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Abstract

Artificial intelligence (Al) excels at efficiently processing large volumes of data and extracting valuable insights. Deep Learning (DL),
a subfield of AI, utilizes multi-layer neural network algorithms to analyze various types of data, mimicking the neural network
architecture of the human brain. One of the most prominent features of DL is its end-to-end learning mechanism, which excels at
automatic feature extraction and pattern recognition in data. As multi-omics technologies rapidly evolve, the volume of omics data
from cancer samples has surged, presenting a significant challenge in managing this vast amount of information. Due to its strong
data processing capabilities, DL is increasingly applied across a range of cancer research areas, such as early detection and screening,
diagnosis, molecular subtype classification, discovery of biomarkers, and predicting patient prognosis and treatment responses. DL
integrates high-dimensional data from fields such as genomics, epigenomics, transcriptomics, proteomics, radiomics, and single-cell
omics, enhancing our understanding of cancer development and advancing personalized treatment approaches. This paper reviews
various DL models and their roles in analyzing complex data patterns, providing a review of DL applications in cancer multi-omics
analysis research and emphasizing its potential in early detection, diagnosis, classification, and prognosis prediction. As DL models are
introduced continuously, we expect their application in cancer research to become more extensive, thus propelling the advancement

of cancer medicine.
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Introduction

Artificial intelligence (Al) received its formal designation and def-
inition at the 1956 Dartmouth Conference, signifying the formal
inception of the Al discipline [1]. A subset of Al, machine learn-
ing (ML) is typically divided into supervised learning, unsuper-
vised learning, and reinforcement learning. The essence involves
utilizing algorithms to allow machines to autonomously learn
from data and discover patterns, thus enabling decision-making
or predictions. Deep learning (DL), a subset of ML, has existed
in theory and algorithm since the 1980s, but it began to gain
significant attention in 2006, driven by advancements in compu-
tational power and the availability of large datasets. DL employs
multi-layer neural networks to mimic the way humans leamn,
enhancing prediction accuracy by learning the multi-layered rep-
resentations of data. It has achieved remarkable success in fields
like computer vision, natural language processing, and intelligent
construction [2, 3].

The distinction between DL models and existing technologies
primarily lies in the following aspects: feature extraction tech-
niques, the requirements for data and computational resources,
model interpretability, and approaches to solving problems. In
terms of feature extraction methods, traditional techniques such

as conventional computer vision methods require manual feature
extraction. As the number of classification categories increases,
feature extraction becomes increasingly cumbersome [4]. In con-
trast, DL models can automatically extract features without the
need for manual selection of important features [3]. Regarding
data and computational resource demands, DL requires access to
large-scale datasets to surpass other methods, and training DL
models necessitates high-performance computing units, robust
Graphics Processing Units (GPUs), and significant storage capacity
[5, 6]. In comparison, traditional technologies have relatively lower
demands for data volume and computational resources. In terms
of model interpretability, DL models are frequently criticized as
“black boxes” due to their millions of parameters, each with
intricate interrelations, making it very challenging to manually
adjust the model parameters [7]. On the other hand, traditional
techniques, such as conventional computer vision, offer full trans-
parency. Engineers can assess whether a solution will work out-
side the training environment and can incorporate insights into
the algorithm based on the problem [4, 6]. Regarding problem-
solving approaches, traditional techniques like conventional com-
putational imaging depend on physical models, limited by optical
systems and imaging conditions. On the other hand, DL has
revolutionized this “physics model-driven” paradigm, ushering in
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a “sample data-driven” approach to learning [8, 9]. Over the past
few years, DL technology has demonstrated unique benefits in
medical practice and has become an essential tool in oncology
research.

The development and progression of cancer involves interac-
tions across various levels such as the genome, epigenome, tran-
scriptome, proteome, and metabolome. The integration of multi-
omics data into cancer research assists us to improve a better
understanding of the intrinsic framework of tumor development
and lays the foundation for cancer diagnosis and personalized
treatment. With the increasing volume of omics data, effectively
integrating and analyzing these data amid noise and uncover-
ing the potential information within vast amounts of data have
become pressing challenges. DL, with its ability to handle high-
dimensional, heterogeneous, and unstructured data, as well as its
capability to discover complex relationships in multimodal data,
offers a potential solution to this challenge [10, 11]. In recent
years, DL technology has demonstrated its application potential
in various stages of cancer management, including early detec-
tion and screening, diagnosis, molecular subtype classification,
prognosis prediction, survival analysis, and treatment response
assessment [12].

This paper reviews recent applications of multi-omics analysis
combined with DL technology in cancer diagnosis and treatment.
We present the basic concepts, workflows, and common strategies
for DL data integration, and provide examples of several typical
DL models. In addition, we discuss in detail the classification of
multi-omics, the main data types in each omics, and the analysis
techniques involved. Furthermore, we discuss the fundamental
concepts of DL, various common DL models, the classification of
multi-omics, and the foundational process of integrating multi-
omics data using DL. Finally, we explore the specific uses of
DL in the field of oncology, encompassing early detection and
screening of cancer, diagnosis, subtype classification, discovery
of biomarkers, and prognosis and treatment response prediction.
Additionally, we summarize the current challenges and future
outlook of DL technology.

An overview of deep learning
Introduction to deep learning

Al represents a cutting-edge technological advancement, possess-
ing the ability to acquire knowledge and discern connections
within datasets. It can effectively utilize this information to com-
pute and produce results from new input data [13]. Al can process
large-scale data efficiently and extract valuable information, pat-
terns, and structures from it as well. ML is a subset of Al focused
on data analysis, pattern recognition, and the construction of pre-
dictive models. DL, a subfield of ML (Fig. 1), draws inspiration from
brain neural structures and utilizes multi-layer neural network
algorithms to analyze various types of data and produce predic-
tive outcomes [14]. The most prominent feature of DL is its end-
to-end learning mechanism, which enables models to learn from
raw data to final outcomes, bypassing manual feature engineering
or intermediate processing steps. This characteristic not only con-
serves time in data analysis but also diminishes subjective errors
in DL when dealing with complex issues, enhancing the efficiency
and accuracy of the results [15]. Potential systemic errors, such
as issues with data selection during the model training phase,
can be mitigated by optimizing network architecture and selecting
training samples to reduce their impact on model performance.
Thanks to the introduction of microarrays and high-throughput
sequencing, the volume of biological data from cancer samples

hasincreased dramatically [16], especially in omics fields affected
by multiple factor interactions, such as genomics, epigenomics,
transcriptomics, proteomics, metabolomics, and single-cell omics,
which generate substantial data [17-20]. Besides, integrating these
high-dimensional, heterogeneous multi-omics datasets presents
a formidable challenge, requiring more sophisticated data pro-
cessing technologies. Against this backdrop, DL provides modeling
algorithms that can learn from numerous complex features,
making DL-based approaches potent tools for biomedical data
analysis. DL is superior to traditional statistical modeling and
shallow ML, as it can learn nonlinear and hierarchical features
from multimodal data, fit heterogeneous, high-dimensional
data, and discern relevant granular features, offering mean-
ingful insights. Lately, DL has emerged as one of the most
efficacious methods for integrating multi-omics data analysis in
cancer [14, 21].

