profiling for Health. Mol Cell Proteomics. 2023;22(6):100561. Copyright 2023, Elsevier.
GEO, Gene Expression Omnibus; Genotype-Tissue Expression (GTEx); TCGA, The Cancer Genome Atlas.
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Deep learning, which is based on how the human brain functions, has
gained popularity in data-driven research, particularly for analysing
complicated and high-dimensional biological data as shown in Table 2
[31]. An artificial neural network (ANN) is the primary structure,
consisting of many connected nodes that analyse and change data via
a series of mathematical processes [32, 33]. Deep neural networks
(DNNs) are defined as networks with several hidden layers between
the input and output [34]. In these designs, the lower layers detect
basic characteristics while the higher levels acquire more complex
ideas.
CNNs, RNNs, and autoencoders are three of the most prominent

deep learning designs, each designed to handle a certain kind of input
[35]. CNNs excel at detecting local correlations in data by using
image-specific filters, which are increasingly being employed in
biology for sequencing, expression tables, and omics heatmaps [36].
This expertise enables them to model data in DNA, histone, and gene
expression patterns [37]. RNNs are intended to cope with sequential
data by including memory units that store information for a set
duration [38]. This capability is required for building models of gene
regulation, clinical records across time, and changes in different
biological profiles as the illness progresses or medication is
administered.
Autoencoders are a common deep learning model that is

particularly helpful for merging multi-omics data [7]. They are
designed to learn shorter, concealed forms of data by reducing input
data to a smaller area and recreating it with the fewest potential errors
[39]. Autoencoders clean up input data, remove batch effects, and
expose underlying structures in huge omics datasets [7]. VAEs, a
probabilistic extension, enhance capabilities by learning the
distribution of the latent space, allowing them to produce and impute
data, which is critical for multi-omics investigations with missing

values [7, 40].
Deep learning stands out in biomedical applications mostly because
of its ability to learn characteristics autonomously. Deep learning
models, unlike classical machine learning, do not need extensive
human feature building since they can learn from raw data on their
own [41]. This skill is critical for analysing omics data since the
relationships between genes, proteins, and metabolites are often
unclear, nonlinear, and occur in high-dimensional spaces. Deep
learning aids in the discovery of hidden molecular fingerprints that
are difficult to detect using typical statistical approaches due to the
many complicated connections between biological factors [27].
Furthermore, deep learning models can manage vast volumes of data,
making them suitable for biological research. Deep learning can
manage the rising volume and variety of omics data effectively since it
is parallelizable and works with high-performance computers [42].
The capacity to handle big data volumes is very beneficial in
multi-omics investigations because it enables researchers to connect
and analyse data from several biological levels [27].
Furthermore, deep learning excels at detecting patterns that are not
straight lines, which is significant since biological systems are
nonlinear [43]. Biology’s processes are often nonlinear, including
feedback loops, random interactions, and situation-specific
restrictions [44]. Deep neural networks can express these connections
over several layers, enabling them to handle epistatic interactions,
gene-environment interactions, and nonlinear dose-response effects.
Because of this power, deep learning is critical for combining
genomes, transcriptomics, proteomics, and other omics layers to
reveal hidden biological activities and therapy targets.
Taken together, these properties of hierarchical representation
learning, scalability to high-dimensional data, and the ability to model
complex non-linear dependencies make deep learning an attractive
foundation on which more specialised architectures for multi-omics
integration can be built, as detailed in the subsequent section on deep
learning architectures.

Table 2 Deep learning architectures in multi-omics

Deep learning architecture Key features
Applications in multi-omics and
biomedicine Advantages

Artificial neural networks
Basic structure with nodes and
connections that process data
through mathematical operations.

Foundation for all deep learning
models used in biomedical data
mining.

Mimics brain-like processing; flexible
and adaptive.

Deep neural networks
Multiple hidden layers enabling
hierarchical feature learning—basic
to complex patterns.

Facilitates modeling of complex
biological systems and hierarchical
data structures.

Improves model depth and
prediction capability.

Convolutional neural
networks

Uses filters to detect local patterns;
effective for imaging and sequence
data.

Applied to DNA sequences, gene
expression profiles, omics heatmaps,
and image-based datasets.

Captures spatial dependencies; high
performance in biological image
analysis.

Recurrent neural networks
Includes memory units; effective for
sequential or temporal biological
data.

Used in modeling temporal gene
expression, clinical trajectories, and
disease progression.

Captures temporal relationships in
biological sequences and time-series
data.

Autoencoders
Learns compressed data
representations; helps clean and
integrate multi-omics datasets.

