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ABSTRACT

Cancer is a heterogeneous disease defined by various molecular changes that impacts disease
progression, prognosis and therapeutic response. Precise molecular subtype identification is
necessary for precision oncology, allowing personalized treatment strategies and enhanced
clinical outcomes. Development in transcriptomic technologies, specifically microarray and
RNA sequencing (RNA-seq), have produced large-scale gene expression datasets that give
valuable insights into tumour biology. However, the high dimensionality and intricacy of
these datasets pose greater challenges for conventional analytical methods. Deep learning is a
robust computational approach efficient to automatically learn complex patterns and extract
meaningful features form high dimensional transcriptomic data.

This review outlines the recent development in deep learning techniques for molecular cancer
subtype identification using transcriptomic datasets obtained from microarray and RNA-seq
platforms. The review discusses prevalent architectures, such as artificial neural networks,
deep neural networks, autoencoders, transformer-based models, highlighting their
applications in identification cancer subtypes. Recent progress in pan-cancer studies and
transcriptomics-based deep learning frameworks are discussed to demonstrate their ability to
improve subtype discovery and prognostic stratification. Additionally, the review examines
existing challenges such as limited sample sizes, model interpretability, batch effects, and the
need for external validation. Future perspectives highlight the combination of explainable
artificial intelligence, and emerging transcriptomic technologies including single-cell RNA
sequencing to enhance the robustness, accuracy and clinical applicability of deep learning

models.
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INTRODUCTION

Cancer is a heterogenous disease stimulated by the random somatic mutations and it is fuelled
by genomic changes due to the uncontrolled abnormal cell growth and their spread to the
other cells and tissues. Cancer damages the intracellular homeostasis of the patient and thus is
it 1s a life- threatening diseases. Cancers have been traditionally classified based on their
histopathological features, anatomical origin and clinical parameters. However, the traditional
classification methods fail to capture the underlying molecular details of the same cancer
type. Advances in highly efficient molecular technologies have disclosed that tumours arising
from the same tissue can be divided into unique molecular subtype with distinct genomic
features, biological pathways, therapeutic responses and prognostic patterns. Thus, molecular
cancer subtyping has become an important element of precision oncology.

The subtypes have major implications for tumour biology, aetiology and prognosis for
various cancer research (Shen et al., 2022) . The precise identification of molecular subtypes
allows better risk stratification, targeted therapies selection, treatment response prediction,
personalized treatment strategy development. Identifying the molecular subtypes of the
tumours on the basis of multi-omics data is one of the key issues in present cancer research
(Qianxing Mo et al., 2018). Hence the precise cancer subtype will aid in understanding the
pathogenesis of cancer, enhance patients’ survival rate and promotes precision medicine and
cancer genomics (Berger & Mardis, 2018).

Initial cancer subtyping studies focused mainly on single omics data and general clustering
algorithms(Rappoport & Shamir, 2018). As the sequencing technology rapidly developed,
various cancer related multiomics data have also been used. The Cancer Genome Atlas
(TCGA), Pan-Cancer Analysis of Whole Genomes (PCAWG), International Cancer Genome
Consortium (ICGC) are some of the large-scale international cancer research consortium
which supply huge number of multi-omics and clinical data on various kinds of cancers.
These data have improved the growth of cancer genome research. Transcriptomic
technologies such as microarray and next-generation sequencing-based RNA sequencing
(RNA-seq) played a vital role in discovery of molecular cancer subtypes. Microarray
platforms have helped in identification of various clinically relevant molecular signatures.

RNA-seq also found to have provided higher sensitivity, and enhanced the identification of
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novel transcripts. Hence several large-scale analyses have reported the benefits of integrating
multi-omics data in cancer subtyping studies on multiple cancers (Subramanian et al., 2020).
Although there is an accessibility to high dimensional transcriptomic data, due to various
factors the molecular subtype classification still remains challenging. Gene expression
datasets generally contain thousands of features but very fewer patient samples, that leads to
a high-dimensional low-sample-size issue. Biological variability among patients, batch
effects in sequencing platforms, differences in cancer cohorts and class imbalance enhances
the complication in computational modelling. Traditional statistical and machine learning
methods could not tackle this issue due to their dependence on manual feature selection and
their limited ability to comprehend complex nonlinear relationships in gene expression
patterns. However, the recent advancement in machine learning techniques, specifically deep
learning eases the handling of large and high dimensional data (Guo et al., 2019a).