Basic concepts, workflow, and common
strategies of multi-omics data integration based
on Deep Learning

Basic concepts of deep learning

DL models, central to data integration, typically consist of several
core components: input layer, hidden layers, output layer, pooling
layers, weights and biases, activation functions, loss functions,
optimizers, and regularization. Subsequently, a general introduc-
tion to the roles and significance of these core components will be
provided. The input layer serves as the starting point of the neural
network, receiving the raw data (images, text, numerical values,
etc.) for processing. The hidden layers comprise multiple layers
of nonlinear processing units, including convolutional, recurrent,
and fully connected layers, each transforming and extracting
features from the previous layers. The design and function of the
output layer depend on the type of task the model addresses, and
its role is to convert the model’s final features into prediction
outcomes. The pooling layers perform dimensionality reduction
and feature extraction on feature maps, merging semantically
similar features to reduce subsequent computational load and
alleviate overfitting during model training. Weights and biases
are parameters in deep neural networks that can be adjusted
through backpropagation to optimize model performance. Activa-
tion functions, incorporated into neural networks, introduce non-
linearity, empowering networks to fit complex relationships and
dictate the output to subsequent neurons. Loss functions evaluate
the gap between model predictions and actual outcomes, with
common types including mean squared error and cross-entropy
loss functions. Optimizers update parameters such as weights
and biases during model training to minimize loss functions and
enhance model performance. Regularization, aimed at reducing
overfitting risk, involves in introducing extra information or con-
straints during model training to boost generalizability.

Workflow of data integration

The workflow for multi-omics data integration using DL mainly
involves six key stages: data preprocessing, feature selection or
dimensionality reduction, data integration, DL model construc-
tion, data analysis, and result validation (Fig. 2). Data preprocess-
ing is the initial step in the entire workflow, mainly consisting
of data cleaning and standardization procedures. In multi-omics
data integration, issues such as missing values, noisy data, and
duplicate information are often encountered, which can affect
the quality of subsequent analyses. Therefore, it is essential to
clean the data first, with common methods including filling in
missing values, removing outliers, and standardizing the data
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Figure 1. The connections among artificial intelligence (Al), machine learning (ML), and deep learning (DL), along with several types of neural network
models in deep learning (by BioRender). Al is capable of simulating the informational processes of human consciousness and cognition, constructing
models by learning and identifying patterns and relationships between inputs and outputs, and then computing and outputting results for new input
data. Al excels at processing large datasets, efficiently identifying valuable information, patterns, and structures. Machine learning is a subfield of
Al typically divided into supervised learning, unsupervised learning, and reinforcement learning. ML allows machines to automatically learn from
data and identify patterns through algorithms, enabling them to make decisions or predictions. DL, a subfield of ML, uses multi-layer neural network
architectures to analyze various data types and generate prediction outcomes through an end-to-end learning process. The main deep learning models
include multilayer perceptron, convolutional neural network, recurrent neural network and long short-term memory network, autoencoder, graph

convolutional network, and transformer architecture (by BioRender).

(e.g. z-score normalization or Min-Max normalization) [22]. These
steps aim to ensure data quality and improve the accuracy of data
integration. During the data integration process, a large number
of features or variables are often present, which may lead to high-
dimensional data and thus increase computational complexity.
To solve this problem, feature selection or dimensionality reduc-
tion techniques, such as principal component analysis (PCA) or
autoencoders (AEs), are commonly employed. These techniques
can effectively reduce redundant features and extract the most
representative features for subsequent analysis. PCA maps the
original data to a new coordinate system through linear transfor-
mations, retaining most of the information, whereas AE learns the
low-dimensional representation of input data using a neural net-
work. These dimensionality reduction techniques can improve the
computational efficiency of the model and also reduce the risk of
overfitting. Data integration involves merging data from different
omics sources into a unified dataset for easier further analysis.
Data integration strategies can be categorized into early, mid,
and late integration [23]. Early integration refers to combining all
omics data into one large multidimensional dataset before fea-
ture selection or dimensionality reduction; mid-term integration
occurs after feature selection or dimensionality reduction, where
data is integrated according to omics types; late-stage integration
involves integrating the analysis results of different omics after
each omics data has been analyzed separately. The selection of
these integration strategies depends on the specific requirements
of the task and the characteristics of the data. Effective integration
strategies can facilitate the maximization of information sharing
between datasets, thereby improving the accuracy and robustness
of the analysis. Constructing the DL model is the core step in data
analysis. Depending on the data type and analysis objectives (e.g.

classification, regression, clustering), an appropriate DL model
needs to be selected. Common DL models include Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and
Autoencoders (AEs), among others. These models are capable
of capturing complex nonlinear relationships and hierarchical
structures within the data, extracting hidden information from
various omics datasets [24]. For example, a CNN is typically used
for image data processing, capable of extracting useful spatial
features from images; an RNN is suitable for time-series data
analysis, capable of handling temporal dependencies in sequence
data. During the data analysis phase, the constructed DL model is
used to analyze the integrated data for specific tasks. Common
tasks include classification (e.g. disease prediction), regression
(e.g. biomarker quantification prediction), clustering (e.g. patient
subtype identification), and so on. By training the model, useful
information can be extracted from complex multi-omics data,
allowing for accurate predictions of target tasks. In the result
validation phase, the performance of the model needs to be
validated through a series of evaluation metrics. Common eval-
uation metrics include accuracy, F1 score, Mean Squared Error
(MSE), and silhouette coefficient, with the specific metric choice
depending on the task type and objective [25]. Accuracy is suitable
for classification tasks, the F1 score accounts for class imbalance,
MSE is suitable for regression tasks, and the silhouette coefficient
is suited for clustering tasks. Through these evaluation metrics,
the model’s effectiveness can be quantified, providing a basis for
further optimization [26].

Common strategies for multi-omics integration

The core challenge of multi-omics data integration lies in how
to effectively merge different omics data. These data vary in
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Figure 2. Workflow for integrating multi-omics data through DL. The complete workflow consists of six major steps: data preprocessing, feature selection
or dimensionality reduction, data integration, deep learning model development, data analysis, and result validation. Initially, the multi-omics data
undergoes cleaning, followed by feature selection and dimensionality reduction techniques to refine the dataset. Subsequently, the data variables from
various omics need to be consolidated into a comprehensive dataset for further analysis. Following that, a suitable deep learning model is chosen
according to the data type and task goals, and model training and parameter optimization are conducted. The trained model is utilized to conduct
analysis tasks, including classification, regression, and clustering, on the integrated data. Lastly, relevant metrics are chosen to evaluate the model’s

performance (by BioRender).

scale, resolution, and nature, and direct integration can result in
data mismatches, noise interference, and scale inconsistencies.
DL, leveraging its strong end-to-end learning framework, enables
feature extraction and pattern recognition, enhancing integration
performance. Common integration strategies include cascading
strategies, dimensionality reduction and embedding learning,
cross-modal attention mechanisms, and multi-modal repre-
sentation learning. The cascading strategy processes different
omics data in stages, first extracting features independently
and then gradually integrating them, often using hierarchical
structures [27]. Dimensionality reduction techniques, like PCA
and AEs, reduce data complexity by mapping high-dimensional
data to lower-dimensional spaces, helping models recognize the
relationships between different types of data. In recent years,
cross-modal attention mechanisms have advanced significantly.
Attention-based DL models, such as Transformer, can automat-
ically learn and assign importance across different modalities,
guiding the model to focus on the interconnected parts of various
omics data. Multi-modal representation learning achieves joint
analysis by learning a shared embedding space, mapping different
types of data into the same space. Joint embedding technologies,
like multi-modal variational autoencoders (VAEs) and joint
embedding networks, utilize similar mathematical structures to
achieve joint representations, facilitating information sharing
and cross-modal fusion, which significantly enhances model
expressiveness, especially for complex biological data. Traditional
integration methods, such as simple cascading or dimensionality
reduction, primarily achieve data integration through single
feature extraction and subsequent fusion. On the other hand,
DL, with its hierarchical feature learning approach, can more
flexibly address the heterogeneity of multi-omics data and reveal
underlying complex patterns between different omics layers [28].
For instance, cross-modal attention mechanisms can assist the
model in adaptively selecting important features and optimize

integration performance through attention allocation strategies.
Some studies attempt to improve integration effectiveness by
using modified DL architectures. For example, cross-modal
attention mechanisms can allocate different weights to different
data types within the same network structure, promoting the
flow of important information. Compared to traditional methods,
this mechanism can integrate information at multiple levels,
avoiding the loss of information in simple cascading approaches.
The application of multi-modal representation learning is also
an important advancement. Through techniques such as joint
embedding, models can find shared representation spaces across
multiple modalities, achieving efficient information fusion. This
method, by learning joint features across omics, can extract
common features without explicit labels, enhancing the model’s
universality and generalizability. Future research should further
explore the deep relationships between different omics data,
particularly how to leverage advanced mechanisms in DL,
such as cross-modal attention mechanisms and multi-modal
representation learning, to achieve more refined and efficient
multi-omics data integration. These methods not only address
data heterogeneity and enhance model accuracy and reliability,
but also transform the approach to multi-omics data analysis,
allowing complex biological data to be integrated by DL models
in more flexible and varied ways [29].