Reduces noise, aligns omics datasets,
identifies hidden biological
structures.

Enables data dimensionality
reduction and feature extraction.

Variational autoencoders

Probabilistic extension of
autoencoders; learns latent space
distribution for data
generation/imputation.

Imputes missing data, augments
datasets, and supports integration of
multi-omics layers with uncertainty
modeling.

Enhances robustness and
completeness in data analysis; useful
for sparse datasets.

Adapted with permission. Sharifani K, Amini M. Machine Learning and Deep Learning for Big Data Analytics: a Review of Methods and
Applications. World Inf Technol Eng J. 2023;10(7):3897–3904. Copyright 2024, Elsevier.

Biomedical research and personalised healthcare may now reveal
hidden patterns, valuable traits, and processes that were previously

impossible to uncover using normal approaches as shown in Table 3
[27]. Using deep neural networks to study genomes, transcriptomics,
proteomics, metabolomics, and epigenomics data simultaneously,
researchers have been able to address critical issues in disease
knowledge and clinical decision-making [45]. Disease categorisation
and subtyping, biomarker discovery, gene regulatory network
inference, and medication response prediction are some of the most

Fundamentals of deep learning

Applications of deep learning in multi-omics
medical data mining
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common applications of deep learning in this field, all of which
contribute to the aims of precision medicine [46].
Deep learning is extremely beneficial in multi-omics analysis for

sorting and categorising illnesses, particularly cancer and neurological
disorders [7]. Traditional approaches often fail to detect the minor
changes in molecular markers that help distinguish distinct types of
illnesses, while deep learning (DL) models, particularly convolutional
and autoencoder networks, do a better job of doing so [47]. In cancer
research, scientists have begun to use multi-omics DL models to
classify tumours into significant subtypes by combining mutations,
gene expression, DNA methylation, and protein analysis [48]. As a
consequence, scientists discovered novel subgroups of glioblastoma,
breast, and colorectal cancers with distinct genomic characteristics
and therapeutic responses. Similarly, deep learning models have
assisted researchers in Alzheimer’s and Parkinson’s disease by merging
several forms of data to distinguish between early-stage and late-stage
illness, as well as identify subgroups with varying rates of progression
[49].
Deep learning is also highly promising in biomarker development

because of its capacity to detect precise traits and the fact that it is
understandable to biologists [50]. Most conventional biomarkers are
discovered using statistical approaches, which may not provide a
complete picture of how many variables interact [51]. Unlike other
models, DL models can discover relationships between disease states
or treatment outcomes and several biological layers [7, 27, 47]. For
example, using attention mechanisms and approaches like integrated
gradients or SHAP, researchers may determine which genes,
pathways, or epigenetic markers are most relevant in the model’s
predictions [52]. This skill allows us to better understand illnesses and
leverage our discoveries to develop biomarkers for clinical application
in diagnosis, prognosis, and monitoring.
Deep learning enables scientists to rebuild the complex relationships

between genes that control biological processes [53]. Gene regulatory
networks (GRNs) are often shown as networks with nodes
representing genes or regulatory elements and edges indicating

whether one gene activates or represses another [53]. Traditional
GRN models struggle to manage big and complicated multi-omics
datasets, while RNNs and GNNs are intended to handle both time- and
network-based relationships [54]. They may use information
regarding gene expression, epigenetic marks, transcription factors,
and chromatin accessibility to anticipate how genes are regulated in
various circumstances. For example, variational autoencoder models
have assisted researchers in identifying key regulators in cancer and
the process of stem cell development [55]. They are critical for
understanding how cells pick their destiny, what causes illnesses, and
why certain therapies fail.
Deep learning can currently anticipate how medications will behave
in specific patients, allowing for more personalised treatment
regimens based on a wide range of data [27, 56]. DL frameworks use
genetic mutations, transcriptome markers, proteomic alterations, and
pharmacogenomic data to predict how a patient will respond to
certain medications [57]. They can detect both the effects of
individual medications and the potential consequences of mixing
many drugs. Deep learning for drug repositioning (DeepDR) for
example, integrates deep learning with data on gene expression,
methylation, and mutations to assist doctors in determining the
optimum therapy for each cancer patient [58]. Similarly, integrated
deep learning is currently being used to predict how medications will
function in autoimmune illnesses and mental health issues, where
complicated pathways make it difficult to choose the best therapy
[59].
Overall, deep learning is transforming biomedical research and
clinical practice. Deep learning aids researchers and doctors in illness
classification, biomarker discovery, gene network reconstruction, and
therapy prediction, enabling precision medicine. The following
section builds on these broad application categories by examining
specific case studies and benchmarking efforts that demonstrate how
different architectures and integration strategies perform in real-world
multi-omics settings.