Deep learning has appeared as a strong computational approach for its capability to learn
hierarchical representations from high-dimensional data and its high capacity in extracting
dense representations from data samples (P. Zhang et al., 2022) and hence for cancer subtype
identification, several deep learning-based models have been developed. Unlike standard
approaches, deep neural network has the ability to recognize complex interactions in genes
without manual feature engineering. Deep learning architectures such as deep neural
networks (DNN), recurrent neural networks (RNN), convolutional neural networks (CNN),
Graphical neural networks (GNN), autoencoders and transformed models have been used in
subtype identification.

Despite the promising performance of deep learning in molecular cancer subtype
identification, many problems are still not addressed. Small sample sizes, insufficient
biological interpretation of learned features, lack of independent validation cohorts and
limited clinical applicability are the limitations of the existing studies. Besides these, earlier
studies were focused on general cancer classification, broad ML approaches with less
prominence on deep learning for molecular subtype identification using RNA-seq and
transcriptomic data.

Hence, this study aims to analyse deep learning approaches for molecular subtype
identification from transcriptomic data. The study focuses on deep learning methodologies
used for analysing RNA-seq and microarray datasets, including their datasets, evaluation
strategies, limitations and future research directions. It covers recent advances from standard
deep neural networks to transformer based and biologically informed models, this study gives

insights into the present state and future prospective of deep learning in oncology.
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Deep learning approaches to cancer subtype identification

Autoencoders have been used in transcriptomic analysis for their ability to perform nonlinear
dimensionality reduction and obtain latent biological representations from gene expression
profiles. CNNs have been used for image analysis and gene expression classification. GNNs
are known for their ability to incorporate biological relationships including protein-protein
interaction networks and gene regulatory networks. Newer generation of deep learning
architectures such as Transformer and attention-based models have the ability to capture
complex dependencies among genes and enhance representation learning from large-scale

genomic datasets.

Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNs) are one of the deep learning architectures used in gene
expression analysis during the initial days. ANNs are made up of interconnected layers of
artificial neuron that changes the input gene expression values into a highly abstract feature
representations via nonlinear activation functions. While training, the network comprehends
optimal weights which reduces the classification errors, enabling it to differentiate molecular
cancer subtypes on the basis of complex gene expression patterns.

Various studies have illustrated that whenever adequate data is available for training, ANNs
outperform standard statistical approaches. They are capable to model non-linear
relationships between genes thus considered a good fit for identifying a finest molecular
difference among cancer subtypes. However, when used on transcriptomic datasets with
lesser sample sizes, they are sensitive to overfitting and sometimes to enhance generalization,
they need regularization techniques including dropout or early stopping (Alharbi & Vakanski,
2023; Lin et al., 2020).

Deep neural networks

Deep Neural Networks (DNNSs) are artificial neural networks made up of multiple hidden
layers which automatically learn the intricate patterns from high-dimensional transcriptomic
data. DNNS can isolate hierarchical features from gene expression profiles therefore they are
used for identification of molecular cancer subtypes(Y. Liu et al., 2025).

DeepCC is a DNN-based framework that can change the gene expression data into pathway-
level functional features with the use of Gene Set Enrichment Analysis (GSEA) before
classification. This minimizes the platform-specific bias and enhances the precise

classification of each cancer samples of different datasets (Gao et al., 2019). Within a single
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deep learning framework, DeepType integrates supervised learning, unsupervised clustering,
and dimensionality reduction and identifies breast cancer subtypes. The model exhibits an
improved subtype discovery and demonstrated better clustering performance than the
conventional computational methods with the use of a few informative genes (R. Chen et al.,

2020).

Autoencoders

Autoencoders are unsupervised neural networks built to squeeze high-dimensional
transcriptomic data into lower-dimensional latent representations while also retaining the
important biological information. These latent features decrease the redundancy and noise,
rendering them a good fit for cancer subtype discovery.