Interpretability of deep learning

Note that DL models are typically seen as “black box,” making
it challenging to clearly elucidate their reasoning or decision-
making processes, thus having low interpretability. As computing
power increases, DL models become more complex and more
difficult to explain. The complexity stems from intricate
interactions within the model’s multiple layers of nonlinear data
processing and vast datasets, posing a considerable challenge
in tracing and understanding its decision-making pathways. To



tackle the challenge of interpretability in DL models, researchers
have implemented methods such as Local Interpretable Model-
Agnostic Explanations (LIME) and SHapley Additive exPlanations
(SHAP) to provide clearer insights into the workings of these
models [30, 31]. However, these tools have their limitations,
for instance, LIME’s local explanations and instability, which
cannot capture the overall behavior of the model, and using
the same parameters and methods for repeated explanations
may yield entirely different results [32]. To enhance model
interpretability, explainable artificial intelligence (XAI) was
developed to assist doctors and patients in understanding
the reasoning behind Al decisions [33]. XAI aims to improve
the transparency of Al models, making their decision-making
process easier to understand, particularly for complex DL models,
addressing the “black-box” problem [34]. The application of
XAl in cancer research is becoming increasingly widespread,
primarily through techniques such as feature visualization,
heatmaps, LIME, and SHAP values (Shapley values) to improve
model interpretability [35]. Feature visualization techniques
like Grad-CAM can intuitively display the image regions that
the model focuses on, helping doctors understand the tumor
recognition process [36]. LIME and SHAP provide more transparent
decision-making by analyzing the contribution of features to the
prediction outcomes, enhancing the reliability and transparency
of Al systems. Specific applications of XAI in cancer research
include tumor detection and classification, cancer biomarker
prediction, and patient survival prediction. For example, in tumor
imaging analysis, XAI can help doctors understand why the
model classifies an image as malignant or benign, assisting
in accurate diagnosis. In personalized therapy, XAl identifies
which patient characteristics have the greatest impact on
treatment decisions, helping to design tailored treatment plans.
Additionally, XAl enhances the transparency of cancer treatment
decisions, driving the development of personalized medicine
[37]. In the future, as technology continues to evolve, XAl is
expected to drive the standardization of medical Al systems while
addressing ethical issues such as privacy protection and fairness,
ensuring the sustainable development of Al technology in
healthcare [34, 35].

Various deep learning neural network models

The following introduces several DL neural network models that
can be used for multi-omics data integration, along with their
advantages and applications (Fig. 1).

Multilayer perceptron

The multilayer perceptron (MLP) is a type of feedforward neural
network, with a structure that includes an input layer, one or
more hidden layers, and an output layer. Each layer consists of
multiple nodes (or neurons), and the nodes between adjacent
layers are connected by weights. The MLP utilizes nonlinear acti-
vation functions and a multi-layer structure to learn complex
patterns in input data [38]. In the early stages of DL development,
MLP was one of the first neural networks to be studied and
applied. However, due to its relatively small number of layers
(usually only a few), MLP has limitations when handling complex
and high-dimensional data, such as images and speech. As DL
has advanced, the number of layers in models has continually
increased, resulting in the development of deep neural networks
with dozens or even hundreds of layers, such as CNNs, RNNs,
and their variants including LSTMs and Graph Neural Networks
(GNNs). These models excel at handling complex tasks, which
is why MLP is generally regarded as a more fundamental model
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in the modern DL field. In certain specific tasks, MLP can still
perform excellently. For instance, in tasks that involve handling
structured data, MLP can enhance the model’s complexity and
performance by increasing the number of layers and neurons.
Additionally, MLP can also be combined with other DL models,
such as in certain multimodal learning tasks where MLP acts
as a module for processing structured data and integrates with
other DL models that handle unstructured data, such as CNN or
Transformer [39].

Convolutional Neural Network

The CNN is particularly widely used in image-based applications,
such as medical image segmentation and disease classification
[40-42]. It is an advanced data analysis method that performs
excellently in processing high-dimensional datasets. The CNN
excels at handling image data, with a strong ability to detect
subtle local patterns. It performs convolution operations by slid-
ing convolutional kernels over the input data to extract local
and static features such as edges and textures, and constructs
hierarchical models for accurate pattern recognition. The main
components of a CNN are the convolutional layers, pooling layers,
and fully connected layers. The convolutional layer applies local
convolution operations on input data and outputs the results to
the pooling layer; the pooling layer reduces the dimensionality
of the data and lowers computational complexity; then, the fully
connected layer integrates the previously extracted features for
the final classification or regression tasks. Compared to tradi-
tional computer vision methods that require manual feature
design and extraction, the CNN can automatically learn features,
minimizing human intervention. In terms of flexibility, the CNN
can be retrained on customized datasets to adapt to various use
cases, whereas traditional computer vision algorithms are usually
more domain-specific. The CNN also delivers much higher accu-
racy than conventional methods in tasks like image classification
and object detection. In the medical field, The CNN is commonly
used in medical image analysis, especially in cancer detection
and diagnosis, where it has demonstrated great potential and
advantages.

Recurrent Neural Network and Long Short-Term Memory
Network

The RNN is an alternative neural network model to the CNN.
Compared to CNNs, RNNs are unique in their ability to model
dynamic temporal behaviors, capable of handling sequence data
of any length and capturing temporal dependencies within the
sequence, thus becoming an effective means for processing time-
series data. An RNN is primarily composed of an input layer,
hidden layers, and an output layer, with the hidden layers con-
sisting of a series of recursive neurons, each processing a time
step in the sequence, responsible for storing information in the
sequence and enabling the network to remember previous states
at each time step. Compared with traditional methods, RNNs
can effectively capture temporal dependencies in sequence data
and efficiently process dynamically changing sequence data, such
as speech signals and stock prices [43]. The RNN finds exten-
sive use in various domains, including medical image analysis,
natural language processing (NLP), and time series prediction,
among others. RNNs are particularly important for the analysis
of complex medical images, thanks to their capacity to recognize
long-range dependencies within the image data. For instance,
they are used in lung lesion segmentation, cancer detection, and
subtype classification [44, 45]. In oncology research, RNNs can
also be used to analyze the RNA sequences of circulating tumor
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cells (CTCs), thereby revealing the origins and migration paths of
tumors [46].