Table 3 Applications of deep learning in multi-omics and precision medicine

Application area
Deep learning
models/techniques used Biological data types involved Key contributions to precision medicine

Disease
classification &
subtyping

Convolutional neural networks
(CNNs), autoencoders

Genomics, transcriptomics, DNA
methylation, proteomics

Improved classification of cancer (e.g., glioblastoma,
breast cancer) and neurodegenerative diseases (e.g.,
Alzheimer’s, Parkinson’s); identification of subgroups
with distinct molecular profiles.

Biomarker
discovery

Attention mechanisms,
integrated gradients, SHAP

Gene expression, epigenetic
modifications, pathways

Uncovered complex interactions between molecular
traits; facilitated clinical translation of disease-specific
diagnostic, prognostic, and monitoring biomarkers.

Gene regulatory
network
inference

Recurrent neural networks,
graph neural networks,
variational autoencoders

Gene expression, transcription
factors, chromatin accessibility,
epigenetics

Enabled reconstruction of complex gene regulation
networks, identification of master regulators, and
understanding of disease mechanisms and therapeutic
resistance.

Drug response
prediction

Integrated DL frameworks (e.g.,
DeepDR), CNNs, multi-omics
neural models

Genetic mutations,
transcriptomic and proteomic
markers, pharmacogenomics

Personalized therapy predictions based on multi-omics
inputs; optimization of drug choice and combination
strategies in cancer, autoimmune, and psychiatric
diseases.

Adapted with permission. Mukherjee A, Abraham S, Singh A, Balaji S, Mukunthan KS. From Data to Cure: A Comprehensive Exploration of
Multi-omics Data Analysis for Targeted Therapies. Mol Biotechnol. 2024;67(4):1269–1289. Copyright 2024, Springer Nature. CNNs, convolutional
neural networks; DeepDR, deep learning for drug repositioning; SHAP, SHapley additive exPlanations.

Because multi-omics data is complicated and diverse, it necessitates
sophisticated computational approaches to extract useful information
as illustrated in Figure 2 [27, 40, 45]. Building on the general deep
learning principles described earlier, specialised architectures have

been developed to encode each omics modality, fuse complementary
information, and exploit known biological structure. Autoencoders,
VAEs, multimodal deep learning, attention mechanisms such as
transformer networks, and GNNs are among the finest DL designs for
dealing with different kinds of input [7, 40, 59]. Every architecture
contributes something unique to the processing of omics data, making
it simpler to model illnesses, find biomarkers, and apply analytics to
precision medicine.
Many researchers employ AEs and VAEs to incorporate various

Deep learning architectures for multi-omics
integration
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kinds of omics data because they can do unsupervised learning [7,
40]. AEs reduce omics data from several dimensions to fewer,
preserving the fundamental biological changes while removing any
unnecessary noise [60]. Following that, the latent representation may
be used to perform tasks such as grouping, class identification, and
data visualisation. VAEs include a probabilistic layer into the
architecture, allowing them to manage data uncertainty and generate
fresh fake samples [55, 61]. When it comes to multi-omics, VAEs excel
at merging several omics layers by learning representations that
emphasise biological commonalities. For example, utilising VAEs,
researchers were able to connect transcriptomic and methylomic data
to discover novel cancer types with distinct predictive outcomes [62].
VAEs may also help fill in data gaps, which is a common challenge in
multi-omics research [7, 40, 62, 63].
Another method for integrating multi-omics data is to use

multimodal deep learning models, which are designed to handle data
from many kinds of experiments simultaneously [5, 7, 40, 56, 58].
Each sort of omics data is processed by its own branch, and all of the
branches’ information is combined in a final common layer for
interpretation. It manages each data type’s specific statistics while also
allowing for detailed modelling of how multiple forms of data interact
with one another. A multimodal neural network might use
convolutional layers for genomic pictures, dense layers for expression
tables, and recurrent layers for epigenomic sequences [64]. The next
stage is to combine the signals and create a full biological picture that
may aid in activities such as grouping patients or predicting their
survival [5, 56]. This approach improves the model’s performance
while also making it easy to identify how each omics category
influences the final output.
Multi-omics analysis now includes attention processes and

transformer structures to improve inter-omics modelling. Attention
processes allow the model to prioritise the most relevant biological
signals for each task [5, 40, 47, 65]. For example, when predicting the
effects of a medicine, an attention-based model might prioritise
drug-targeted gene pathways above extraneous information [66].