One of the early studies illustrated that unsupervised deep learning could grasp biologically
meaningful and essential representations from glioblastoma gene expression data. The latent
features produced by the model identified the clinically pertinent tumour clusters, such as
glioma CpG island methylator phenotype (G-CIMP), and apprehended the connections with
essential driver mutations including IDH1, EGFR, and NF1. The model revealed biologically
meaningful methylation-related patterns even though they were trained solely on gene
expression data, featuring the ability of deep learning to reveal hidden molecular
relationships (Young et al., 2017).

Another study used Hierarchical Stacked Autoencoder (HI-SAE) framework integrated gene
expression and alternative splicing profiles for identification of cancer subtypes. This
framework learns the major representations from each transcriptomic dataset and eventually
assimilate them into a unified latent representation. HI-SAE identified the important breast
cancer subtypes and revealed that combining alternative splicing information enhanced the
subtype discrimination, featuring the complementary role of transcriptomic regulatory
mechanisms in cancer classification(Guo et al., 2019b).

Autoencoders have also been applied to multi-omics data. In one of the studies, Deep
Learning Fusion Clustering (DLFC) framework integrated mRNA expression, miRNA
expression and DNA methylation for identification of breast cancer subtype by combining
stacked autoencoders and conventional autoencoders. By adding prior biological knowledge
while performing feature learning, the framework produced informative latent representations

that enhanced the clustering accuracy compared with standard methods.
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Graph Neural Networks

Graph Neural Networks (GNN) indicate recent progress in transcriptomic analysis by clearly
modelling biological relationships among genes. GNNs build graphs in which genes are used
as interconnected nodes, allowing the learning of complex molecular interactions unlike
standard neural networks which treat genes as independent features.

A recent study has built a framework named sing-cell and bulk transcriptomic graph deep
learning (scBGDL) combined single-cell RNA sequencing with mass transcriptomic data to
enhance cancer subtype identification. The model used Graph Attention Networks,
MinCutPool layers and Transformer modules to catch gene-gene interactions and biological
dependencies. The evaluation of sixteen TCGA cancer types revealed higher prognostic
performance and vigorous subtype identification compared with conventional methods,

displaying the rising importance of graph based in in precision oncology (Y. Liu et al., 2025).

Transformer-Based Models

Transformer architectures typically were used for natural language processing, are now
highly being used for transcriptomic analysis. Transformers use self-attention mechanisms
which simultaneously model the connections among all genes in a sample. This allows them
to capture long-range dependencies and complex interactions which the conventional
methods fail to capture.

Self-attention mechanisms are functional approach to combine heterogeneous multiomics
data in identification of cancer subtypes. The Self-Attention Based Deep Learning Network
(SADLN) combines an encoder, decoder, self-attention module, and discriminator to learn
unified low-dimensional representation of multi-omics data progressively modelling inter-
sample relationships. The learned latent representations are further clustered with the help of
Gaussian Mixture Model (GMM)for identifying cancer subtypes. SADLN outperformed the
conventional methods when evaluated on ten TCGA cancer datasets (Sun et al., 2023).
DeepGene Transformer uses a multi-head self-attention mechanism to automatically learn
significant gene representations without prior feature selection. The transformer architecture
identifies applicable molecular features in an end-to-end manner and simultaneously
performs subtype classification. DeepGene attained higher classification performance
compared with conventional ML algorithms (Khan & Lee, 2023). The MOTCS (Multi-Omics
Transformer-based Cancer Subtype Classification) framework integrates genomic,
transcriptomic and epigenomic data with prior information of cancer driver genes to enhance

classification accuracy and interpretability of the model. This allows, transformer encoders to
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learn feature representations separately for driver genes and non-driver genes in various
omics datasets. These learned representations are eventually combined using multi-layer
perceptron (MLP) classifier and a view association discovery network in order to capture
cross-omics relationships. MOTCS constantly outperformed conventional subtype
classification methods, with the addition of driver gene information further improving
predictive performance when evaluated on four cancer datasets (Meng et al., 2026).

Overall, deep learning frameworks have significantly improved molecular cancer subtype
identification by allowing automated feature learning from complex transcriptomic data.
Among existing methods, autoencoders are widely used for dimensionality reduction, CNNs
for extracting hierarchical expression patterns, GNNSs to assimilate biologically meaningful
network information and transformer-based models to capture global gene interactions.
Further improvements in interpretability of models, data integration and validation across
independent cohorts improve the clinical applicability of deep learning for cancer diagnosis

and personalized treatment.