Owing to the short-term memory limitations of RNN, which fail
to process long sequence data, LSTM was introduced to overcome
these challenges. LSTM, a specialized form of RNN, is optimized
for preserving long-term information and capturing complex tem-
poral dependencies [47]. LSTM introduces a complex gating struc-
ture and cell state based on RNN. It features three core gate
mechanisms to protect and control cell states: the input gate,
forget gate, and output gate. The input gate filters and accepts
new information; the forget gate determines which old infor-
mation to dispose of from cell states; the output gate controls
the final output. With this gating mechanism, LSTM effectively
controls the storage and updating of information, overcoming the
common issues of gradient vanishing and exploding in traditional
RNN [48]. In tasks requiring long-term dependencies, such as
text generation and machine translation, LSTM shows remarkable
improvement over traditional methods and standard RNN. For
example, in traffic flow prediction, LSTM can effectively capture
long-term trends in traffic data, such as the periodic changes dur-
ing rush hours. LSTM aids in tumor detection and classification,
disease progression and prognosis forecasting, and drug response
prediction by integrating multi-omics data [49-52]. With ongoing
developments in DL technologies, LSTM and its derived models
will continually advance innovation and breakthroughs in the
field of cancer medicine.

From a functional perspective, theoretically, an RNN can
extract information from sequences of any length. However, in
practical applications, due to issues like gradient vanishing and
gradient explosion, their ability to learn long-term dependencies
is limited, and they typically handle only shorter sequences [53].
LSTM can effectively solve the gradient vanishing problem in RNN
through its unique gating mechanism and cell state, allowing
it to better capture long-term dependencies, making it suitable
for handling long sequence data [54]. In terms of application,
RNN has a simple structure and can be faster to train and more
computationally efficient when dealing with tasks that do not
demand long-term dependencies, such as basic text generation
and speech recognition. In contrast, LSTM excels in tasks that
require handling long sequence data and high demands for
long-term dependencies, such as machine translation, sentiment
analysis, text classification in natural language processing, and
time series prediction [55].

Autoencoder

AE, an unsupervised learning technique, consists of an encoder
that compresses input data into a lower-dimensional latent
representation, and a decoder that reconstructs the data from this
compressed form. AE aims to learn compact representations of
input data, seeking to discover effective low-dimensional feature
extractors from unlabeled data. Traditional dimensionality
reduction methods, such as PCA, are mostly based on linear trans-
formations, while AE can learn low-dimensional representations
of data through nonlinear transformations, making it suitable for
reducing the dimensionality of complex data. AE can automat-
ically extract important features from data for dimensionality
reduction, feature extraction, data denoising, image generation,
and restoration. It can learn compressed representations of data,
helping to reveal the inherent structure of multi-omics data.
AE is applicable for data dimensionality reduction and feature
extraction, data denoising, image generation and recovery, etc.,
learning compressed data representations that help reveal the
intrinsic structures of multi-omics data. AE can assist in the

diagnosis, classification, prognosis analysis, and treatment
response prediction of cancer. For example, VAEs can incorporate
multi-omics data to identify cancer biomarkers, predict patient
survival rates, and discern cancer subtypes [56, 57].

Graph Convolutional Network

Among the various types of GNN, Graph Convolutional Networks
(GCNss) have received widespread attention for their efficacy in
handling graph-structured data and capturing complex inter-
node relationships. GCNs can effectively perform feature learning
and prediction for nodes, edges, or the entire graph. A graph is
composed of vertices and edges connecting these nodes, with
node features typically represented by a feature matrix and the
graph structure described by an adjacency matrix. The GCN com-
bines the features of a vertex with those of its neighboring ver-
tices through graph convolution operations and aggregates these
features via the adjacency matrix. A notable strength of GCN
is its capacity to capture local connectivity patterns within the
graph structure, which can be optimized via end-to-end training,
showcasing strong scalability and flexibility. Traditional methods
for processing graph data, such as rule-based or simple statisti-
cal approaches, often require manual feature design or complex
preprocessing, making it challenging to effectively utilize the
structural information of the graph. The GNN, on the other hand,
can learn directly on the graph structure, better exploring the
relationships between nodes and the global structure, making it
suitable for tasks such as social network analysis, traffic network
prediction, and molecular graph prediction. GCNs have demon-
strated significant potential in cancer research, encompassing
areas such as cancer subtype classification, drug response pre-
diction, and cancer survival prediction [58-60].

Transformer architecture

The Transformer architecture is a DL model introduced by
Vaswani et al. [61] in 2017, primarily used for NLP and other
sequence-to-sequence tasks. The Transformer architecture is
composed of an encoder and a decoder. The encoder processes
the input sequence, and the decoder generates the output
sequence, making it suitable for sequence-to-sequence tasks.
The encoder consists of multiple identical layers, each containing
two sublayers: a self-attention mechanism and a feedforward
neural network. The structure of the decoder is similar to that
of the encoder but with an added encoder-decoder attention
mechanism, which focuses on the output of the encoder when
generating the target sequence. Each sublayer is followed
by a residual connection and layer normalization. Residual
connections are used for gradient propagation to prevent gradient
vanishing or explosion, while layer normalization helps stabilize
the training process and accelerate convergence.

The core of the Transformer architecture is the self-attention
mechanism, which enables the model to simultaneously weight
all elements in the sequence, dynamically attending to important
features based on their relationships and capturing global depen-
dencies and contextual information. This mechanism allows the
model to process all elements of the sequence in parallel, sig-
nificantly improving training and prediction efficiency compared
to traditional RNN [62]. Since the self-attention mechanism itself
does not take into account the order of elements in the sequence,
Transformer adds positional information to each element through
positional encoding, preserving the temporal characteristics of
the data. Positional encoding is usually implemented using sine
and cosine functions of different frequencies [63]. The Trans-
former architecture was initially applied in NLP, including tasks
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Figure 3. An illustration of multi-omics data encompasses various techniques such as genomics, epigenomics, transcriptomics, proteomics,
metabolomics, radiomics, and single-cell omics, each contributing distinct layers of biological information for comprehensive analysis (by BioRender).

such as machine translation and text generation [64]. Due to its
outstanding performance, it has also gained widespread applica-
tion in the field of computer vision, such as image restoration,
image enhancement, and image generation [65]. Furthermore, the
Transformer architecture has demonstrated strong performance
and potential in other domains, such as time series analysis and
cybersecurity [64].

Multi-omics data and technologies

Multi-omics integrates data from genomics, transcriptomics, pro-
teomics, radiomics, and single-cell omics, describing nearly all
biomolecules from genes to metabolites, enabling a more com-
prehensive and systematic understanding of biological systems’
complexity (Fig. 3).

Genomics

Originating from the Human Genome Project, genomics involves
studying the structure, function, evolution, and environmental
interactions of an organism’s genome [66]. The primary data types
in genomics include: DNA sequence data, obtainable via high-
throughput sequencing technologies like Illumina, PacBio, and
Nanopore [67]; variation data, such as single-nucleotide polymor-
phisms (SNPs), insertions/deletions (InDels), copy number vari-
ations (CNVs), and structural variations; gene annotation data,
which provide details about gene locations, structures, and func-
tions; genetic linkage data, related to familial genetic information
associated with genomic structures, frequently used in the iden-
tification of disease-related genes; and genome assembly data,
which involve genome splicing and assembly information from
various sources [68].