Transformers were originally used in natural language processing, but
they now utilise self-attention to identify links between all inputs
[67]. In multi-omics, transformers may reflect complex, far-reaching
linkages between genes, proteins, and epigenetic markers at all omics
levels [68]. It is particularly important when attempting to
comprehend various kinds of illnesses and the processes behind them,
since the impacts of biology may be observed in several levels and do
not necessarily follow a linear sequence.
GNNs take a novel approach to multi-omics integration, presenting
biological data as graphs rather than simply vectors or sequences [69].
Nodes in these graphs may be genes, proteins, metabolites, or patients,
while edges represent the different ways genes or proteins interact, are
co-expressed, or belong to the same pathway [70]. The structure
enables GNNs to update the characteristics of each node while taking
into account information from its neighbours, allowing them to learn
both local and global topological data. This is especially useful in
multi-omics investigations, where established biological networks
(such as protein-protein interaction maps and transcription factor
binding networks) may be utilised to guide the process. To
demonstrate, GNNs have merged proteomic and transcriptome
information in cancer research by using signalling pathway
information, resulting in more accurate predictions and more relevant
findings [69, 71, 72]. Furthermore, GNNs are inherently simple to
grasp since researchers can track the information as it flows through
the network and identify key regulatory regions or groups [72].
In practice, the choice of architecture depends on the scientific
question and data structure: autoencoders and VAEs are preferred for
unsupervised representation learning and data completion,
multimodal networks for flexible fusion of heterogeneous inputs,
attention and transformers for capturing long-range dependencies,
and GNNs when prior biological networks are available. Rather than
re-stating the general advantages of deep learning, this section
emphasises how different architectures operationalise those
advantages for multi-omics integration.

Figure 2 Deep learning for integrating multi-omics data.
Adapted with permission. Ballard J, Wang Z, Li W, et al. Deep learning-based approaches for multi-omics data integration and analysis. BioData
Min. 2024;17(1):38. Copyright 2024, Springer Nature. VAE, variational autoencoder.
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To complement the conceptual application areas described above, this
section summarises representative case studies and benchmarking
efforts that apply DL to multi-omics data in concrete disease settings
as shown in Table 4 [26, 27, 57, 73–75]. By examining specific
models, datasets, and evaluation metrics, these examples illustrate
how DL-based approaches behave in practice and how they compare
with classical machine learning (ML) methods.
Lee employed a deep autoencoder to incorporate transcriptome,

epigenomic, and miRNA data from TCGA to predict survival
subgroups in hepatocellular carcinoma [58, 76]. The DL model was
able to classify patients into more accurate risk groups than classic
clustering methods like k-means and PCA [77]. It is worth mentioning
that the autoencoder’s latent features caught the complex interactions
between diverse omics data, resulting in better survival prediction and
subgroup separation than standard techniques [5, 56, 78]. It
highlights how deep learning can transform challenging and complex
omics data into clinically relevant tools. Another major study, Zitnik
et al. (2019), developed a GCNs model that integrates data from
genomic, transcriptomic, proteomic, and chemical structure networks
to discover new therapeutic applications [73]. GCN outperformed
random forest and Support Vector Machines (SVM), in predicting
drug-disease connections, demonstrating that graph-based deep
learning is useful for such applications [79]. Modelling the
relationships between genes, proteins, and pathways could lead to
novel strategies to treat diseases, demonstrating the potential of deep
learning in drug discovery and repositioning. This method of learning
shifted from focussing on individual aspects to examining the whole
structure, providing a biologically sound technique to combine
various omics data [80].
Another notable example is the Deep Learning for Multi-Omics

Integration (DeepMO) stands for model (Lin et al. 2020), which
employed a deep neural network to combine genomes,
transcriptomics, and epigenomics to classify various forms of cancer
[74]. DeepMO outperformed logistic regression, naïve Bayes, and