Transcriptomic Data for Cancer Subtype Identification

The identification of molecular cancer subtypes depends on the diverse characterization of
gene expression patterns which indicate the biological diversity of tumours. Transcriptomic
technologies are an important tool for this motive as they measure the expression levels of
large number of genes simultaneously, allowing the researchers to differentiate tumours with
similar histopathological features but unique molecular characteristics. This has enhanced the
understanding of tumour heterogeneity and has enabled personalized treatment strategies,
biomarker discovery and prognostic assessment.

The transcriptomic technologies such as microarray and RNA sequencing (RNA-seq), have
been widely used in the identification of molecular cancer subtypes. Microarray technology
was the first technology that enabled the genome-wide gene expression profiling. It measures
the expression of the predefined genes via hybridization of labelled RNA samples to
complementary DNA probes which is fixed on a microarray chip. This technology has played
a vital role in discovery of various major molecular subtypes including breast cancer subtypes
which were identified using gene expression signatures. Microarray remains extensively used
for they are standardized, economical, and supported by various publicly available datasets.
However, they have a narrow dynamic range, limited to known transcripts and have less

sensitivity to detect scarce transcripts.
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The growing availability of transcriptomic datasets from Gene Expression Omnibus (GEO)
and The Cancer Genome Atlas (TCGA) has quickened the growth of computational
approaches for identification of cancer subtypes. However, transcriptomic data has challenges
such as high dimensionality, batch effects, technical variability, and relatively less patient
samples when compared with number of measured genes. These features require strong
computational methods that have the ability to extract meaningful biological information
from complex datasets. Hence, deep learning has appeared to be a powerful approach to
automatically learn informative representations from transcriptomic data, thus enhancing the

accuracy and strength of molecular cancer subtype classification.

Applications of Deep Learning in Molecular Cancer Subtype Identification

Deep learning has been successfully applied to molecular cancer subtype identification across
a wide range of malignancies by learning complex patterns from transcriptomic data. These
approaches have improved subtype -classification accuracy, enabled the discovery of
clinically relevant molecular signatures, and supported precision oncology by facilitating

prognosis prediction and treatment stratification.

Breast Cancer

Breast cancer is one of the most extensively studied cancers for molecular subtype
identification because of its high molecular heterogeneity and the availability of large
transcriptomic datasets. Molecular classification into Luminal A, Luminal B, HER2-enriched,
Basal-like, and Normal-like subtypes has improved prognosis prediction and guided
personalized treatment strategies. Deep learning has further enhanced subtype classification
by learning complex molecular patterns from transcriptomic and multimodal datasets.

Several deep learning models have demonstrated improved performance in breast cancer
subtype identification. An integrative deep learning framework combined multiple molecular
data types to generate informative feature representations, resulting in more accurate subtype
classification than single-data approaches. Similarly, hybrid deep learning models that
integrate transcriptomic and multimodal information have shown improved predictive
performance by capturing complementary biological characteristics of breast tumours (T. Liu
et al., 2022; Mohaiminul Islam et al., 2020).

Deep learning models developed specifically for breast cancer subtype classification have
also demonstrated the ability to automatically learn discriminative transcriptomic features

while reducing dependence on manual feature engineering. More recently, multimodal deep
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learning frameworks have incorporated gene expression profiles with additional molecular
and clinical information, leading to improved classification accuracy and better
characterization of breast cancer heterogeneity. Collectively, these studies demonstrate that
deep learning provides an effective approach for identifying breast cancer molecular subtypes
and supports the development of precision medicine through more accurate diagnosis and

treatment selection (Ben Rabah et al., 2025).

Glioblastoma

Glioblastoma exhibits substantial molecular heterogeneity, making subtype identification
essential for understanding disease progression and therapeutic response. Unsupervised deep
learning models trained on transcriptomic data have successfully identified biologically
meaningful tumour clusters associated with distinct clinical outcomes. These latent
representations captured important molecular characteristics, including the glioma CpG
island methylator phenotype (G-CIMP) and mutations in [DHI, EGFR, and NFI,
demonstrating the capability of deep learning to uncover clinically relevant molecular

patterns from gene expression data.