Among different DL models, CNNs, AEs, and GNNs are appro-
priate for analyzing genomic data. The CNN is capable of extract-
ing local features in genomic data, such as patterns and combi-
nations of patterns within gene sequences. The AE can be used
for dimensionality reduction and denoising of genomic data, thus

helping to identify gene expression patterns. The GNN is applica-
ble for analyzing gene interaction networks and uncovering the
intricate relationships between genes [68]. When it comes to the
application of models, DL models can integrate with genomic data
for tasks like disease prediction, gene function prediction, and
analyzing the impact of variants. For instance, DNA sequences
can be converted into vectors, with common methods including
One-Hot encoding, k-mer representations, and others, and these
vectors can then be input into DL models [69]. CNN can be
employed to detect local patterns in DNA sequences, where their
convolutional layers identify gene features or regulatory elements
in the sequence. In addition, variants like SNPs and InDels can be
represented as numeric or binary codes and used as input features
into the model, often processed by RNN or MLP for such data [70].
With advancements in technology, especially the introduc-
tion of next-generation sequencing (NGS), the speed and cost of
genome sequencing have significantly improved [17], enabling
doctors to complete high-quality genome sequencing in just a few
hours [71]. With the continued development of ultra-fast genome
sequencing technologies, the use of whole genome sequencing
(WGS) and whole exome sequencing (WES) in clinical diagnostics
is becoming increasingly widespread. WGS provides the most
comprehensive genetic information [20], while WES focuses on
variations in the coding regions [72]. As sequencing costs con-
tinue to decrease and data analysis capabilities improve, WGS is
anticipated to be integrated as a standard configuration in clinical
diagnostics, providing patients with more comprehensive and
accurate genetic information. The incorporation of Al technology
has significantly enhanced ultra-fast sequencing technologies in
recent years, establishing a robust technical base for executing
precision medicine and personalized treatment strategies [73].

Epigenomics

The main data types involved in epigenomics include: DNA
methylation data, reflecting the distribution of methylation
modifications on DNA (such as obtained via Bisulfite sequencing,
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Methyl-seq) [74]; histone modification data, obtained through
ChIP-Seq, relating to histone modifications (e.g. H3K27ac,
H3K4me3); chromatin conformation data, such as Hi-C data,
reflecting the 3D structure of chromosomes and the interactions
within the genome; and chromatin accessibility data, such as
ATAC-Seq and DNase-Seq, exploring the relationship between
chromatin openness and gene regulation [75].

CNNs can identify local features in DNA sequences, which are
used to predict chromatin effects, transcription factor binding,
histone modifications, and others; LSTM is suitable for handling
temporal dependencies in sequence data, and can be used to ana-
lyze the distribution patterns of epigenetic marks on the genome,
as well as to predict gene expression; Transformer excels at han-
dling long sequence data and capturing long-range dependencies
and can be used to predict gene expression, and analyze the rela-
tionship between epigenetic modifications and gene expression.
In terms of model applications, DL models can be combined with
epigenomics data for tasks such as predicting gene expression and
epigenomic regulation. For instance, methylation data can be con-
verted into a matrix format (such as methylation measurements)
and fed into CNNs or MLP for feature selection and prediction. At
the same time, histone modification data can be processed in a
manner similar to genomic data, or local patterns of modification
sites can be captured using CNNs [76].

DNA methylation can be measured using various methods
such as whole-genome bisulfite sequencing (WGMS) [77], reduced
representation bisulfite sequencing (RRBS) [78], and techniques
like methylation-sensitive restriction enzyme sequencing (MRE-
seq), Methylated DNA Binding Domain-Sequencing (MBD-
seq), and Methylated DNA Immunoprecipitation Sequencing
(MeDIP-seq) [79]. Measurement of histone modifications can be
performed using techniques like chromatin immunoprecipitation
sequencing (ChIP-seq) [80]. Chromatin accessibility, an important
manifestation of chromatin structural changes, refers to the
degree to which macromolecular complexes can interact with
DNA that is packaged into chromatin, influenced by nucleosome
occupancy, topological organization, and other chromatin-
binding factors. Methods for detecting chromatin accessibility
include DNase [ Hypersensitive Site Sequencing (DNase-seq)
[81, 82], Assay for Transposase-Accessible Chromatin with high-
throughput Sequencing (ATAC-seq) [83], Micrococcal Nuclease
Sequencing (MNase-seq) [84, 85], Nucleosome Occupancy and
Methylome Sequencing (NOMe-seq) [86], and so on.

Epigenetic factors regulate gene expression by modulating
transcriptional activity without altering the DNA sequence, and
disruptions in these factors can disrupt genomic regulation
and lead to diseases such as cancer [87], autoimmune diseases
[88], and cardiovascular diseases [89]. Epigenetic alterations
are significant in the development and progression of human
cancers; as high-throughput sequencing evolves, numerous
mutations in epigenetic regulatory factors have been established
as tumorigenic drivers. Emerging studies in epigenetics, such as
the development of drugs targeting epigenetic changes [90] and
exploration of molecular mechanisms [91, 92], aim to advance
more accurate and specific diagnosis and treatment for individual
cancer patients.

Transcriptomics

Transcriptomics involves the analysis of the entire set of RNA
transcripts produced in an organism, capturing their expression
profiles under specific conditions. Transcriptomics primarily
focuses on the transcription products of genes, including coding
RNA (such as messenger RNA, mRNA) and noncoding RNA

(microRNA, long noncoding RNA, etc.), as well as their expression
levels and regulatory networks in cells. The primary data types
in transcriptomics consist of: mRNA expression data, which refer
to gene expression profiles obtained by RNA-Seq and indicate
the expression levels of various genes; small RNA data, including
the expression of miRNAs, siRNAs, and other small RNAs; long
noncoding RNA (IncRNA) data; transcript splicing data, involving
variations in the transcripts of different genes, such as those
produced by alternative splicing; and gene expression profiles,
which can be obtained using technologies like microarrays or
Quantitative Real-time polymerase chain reaction (qPCR ) [93].

Different DL models, including RNN, LSTM, AE, and Trans-
former, are suitable for analyzing transcriptomics data. RNN and
LSTM are effective in processing temporal features in transcrip-
tomics data, such as the dynamic changes in gene expression;
AE assists in dimensionality reduction and feature extraction,
which helps identify essential genes in transcriptomics data;
Transformeris outstanding in processing sequence information in
transcriptomics data, capable of capturing intricate dependencies
[94]. In the application of models, DL models can integrate with
transcriptomics data for tasks such as gene expression prediction,
disease classification, and transcript analysis [95]. For example,
mRNA expression data can be represented as vectors or matrices
and input into DL models, where RNNs or LSTM are used to
process gene expression time series data.

Transcriptomics predominantly employs RNA-seq technology
to deduce and quantify the transcriptome, facilitating a high-
throughput and quantitative survey of the entire transcriptome.
RNA-seq technology is a nonspatial transcriptomic approach
that benefits from an exceptionally low background noise
and is not restricted to detecting transcripts that correspond
to known genomic sequences [96]. Spatial transcriptomics, a
novel subdiscipline, merges the benefits of transcriptomics
technologies with in situ hybridization, with its detection methods
largely split into NGS-based and imaging-based approaches.
Among the NGS-based spatial transcriptomics methods include
10x Visium [97], Slide-Seq [98], and Stereo-seq [99], while
imaging-based techniques include In Situ Sequencing (ISS)
[100] and In Situ Hybridization (ISH) methods [101]. In recent
years, spatial transcriptomics technology has gained significant
traction in oncology, offering insights across diverse areas of
cancer research, such as tumor microenvironment description,
cancer diagnosis, subtype classification, cancer prediction,
and treatment, promoting personalized treatment for cancer
patients.

Proteomics

Proteomics involves the comprehensive study of proteins,
including their expression, structure, function, interactions,
and modifications across various stages [102]. The data types
include protein expression data, which are obtained from mass
spectrometry (MS) or antibody detection [e.g. enzyme-linked
immunosorbent assay (ELISA)], showing the relative abundance
of different proteins across various samples; protein modification
data, including phosphorylation, acetylation, methylation, and
other post-translational modifications; protein interaction data,
obtained through techniques such as yeast two-hybrid and
co-immunoprecipitation (Co-IP); proteomic identification data,
which identifies protein information through the mass-to-
charge ratio (m/z) of peptide fragments; and protein struc-
tural data, derived from techniques like X-ray crystallography
or cryo-electron microscopy, revealing the 3D structure of
proteins.