random forests for classification, particularly with noisy and
incomplete data [81]. It employed subnetworks for each type of input
and attention-based fusion, allowing the model to select the most
significant omics layer for each prediction. Because DL can handle
data in a variety of formats, it is more useful than classical ML, which
typically assumes that the value of features remains constant and does
not operate well with missing data.
The same results are obtained when benchmarking studies are
conducted on diverse datasets. Nguyen et al. (2021) compared the
performance of deep learning models such as autoencoders, CNNs,
and variational models to random forests, decision trees, and SVMs for
breast cancer subtype classification and survival analysis [75]. It was
regularly discovered that DL models performed better in Area under
the Curve (AUC), recall, and error reduction, particularly when more
than two omics modalities were utilised. Another advantage of these
models was their ability to deal with noise and missing data, making
them more effective in a variety of datasets and validation groups.
Stories of effective DL integration in multi-omics research are now
being used in therapeutic contexts. For example, deep learning is
applied in non-small cell lung cancer (NSCLC), and a DL model trained
on various forms of data was able to accurately predict treatment
response [82]. This strategy enabled clinicians to select the most
successful therapies while avoiding ineffective ones, reducing both
patient troubles and costs. Similarly, utilising DL models that
incorporate transcriptome and proteomic data has enabled the early
detection of Alzheimer’s disease, even before clinical symptoms
appear [83].
Recent studies on other diseases have found that DL models can
capture complex multi-omics patterns in both cancer and non-cancer
contexts, reinforcing the application themes described earlier disease
subtyping, biomarker discovery, regulatory network inference, and
treatment response prediction while grounding them in concrete
datasets and benchmarking protocols [7, 11, 27, 40, 56, 72, 74, 84].
Instead of restating these applications in general terms, the case
studies emphasise how specific architecture choices and integration
strategies translate into measurable gains in predictive and clinical
utility.

Table 4 Case studies on deep learning applications in multi-omics
Study DL model studied Omics data integrated Biomedical application Performance compared to ML

Mukherjee et al.
(2024) [27]

Deep autoencoder
Transcriptomics,
Epigenomics, miRNA

Hepatocellular carcinoma
survival subgroup
prediction

Outperformed k-means and PCA in
survival prediction and risk stratification

Zitnik et al.
(2019) [73]

Graph convolutional
network

Genomics, Transcriptomics,
Proteomics, Chemical
Structure Networks

Drug discovery and
repositioning

Outperformed random forest and SVM in
drug-disease association prediction

Lin et al. (2020)
[74]

Deep neural network
with attention-based
fusion

Genomics, Transcriptomics,
Epigenomics

Cancer subtype
classification

Outperformed multiple ML integration
approaches, elastic net, random forest,
ensemble methods, multiple kernel
learning

Nguyen et al.
(2021) [75]

Autoencoders, CNNs,
VAEs

Genomics, Transcriptomics,
Proteomics

Breast cancer subtype
classification and survival
prediction

Higher AUC, recall, and reduced error
than random forest, decision trees, SVM

NSCLC DL Model
Davri et al.
(2023) [26]

Multi-input DL model Genomics, imaging, clinical
data

NSCLC treatment
response prediction

Enabled accurate therapy predictions,
better patient outcomes

Alzheimer’s early
detection model
Ogunjobi et al.
(2024) [57]

Transcriptome +
Proteome DL
Integration

Transcriptomics, Proteomics
Early Alzheimer’s
detection

Detected disease prior to clinical
symptoms, improving early intervention

AUC, area under the curve; CNNs, convolutional neural networks; ML, machine learning; PCA, principal component analysis; SVM, support vector
machine; VAEs, variational autoencoders.

Even though DL has enormous potential for medical data mining in
multi-omics, various barriers prevent it from being properly utilised in
research and clinical settings as shown in Table 5 [7, 84]. Such
barriers affect technological, methodological, and infrastructure

Case studies and benchmarking

Challenges and limitations
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elements, therefore designers and users of DL models should proceed
with caution and critical thought. Recognising these limitations is
critical for improving the discipline both scientifically and clinically.
This section addresses five major issues: data quality and annotation,
model explanation, overfitting and generalisation, repeatability and
standardisation, and computational resources. The main and
long-term issue is that inadequate data and annotations can
significantly impair the usefulness and accuracy of deep learning
models [85, 86]. Most multi-omics datasets have issues with noise,
missing data, incorrect labelling, and insufficient clinical data [5].
Technical variability, batch effects, and measurement mistakes in
high-throughput technologies such as genomics, transcriptomics,
proteomics, and metabolomics can all diminish data accuracy [87]. In
addition, many public datasets lack clear and standard annotations,
particularly for clinical outcomes and phenotypes, making it difficult
to train and evaluate models. As a result of these flaws, DL models
may be inaccurate and may not perform well in many contexts,
indicating that we need to enhance data cleaning, imputation, and the
usage of well-annotated data sets.
Another critical issue is that DL models must be intelligible and

transparent, which is still a major worry when utilising DL to make
biological decisions [65]. While classic statistical models are simple to
explain, deep neural networks operate in a complex manner [88].
Failure to be upfront about the approach might raise serious ethical
and medical concerns, particularly in cases involving cancer diagnosis
and treatment response prediction. Even though techniques like
SHAP, attention mechanisms, and layer-wise relevance propagation
have been developed to improve model interpretability, they are
continually evolving and lack a consistent set of best practices [89]. It
is critical to strike a balance between how complicated a model is and
how simple it is to understand, so that both doctors and regulators
believe it.
Using deep learning models in multi-omics presents additional