Liver cancer

In liver cancer, self-supervised deep learning has shown promise for identifying clinically
meaningful molecular subtypes. DMCL successfully identified liver cancer subgroups with
distinct predicted responses to chemotherapy, suggesting that transcriptomic-driven subtype

classification may contribute to personalized treatment selection (W. Chen et al., 2023).

Pan-Cancer Applications

A recent study developed a framework 1.e., VaDTN (Variational Autoencoder—Derived
Tumour-to-Normal) that combines transcriptomic profiles from tumour and matched normal
tissues into a shared latent space using a variational autoencoder. VaDTN calculates the
molecular distance between normal samples and tumour and it was evaluated on six types of
cancer — skin cutaneous melanoma (SKCM), breast invasive carcinoma (BRCA), lung
squamous cell carcinoma (LUSC), Hepatocellular carcinoma (LIHC) and adenocarcinoma
(PAAD). The study identified unique molecular subtypes with gene expression patterns. The
study demonstrates the improvement in the characterization of tumour heterogeneity upon
incorporating normal tissue information on deep learning models (Wang et al., 2025).
Another study has demonstrated the ability of deep learning models to identify clinically

significant molecular subtypes across various tumour types. Subtype-GAN analysed 4000
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TCGA tumours from 10 cancer types and displayed higher clustering performance compared
with conventional methods, featuring the strength and generalizability of adversarial learning
in molecular subtype identification (Yang et al., 2021). Convolutional autoencoder with a
channel attention mechanism (CA-CAE) was built to identify prognostically relevant cancer
subtypes by assimilating multiple omics datasets. The evaluation on 15 cancer types
identified molecular subtypes with a notable difference in patient survival. Besides these,
CA-CAE identified prognostic genes associated with each subtype and performed a better

survival prediction compared with existing deep learning models (S. Zhang et al., 2026).

Overall, the application of deep learning to transcriptomic data has significantly improved
molecular cancer subtype identification by enabling automated feature learning, reducing
dependence on manual feature engineering, and uncovering biologically meaningful
molecular patterns. As transcriptomic datasets continue to expand and multi-omics
integration becomes increasingly common, deep learning is expected to play an even greater
role in precision oncology, supporting more accurate diagnosis, prognostic assessment, and

personalized treatment strategies.

CHALLENGES AND FUTURE DIRECTIONS

Despite remarkable advances in deep learning for identification of molecular cancer subtypes,
various challenges still continue to restrict its widespread clinical application. One of the
primary barriers is the high dimensionality of transcriptomic datasets, where the patient
sample is minimal but the genes are in thousands. This unevenness raises the risk of model
overfitting and restricts the generalizability of deep learning models (LeCun et al., 2015; Min
et al., 2016). Another difficulty is the heterogeneity of transcriptomic data generated from
various platforms. Differences in data distribution, normalization methods cause batch effects
that complicate data combination and cross study comparison despite both microarray and
RNA-seq technologies provide significant gene expression information(Leek et al., 2010).
Hence systematic preprocessing pipelines and strong normalization strategies are required for
building reliable models.

Many studies depend on retrospective public datasets including TCGA and GEO, with
relatively few validate their models on external cohorts. Hence there is uncertainty in
reproducibility and clinical applicability of proposed methods (Kourou et al., 2015). Most
deep learning architectures including autoencoders, transformer-based models, & DNN act as

‘black box’ causing difficulty in interpreting the biological mechanism responsible for
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subtype classification. Enhancing model transparency via explainable artificial intelligence
(XAI) techniques including SHAP-based analysis, attention visualization, feature attribution
will improve confidence in clinical use (Samek et al., 2019).

Future research should be centred on building interpretable and computationally efficient DL
models efficient to integrate transcriptomic information across various patient populations.
Progress in transformer architectures, transfer learning, self-supervised learning may enhance
feature extraction from high-dimensional gene expression data and decrease reliance on large
labelled datasets. In addition to this, single-cell RNA sequencing and spatial transcriptomics
are also expected to lend deeper insights into tumour heterogeneity, allowing more accurate
molecular subtype identification and improving personalized cancer treatment. Combining
these technologies with explainable deep learning framework may depict the next major

progress in precision oncology (Stuart & Satija, 2019).
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