CNNs, AEs, and GNNs are applicable for the analysis of pro-
teomics. The CNN is used to analyze protein sequence and struc-
tural data to extract local features [103]; the AE can be applied to
dimensionality reduction and feature extraction in proteomics,
aiding in the identification of protein functional modules; and
the GNN can analyze protein interaction networks and the
interactions between proteins. DL models can integrate with
proteomic data for protein function prediction, disease associ-
ation analysis, drug target discovery, and more [104, 105]. For
example, combining phosphorylation, acetylation, and other
protein modification data with protein sequences and inputting
them into DL models, using CNNs for feature extraction. Protein
expression data can be quantified and used as input features
in classification or regression tasks with models such as MLP
or Support Vector Machine (SVM) [105].

The measurement of gene expression levels can be achieved
through transcriptomic and proteomic techniques. However, since
gene transcription is often influenced by post-transcriptional
modifications and protein levels depend on the host’s translation
control and regulation, transcriptomics shows a low correlation
with protein expression levels [106]. Proteomics, therefore, repre-
sents the data set most closely related to the biological phenotype
[107]. Proteomics technologies are diverse, with traditional tech-
niques including chromatography-based techniques [108, 109],
ELISA [110], and Western blot [111]; advanced techniques such
as protein microarray [112] and gel-based approaches [113]; and
high-throughput techniques like mass spectrometry (MS) [102]
and nuclear magnetic resonance (NMR) spectroscopy [114]. Pro-
teomics plays a vital role in early diagnosis, treatment, and prog-
nosis in diseases, including kidney disease [115], cardiovascu-
lar diseases [116], viral infections [117], and cancer [118]. With
advancements in Al technologies, proteomics has merged with Al
to utilize its significant computational power and ML algorithms
for rapid and precise analysis of extensive proteomic data, which
helps in identifying cancer biomarkers, developing cancer drugs,
and supporting personalized treatment for cancer patients [104,
119, 120].

Metabolomics

Metabolomics examines all small molecular metabolites in an
organism, encompassing primary metabolites like amino acids,
short peptides, lipids, carbohydrates, and nucleic acids, as well
as secondary metabolites such as alkaloids and terpenes, all
participating in numerous cellular biological processes [121]. The
primary data types in metabolomics include metabolite data,
which measure metabolite abundance using techniques like MS
or NMR [122]; metabolic pathway data, which are derived from
metabolite data to infer relevant metabolic pathways and biolog-
ical processes; metabolite biomarkers, where specific metabolites
are used as biological markers to predict diseases or physiological
states; and dynamic metabolite data, which reflect changes in
metabolites under disease, drug interventions, or environmental
changes.

Among various DL models, AEs, RNNs, and LSTM are suit-
able for analyzing metabolomics data. The AE is employed for
dimensionality reduction and feature extraction in metabolomics,
aiding in the identification of associations among metabolites;
RNNs and LSTM are suitable for handling time-series informa-
tion in metabolomics data, such as changes in metabolites over
time [123]. In practical applications, DL models can be used for
metabolite biomarker discovery, metabolic pathway analysis, etc.
For instance, CNNs can analyze metabolite spectra to identify
disease-related biomarkers.
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Influenced by genomics, proteomics, and environmental fac-
tors, metabolomics can also modulate other omics levels, thereby
impacting biological processes. Metabolomics technologies can
capture rapid responses of organisms to environmental changes,
disease states, or pharmacological interventions, thus serving as
direct evidence and the most sensitive method for changes in gene
and protein functions [124].

Metabolomics is categorized into targeted and untargeted
types. Untargeted metabolomics, which does not preset metabo-
lites, aims for a comprehensive coverage of the metabolome to
discover new metabolites and pathways; targeted metabolomics
conducts quantitative analyses on selected metabolites to
confirm hypotheses [125]. The main research techniques in
metabolomics include NMR, MS, gas chromatography (GC), liquid
chromatography (LC), gas chromatography-mass spectrometry
(GC-MS), and liquid chromatography-mass spectrometry (LC-
MS) [114, 126]. The advantages of NMR primarily lie in its
nondestructive and comprehensive nature, whereas MS is
beneficial for its high sensitivity and high throughput [127].

Tumors impact metabolism in multiple ways, including alter-
ing the tumor microenvironment and the metabolism of nor-
mal tissues, thereby making metabolomics a fundamental ele-
ment of cancer research. Metabolomics is applicable to early
cancer detection, diagnosing cancer subtypes, and monitoring
treatment targets [124]. As technology develops, the combination
of metabolomics and Al is increasingly demonstrating significant
potential in cancer therapy [128]. With the introduction of algo-
rithms such as ML, not only can vast datasets be analyzed in
a short time, but personalized treatments can also be realized
through omics data analysis [129].

Radiomics

Radiomics is a high-throughput mining technology that extracts
quantitative image features from standard medical imaging
for analysis and modeling. Quantitative image features, or
radiomic features, can provide rich information on tumor
subtypes, locations, shapes, and sizes via imaging methods such
as magnetic resonance imaging (MRI), computed tomography
(CT), and positron emission tomography (PET) [130]. The types
of data in radiomics include imaging data, such as CT, MRI,
ultrasound, and other medical imaging data, which usually
require image processing and analysis; quantitative image feature
data, including texture, shape, size, and density features of
images, are extracted using computer image analysis methods;
radiomics data, extracted using ML and image analysis methods,
derives high-dimensional features from images and correlates
them with clinical or biological markers; imaging-genomic data,
which combine imaging data and genomic data to study the
correlation between imaging features and genetic information
[131].

CNNs and GNNs are suitable for analyzing imaging data such
as radiomics. The CNN excels in tasks like image classification,
object detection, and segmentation in medical imaging. The
GNN can be used to analyze structured information in images.
For example, in classifying pathology samples using multiple-
epitope-ligand cartography (MELC), the GNN combined with
radiomic features significantly enhanced classification accuracy
[132]. In model applications, DL combined with radiomics data
can be used for tumor detection, disease prediction, imaging
biomarker identification, and more. For instance, CNNs can
directly analyze medical images (CT, MRI, etc.) to extract image
features [133]. Computer vision techniques can also be employed
to extract morphological and texture features from images,
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which can then be input into GNNs for modeling. This combined
approach, when dealing with complex medical image data, fully
utilizes the CNN's image processing capabilities and the GNN's
ability to analyze structured information, improving diagnostic
accuracy and reliability [132].

The workflow of radiomics encompasses data selection, medi-
cal imaging, feature extraction, exploratory analysis, and model-
ing [134], with DL technology recently demonstrating significant
potential in these areas.

During the feature extraction phase, traditional approaches
necessitate manual extraction of radiologic features from regions
of interest, which is tedious and does not accurately capture the
underlying imaging details [135]. With the development of DL
technologies such as CNN, DL’s capability in feature extraction
has been widely applied. Radiomics techniques, by integrating
radiomic features and DL, can be used to detect and diagnose
cancer, predict histopathology and tumor staging, and forecast
treatment outcomes [135-137]. During the exploratory analysis
phase, it’s crucial to preprocess images prior to radiomic analysis
to minimize noise impacts and enhance image quality, thereby
ensuring reproducibility and comparability in radiomic studies. In
the modeling stage, DL algorithms possess robust modeling capa-
bilities, enabling the mining of abundant image data to uncover
underlying biological mechanisms, thus facilitating personalized
diagnosis and treatment of cancer [135].