challenges due to the potential of overfitting and poor generalisation
[7, 56, 84]. Because there are numerous features but few instances in
omics data, DL models are more likely to recall the training data than
to discover patterns that can be applied elsewhere. When models are
evaluated on new data, their performance typically reduces
dramatically. Overfitting can be reduced by dropout regularisation,

early halting, data augmentation, and transfer learning, but all of
these require careful adjustment and domain understanding [90].
Furthermore, the intrinsic heterogeneity and diversity observed in
patients, diseases, and diverse omics platforms make the task more
complex [91].
It is also challenging to achieve consistent results while adhering to
established methods. It is still difficult to replicate DL investigations in
biological research because there are no standard methods for
handling data, designing models, adjusting hyperparameters, and
reporting results [92]. If many research organisations use the same
deep learning algorithm with different settings, the findings may
differ. Furthermore, many published models lack the code or data
required for independent verification and reuse. Because of this lack of
transparency, the field is not moving forward as swiftly as it should.
Following Findable, Accessible, Interoperable, and Reusable (FAIR)
data principles and developing standardised ML pipelines are required
to address these issues and ensure that results are reproducible [93].
The demand for computing resources might be difficult to meet,
particularly in areas with limited infrastructure. Deep neural
networks, particularly those that combine many omics layers, require
a significant amount of memory, storage, and computational capacity
to train, hence high-performance computing (HPC), systems or
cloud-based GPUs are typically required [94]. Such requirements may
preclude small research groups or universities in resource-limited
areas from participating in research. Because energy-intensive
computations hurt the environment, there is a growing interest in
discovering ways to improve deep learning algorithms [95]. People
are looking into model pruning, quantisation, and federated learning
to reduce the amount of compute required while preserving model
performance [96]. Overall, deep learning excels at handling
complicated biological data, but its application in multi-omics medical
data mining presents numerous challenges. To maximise the potential
of deep learning in precision medicine, we must address concerns such
as data quality, interpretability, overfitting, reproducibility, and
computing intensity. To address these concerns, experts in
bioinformatics, computer science, clinical medicine, and regulatory
policy must collaborate to create robust frameworks that ensure
accuracy, ethical behaviour, and equitable access to AI-based
healthcare services.

Table 5 Challenges and solutions in deep learning for multi-omics integration

Challenge area Description Proposed solutions Implications for precision
medicine

Data quality and
annotation

Multi-omics data often suffer from noise,
missing values, batch effects, and poor
clinical annotation, impairing DL model
accuracy and reliability.

Enhance data preprocessing,
annotation, cleaning, and imputation;
adopt standardized, high-quality
clinical datasets.

Improved data quality will enhance
predictive accuracy and clinical
relevance of DL models in
multi-omics.

Model explanation
and interpretability

DL models are complex and difficult to
interpret compared to traditional statistical
models; lack of transparency may raise
ethical and clinical concerns.

Use SHAP, attention mechanisms, and
relevance propagation; develop best
practices for explainable AI in omics.

Interpretable models foster clinician
trust and regulatory acceptance,
enabling real-world application of
DL.

Overfitting and
generalisation

High-dimensional omics data with limited
samples can lead to overfitting; models may
fail to generalize to new datasets without
proper regularization.

Apply dropout, early stopping, data
augmentation, and transfer learning;
require domain expertise for tuning.

Better generalisation will allow
models to be robust across diverse
patient populations and datasets.

Repeatability and
standardisation

Absence of standardized DL protocols leads
to difficulty in reproducing results;
inconsistencies in code, hyperparameters,
and data handling hinder validation.

Follow FAIR principles; create
standardized ML pipelines and open
access code repositories for
reproducibility.

Reproducible workflows improve
confidence in DL applications,
facilitating clinical translation and
policy adoption.

Computational
resource demands

Training DL models requires significant
computing resources (e.g., GPUs, HPC);
limits participation from low-resource
settings and increases environmental costs.

Adopt model compression, pruning,
quantization, and federated learning
to reduce compute needs; expand
cloud-based research support.

Resource-efficient DL strategies
promote equitable access to
AI-driven healthcare innovations
globally.

Adapted with permission. Mohammed MA, Abdulkareem KH, Dinar AM, Zapirain BG. Rise of Deep Learning Clinical Applications and Challenges in
Omics Data: A Systematic Review. Diagnostics. 2023;13(4):664. Copyright 2023, MDPI. FAIR, Findable, Accessible, Interoperable, and Reusable.

Multi-omics medical data mining is a fast-growing area, facilitated by

the development of DL and AI technology [74, 78]. Nevertheless,
there are major challenges in translating these research advances into
clinical practice. To address this issue, new approaches need to focus
on key technical and practical problems, such as making data
consistent, dealing with different types of data, and aligning clinical,

Future perspectives
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imaging, and molecular data over time and space [83, 85–87]. We
discuss some of the future-oriented views below, addressing certain
unresolved issues to fully realise their potential.
Integrated multi-modal data fusion combining multi-omics data

with clinical data and medical images could create detailed models
that better show the differences in diseases and individual patients.
Although omics data are rich in molecular data, they can be deficient
in the spatial and anatomical contextualisation provided by imaging
modalities, such as MRI, CT, and PET, or in temporal dynamics, such
as electronic health records (EHRs) [5]. In theory, multimodal
transformers and graph neural networks, which are types of deep
learning models, can combine all these different types of data to
improve how we predict and plan treatments for diseases [96–99].
Key challenge: An important challenge is that there is no standard for
data formats and ontologies across these domains, which hinders
successful fusion and interpretation. Additionally, it is very difficult to
match data that have different levels of detail in space and time, such
as gene expression profiles and imaging scans. With stricter privacy
laws, like HIPAA and GDPR, FL presents an attractive decentralised
model for training AI models collectively without sharing data directly
[98–100]. This strategy will allow institutions to develop strong
models with distributed multi-omics data without infringing on
patient confidentiality. The main challenge is that FL faces real-world
issues related to differences in data types, maintaining model stability,
and managing communication costs, despite its enormous potential.
The sequencing depths, population biases, and EHR structures may
differ across different institutions, which makes it difficult to
harmonise the models. Also, FL should be applied to hospitals, where
scalable and secure infrastructures are still rudimentary.
XAI in Omics Research: Complex DL models lack transparency,

which reduces clinical trust and acceptance by regulators [101].
Explainable AI tries to uncover the biological reasons for the model’s
predictions using tools like saliency maps, attention mechanisms, or
counterfactual reasoning. Major limitation: Existing XAI approaches
do not necessarily yield biologically interpretable explanations, and
they are known to be inadequate in high-dimensional omics data. One
of them is the lack of incorporation of domain-specific priors, like
pathway databases, gene ontologies, or known molecular interactions,
into the learning process. Specifying standardised explanation
measures for use in a medical setting is also crucial.
Real-time multi-omics diagnostics and decision support the

development of biosensors, edge computing, and high-throughput
sequencing enabling the possibility of real-time diagnostics using
multi-omics data [102]. By using real-time information from wearable
devices, lab results, and clinical notes, deep learning models can help
keep track of patients, spot diseases that are getting worse, and
provide immediate personalised treatment [103, 104]. Key challenge:
To achieve this vision, it will require the creation of
stream-compatible machine learning models capable of processing
temporal-dependent streams of varying data. In addition to that,
real-time deployment should focus on regulatory compliance,
low-latency computing infrastructure, and integration into clinical
workflows, which remain in their infancy. The combination of deep
learning and multi-omics data integration can bring transformative
power to precision medicine. Nevertheless, to convert existing
advances into clinically applicable instruments, a number of strategic
areas should be covered. The main disadvantage of existing deep
learning models is the fact that they are black-boxed. Future studies
should focus on creating inherently interpretable models, e.g.,
attention-based mechanisms or concept bottleneck models, which can
give clinicians explanations of their decisions.

As outlined in the “Challenges and limitations” section, issues such as
batch effects, missing values, and limited interpretability remain
major barriers to deploying DL models in practice. Future work,

therefore, needs to move from merely describing these problems to
systematically implementing and evaluating concrete solutions, some
of which are summarised below.

Assuring data quality in multi-omics integration
Deep learning can be a very important tool in multi-omics analysis,
but only to the extent that the input data is of high quality, complete,
and consistent. Promising directions for improving data quality
include.
Normalization and batch effect correction: The data normalization
and the correction of the batch effect can be achieved with the help of
such tools as Combat-Seq or surrogate variable analysis.
Missing data imputation: Denoising autoencoders or generative
adversarial imputation nets are deep generative models that provide
effective imputation of missing values in transcriptomic and
proteomic data.
Noise reduction: Wavelet transforms, low-rank matrix
approximations or PCA may be used to denoise high-throughput omics
datasets without sacrificing important biological signal.
Quality control pipelines: The inclusion of pipelines like FastQC (in
genomics) and MSstats (in proteomics) would make sure that the
low-quality or low-coverage dataset is discarded prior to entering a
model.