Single-cell omics

Single-cell omics is a biomolecular analysis technique conducted
at the individual cell level, encompassing fields such as genomics,
transcriptomics, epigenomics, proteomics, and metabolomics.
These techniques can reveal heterogeneity among cell popu-
lations, providing detailed information on cell functions and
interactions. The data types in single-cell omics include single-
cell DNA sequencing data, which are used to study the genomic
characteristics of individual cells, such as gene variations, copy
number changes, and more; single-cell epigenomic data, obtained
using techniques such as ATAC-Seq, to acquire chromatin accessi-
bility data at the single-cell level; single-cell RNA-seq data, which
provide gene expression profiles at the single-cell level, reflecting
the transcriptional activity of individual cells [138]; and single-cell
metabolomics data, which reveal the metabolic characteristics
of cells by measuring metabolites at the single-cell level.

Various DL models, such as AE, GNN, and Transformer, are
extensively used in the analysis of single-cell omics data. AE is
applied for dimensionality reduction and feature extraction in
single-cell data, helping to identify cell types and states effec-
tively; the GNN excels at analyzing intercellular interaction net-
works in single-cell data; Transformer performs excellently in
single-cell transcriptomics data for cell type annotation and tra-
jectory inference, handling complex sequence data and capturing
long-range dependencies to improve the accuracy and reliability
of analysis. In applications, single-cell omics data can be used
for single-cell subgroup analysis, cell classification, and devel-
opmental trajectory analysis, among others. For example, the
sparse matrix of single-cell RNA-seq data can be subjected to
dimensionality reduction and clustering analysis using AE and
then input into DL models such as CNN for cell classification or
gene expression analysis [139]. This multi-model integration takes
full advantage of the strengths of different models, improving the
capacity to analyze single-cell data.

Single-cell omics technologies are crucial for cancer research,
as they can reveal heterogeneity in tumor cells, tumor
microenvironment composition, interactions between tumor cells

and immune cells, and responses of tumor cells to treatment [140-
143]. Such information is crucial for developing new therapeutic
strategies and personalized medicine. For instance, single-
cell omics applied to characterizing cancer stem cells opens
avenues for identifying novel targeted molecular pathways, thus
presenting unprecedented opportunities for developing new
strategies to eradicate colorectal cancer (CRC) [144]. Single-cell
technologies also enable the revelation of two response modes of
tumor-infiltrating B cells and their effects on antitumor immunity,
laying the groundwork for new immunotherapy strategies [145].

The rapidly evolving single-cell multi-modal omics (scMulti-
omics) technologies integrate different single-mode omics such
as omics data with clinical information, for comprehensive anal-
ysis to gain a broader biological understanding [146]. Single-cell
omics includes many widely adopted representative technolo-
gles, such as 10x Genomics Chromium [147], Smart-seq [148],
Drop-seq, and DR-seq [149], which serve as the foundation of
current single-cell research. Single-cell multi-omics technologies
also cover numerous representative techniques, such as TARGET-
seq [150], simultaneous isolation of genomic DNA and total RNA
(SIDR) [151], and G&T-seq [152], which are employed to inte-
grate the genome and transcriptome; for integrating the tran-
scriptome and epigenome, there are techniques like ASTAR-seq
[153], ISSAAC-seq [154], and Paired-Tag [152]; for combining the
transcriptome and proteome, methods such as ECCITE-seq [155],
PHAGE-ATAC [156], and REAP-seq [152] are used; and there are
also various other multi-omics modalities. Furthermore, single-
cell multi-omics technologies positively influence various appli-
cations, including cell lineage tracing, development of tissue and
cell-specific atlases, tumor immunology, and cancer genetics,
offering detailed insights at the cellular level [143].

Application of deep learning-based
multi-omics analysis in cancer diagnosis
and treatment

Multi-omics analysis based on DL is becoming more significant
in cancer diagnosis and treatment, as it integrates genomic, tran-
scriptomic, and other multi-omics data to deliver accurate diag-
nostic and therapeutic solutions [157]. Benchmark testing is crit-
ical for evaluating DL models, ensuring their effectiveness in
practical applications. Benchmark testing generally consists of
three key steps: dataset selection, model training, and perfor-
mance assessment. Selecting the appropriate dataset is crucial,
with common cancer databases including The Cancer Genome
Atlas (TCGA) and Gene Expression Omnibus (GEO). During data
preprocessing, it is essential to handle missing values, noise,
and other issues while standardizing the data to ensure training
stability and precision. Furthermore, choosing the right DL model
(e.g. CNN, LSTM, or GNN) and using techniques such as cross-
validation to avoid overfitting is crucial for ensuring optimal
model performance. Performance metrics in benchmark testing
include accuracy, sensitivity, specificity, precision, F1 score, and
Area Under Curve (AUC)-receiver operating characteristic (ROC)
curve, which help comprehensively assess model performance.
Accuracy and sensitivity are particularly critical in cancer diagno-
sis and treatment, as they directly affect the risks of misdiagnosis
and missed diagnoses. The F1 score balances precision and recall,
making it particularly suitable for addressing the issue of imbal-
anced data in cancer diagnosis. The performance of different
models varies in benchmark testing. The CNN performs excep-
tionally well in image data analysis, often achieving accuracy
above 90% and high F1 scores. LSTM achieves high sensitivity



and F1 scores when processing gene expression time-series data.
The GNN can effectively capture the relationships between genes.
Practical case studies demonstrate that DL models, backed by
multi-omics data, offer highly accurate diagnoses and provide
a basis for personalized treatment. Consequently, benchmark
testing is essential to ensure the validity and reliability of DL-
based multi-omics analysis, and attention should be paid to the
results when selecting models and evaluating their application.

Early cancer detection and screening

Early detection is a key step in controlling and curing cancer,
and detecting and treating cancer as early as possible can effec-
tively reduce mortality and increase long-term survival rates [158,
159]. Screening methods based on DL have enhanced the effi-
ciency and accuracy of early cancer detection, also enabling large-
scale screening. DL methods integrated with various omics, like
genomics and imaging omics, are crucial in the early detection of
various cancers (Table 1). For the early prediction of chronic non-
communicable diseases (NCDs), Dong et al. [160] developed a DL
model called Omicsformer based on Transformer, which analyzes
and categorizes routine blood samples to detect the risk of nine
diseases (including cancer, cardiovascular diseases, and mental
disorders). Omicsformer outperformed other methods (such as
SVM and MOGONET) in accuracy (ACC), F1 score, and purity, with
average accuracy improving by 8.3%, F1 score by 6.0%, and purity
by 8.3%. These findings show that the Omicsformer model per-
forms well and consistently in multi-omics data classification and
disease risk prediction. For predicting pan-cancer types, Osseni
et al. [161] developed the Multi-Omics Transformer (MOT) model,
which uses five omics datasets to perform multi-class classifi-
cation for 33 different cancer types. The results showed that the
MOT model achieved an F1 score of 98.37% on the test set without
missing omics views and an F1 score of 96.74% on the test set with
missing omics views. This indicates that the model has high accu-
racy and robustness when handling multi-omics data. The MOT
model can also identify the most influential omics data types for
predicting each tumor type, a feature that helps allocate resources
more rationally during clinical decision-making. In recent years,
several emerging technologies have been developed for predicting
individual cancers. Cao et al. [162] developed PANDA, an Al-based
pancreatic cancer detection tool, which can accurately detect
and classify pancreatic lesions using noncontrast-enhanced CT.
PANDA demonstrated an AUC of 99.6%, 94.9% sensitivity, and
100% specificity in the internal testing cohort; in the external
multi-center testing cohort, it achieved an AUC of 98.4%, 93.3%
sensitivity, and 98.8% specificity; in multi-scenario validation, it
achieved 92.9% sensitivity and 99.9% specificity; PANDA outper-
formed the average performance of radiologists. In summary,
PANDA has the potential to serve as a new tool for large-scale
pancreatic cancer screening. These studies highlight the potential
of DLin advancing cancer screening and risk prediction, especially
in improving detection accuracy, minimizing false positives and
false negatives, and facilitating personalized risk assessment for
patients.