Enhancing model interpretability
Deep learning models cannot be used clinically without
interpretability. Rather than re-listing interpretability as a challenge,
future research should prioritise the systematic use and benchmarking
of the following technical strategies.
SHAP: Provides feature-wise attribution values, so it is possible to
identify molecular drivers in a prediction with precision.
Integrated gradients: It highlights the most significant features that
contribute to the output of a neural network in various layers,
particularly in CNNs and transformers.
Attention mechanisms: In multi-modal models, in particular,
attention-based architectures (e.g., transformers) are capable of
automatically assigning different weights to different omics layers or
individual genes when making predictions.
Concept bottleneck models: In these models, intermediate
representations are constrained to correspond to human-interpretable
concepts (e.g. pathway activity), which allows the decision process to
be transparent and better validated.
Model disentanglement: Disentangled latent space: VAEs enable the
decomposition of individual biological factors that can be examined
independently.

Confirmation and credibility
In order to make sure that interpretability is not deceptive, it is
necessary to:
Confirm explanations with biological priors (e.g. KEGG, GO
annotations).
Use stability tests (e.g., explainability consistency with data
perturbation).
Cross-validate the results of various explanatory methods using
model-agnostic interpretability toolkits (such as LIME, ELI5 and
Captum).
By explicitly linking these solution-oriented strategies to the earlier
discussion of challenges, the future-perspectives section avoids
repeating the same lists of limitations and instead emphasises how the
field can move towards robust, trustworthy, and clinically actionable
deep learning models for multi-omics data.

The combination of deep learning and multi-omics data mining is a
potentially life-changing transition in biomedical research that
presents immense potential to advance our knowledge of the
biological complexity of human health and disease. This review looks

Solving data quality and model interpretability
in deep learning in multi-omics

Conclusion
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at how deep learning is currently being used to analyse multi-omics
medical data, emphasising its growing importance in new precision
medicine efforts. The results indicate that deep learning models, due
to their hierarchical representation and scalability, may be the best fit
to manage the high-dimensional, heterogeneous, and non-linear
nature of multi-omics data. Neural network architectures, including
DNNs, CNNs, RNNs, autoencoders, and GNNs, have shown potential in
disease classification, biomarker identification, regulatory network
inference, and personalised therapeutic prediction. One of the key
strengths of deep learning is that it can discover latent, possibly
physiologically meaningful patterns that may not be detected by
traditional statistical and traditional machine learning methods.
Unlike traditional methods, deep learning models can automatically
learn important features from the raw input data without needing
manual adjustments, which can be quicker and help the models work
better in different situations. Some of the applications discussed in this
section demonstrate that deep learning models have the potential to
have more success than conventional methods in addressing
challenging biomedical problems, including tumour subtyping, gene
interaction prediction, and individualised drug response prediction.
These developments, which are still being developed, can possibly
have significant implications for clinical practice, as they bring us
closer to a personalised, data-driven healthcare system that allows
early disease identification, individualised treatment planning, and
dynamic monitoring. Recently, new types of deep learning models,
like variational autoencoders, transformers, and graph-based models,
have made deep learning even more helpful in combining different
types of biological data with clinical or imaging information. These
integrative models can offer a better picture of the health of patients,
contributing to more accurate diagnostics and systems-level
understanding of the disease process. Although the above
developments are encouraging, there are still several issues. Concerns
about the data quality, interpretability, reproducibility, and scalability
of computations remain a major hindrance to widespread clinical
adoption. However, recent developments like XAI, federated learning
to train models in a privacy-preserving manner, and real-time
diagnostic algorithms point to positive future research and practice.
The technical advancements alone may not be sufficient to make deep
learning a successful long-term approach to multi-omics data mining,
but rather will require long-term interdisciplinary collaboration.
Collaboration between computational scientists, bioinformaticians,
clinicians, biologists, ethicists, and policymakers will be necessary to
ensure that the models developed will be not only scientifically sound
but also ethically responsible, clinically actionable, and of societal
good. To conclude, the synergy between deep learning and
multi-omics data analysis promises to be a game-changer in the field
of disease comprehension, diagnosis, and treatment, but achieving this
promise will necessitate optimism, rigorous testing, and teamwork. In
this age of data-driven medicine, the responsible use of this powerful
intersection can play a key role in the future of medicine with greater
precision, a more profound understanding, and more compassion.
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