Liquid biopsy is another crucial method for early cancer
detection that involves identifying biomarkers in blood or other
bodily fluids, such as CTCs, circulating tumor DNA (ctDNA), cell-
free DNA (cfDNA), and extracellular vesicles (EVs), to gather infor-
mation related to the cancer. Despite the relatively low content
of biomarkers in the blood limiting their clinical application, DL-
based multi-omics analysis methods are able to integrate and
analyze various data types, significantly boosting the sensitivity
and accuracy of liquid biopsies. CancerSEEK, developed by Cohen
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et al. [163], is a more traditional method of blood testing that
determines the origin tissue of cancer and the anatomical
location of the primary tumor by analyzing both genetic
alterations and protein biomarkers. CancerSEEK has a median
sensitivity of 70% and a specificity >99% across eight cancer
types. For five cancer types—ovarian cancer, liver cancer, gastric
cancer (GC), pancreatic cancer, and esophageal cancer—that
currently lack screening methods, the sensitivity ranges from 69%
to 98%. The sensitivity for breast cancer (BC) is as low as 33%. For
the most common stage II cancers, CancerSEEK demonstrated a
median sensitivity of 73%, 78% for stage III cancers, and 43% for
stage [ cancers. The sensitivity for stage I cancers is highest in
liver cancer (100%) and lowest in esophageal cancer (20%). With
recent technological advancements, liquid biopsy techniques
have expanded beyond traditional ML approaches. Li et al. [164]
developed a new DL-based method named DISMIR, which predicts
the location and tumor burden of cancer by integrating DNA
sequences and methylation status. DISMIR showed high precision
in detecting hepatocellular carcinoma with low-depth sequencing
data, with an ROC AUC of 0.9932 £0.0038. Even with ultra-low
sequencing depths (0.01x to 0.03x), it still achieved an AUC
of 0.9033+0.0396. These results indicate that this method can
accurately predict cancer even with very low sequencing depths.
At the same time, Albaradei et al. [165] developed a DL framework
based on raw CTC mRNA data called DNNraw, which excels in
detecting subtypes of various cancers with an average precision of
0.9652 and an overall accuracy of 0.9640, more precise than many
traditional ML methods. Besides detecting common biomarkers
like CTC and cfDNA in the blood, early detection of cancer can
also be achieved by capturing immune signals. Cai et al. [166]
developed the DL framework iCanTCR, which precisely identifies
individuals with early-stage cancer by monitoring changes in the
TCR repertoire in peripheral blood. The overall AUC of iCanTCR
for early cancer detection reached 0.86; in simulations with a
real cancer prevalence of 5.02%, the positive predictive value
(PPV) was 0.442, and the negative predictive value (NPV) was
0.956; the F1 scores were high when differentiating between
various cancer types, with an overall accuracy of 0.81, showing
excellent detection and classification performance. Moreover,
DL-based multi-omics analysis is also applicable for predicting
lymph node metastasis in cancer [193-195]. In summary, as Al
and multi-omics technologies continue to advance, the field of
early cancer detection is set to achieve greater sensitivity and
accuracy, potentially playing a role in broader applications and
supporting early intervention and treatment in cancer patients.

Cancer diagnosis

DL algorithms can facilitate the integration and analysis of exten-
sive data from multiple omics, as well as clinical and laboratory
data, extracting valuable insights to aid clinicians in diagnos-
ing cancer [196, 197]. The XAI used in DL-based medical image
analysis, by integrating applications from various fields such as
histopathology, radiology (including CT and MRI), and endoscopic
imaging (such as esophagogastroduodenoscopy and colonoscopy),
has demonstrated accuracy and sensitivity close to that of profes-
sionals [198].

DL can correlate histopathological images with cancer genetic
mutations and epigenomic data (Table 1). In the application of
combining cancer gene data, Fu et al. [167] developed PC-CHiP
using the TCGA data, which can identify patterns related to
specific gene mutations from images, helping to predict tumor
purity, tumor-infiltrating lymphocyte (TIL) levels, and tumor pro-
liferation rates. When distinguishing 42 different tissue types,
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PC-CHIP achieved an average AUC of 0.98; for differentiating
tumor and normal tissue, the average AUC was 0.99. Transcrip-
tomic association testing found that 25% of gene-cancer pairs
were linked to histopathological characteristics; 193 pathways
were significantly enriched in atleast 1 cancer type; and 14 cancer
types showed detectable associations with proliferation scores.
Similarly, in pan-cancer research, Kather et al. [168] refined a
DL process that directly deduces a series of genetic mutations,
gene expression traits, and biomarkers from hematoxylin and
eosin (H&E)-stained tissue sections, clarifying and quantifying
the genotype-phenotype connections in cancer. In terms of com-
bining with epigenomics, Hoang et al. [170] created DEPLOY, a
DL model that predicts whole-genome scale DNA methylation
B-values from images of H&E-stained tissue sections, and then
classifies different types of tumors by using a classifier based on
DNA methylation. The DEPLOY model integrates three different
components: a direct model, an indirect model, and a demo-
graphic model. This research achieved 95% overall accuracy and
91% balanced accuracy on three independent external datasets;
the AUPRC for the combined three models reached 0.92; and
in cases where the initial diagnosis disagreed with the patholo-
gist, DEPLOY’s high-confidence predictions matched methylation
classification results 84% of the time. The results indicate that
this model helps pathologists diagnose central nervous system
tumors within clinically relevant short timeframes. Numerous
studies demonstrate that DL technology not only significantly
reduces the workload of pathologists in the diagnosis of malignant
tumors but also exhibits outstanding efficiency, accuracy, and
sensitivity [41, 167, 169, 170].

The application of DL technology in combination with multi-
omics data has also made notable progress in the diagnosis of
individual cancers, with ongoing reports of successful cases [199-
203]. For example, Albrecht et al. [171] developed HEPNET to
differentiate intrahepatic cholangiocarcinoma (iCCA) from CRC
liver metastasis (CRM), the most common primary and secondary
forms of hepatic adenocarcinoma. On the internal test set, HEP-
NET achieved an AUROC of 0.994 and an accuracy of 96.522%, on
the external test set, it reached an AUROC of 0.997 and an accu-
racy of 98.113%, and in external tests on biopsy samples, it showed
an AUROC of 0.994 and an accuracy of 96.203%. Furthermore,
HEPNET outperformed six pathologists with varying levels of
experience (P =.0005) and was able to elevate the performance of
hospital pathologists to the level of senior pathologists. Regarding
BC diagnosis, Barsha et al. [172] used DenseNet-121 and DenseNet-
169 models along with test-time augmentation techniques to
automatically detect and grade invasive ductal carcinoma (IDC).
The integrated model achieved a balanced accuracy of 92.70%
and an F1 score of 95.70% in IDC detection, surpassing current
state-of-the-art technologies; on the Databiox dataset, the model
achieved accuracies of 62.44%, 79.14%, 76.62%, and 71.05% for
images at various magnifications. On the Agios Pavlos dataset,
the model achieved an accuracy of 90.07%. This study indicates
that DL models can effectively assist pathologists in detecting and
grading IDC BC while improving detection accuracy and reduc-
ing pathologists’ workload. Other studies have also employed
DL algorithms based on radiological images for detecting dis-
tant cancer metastasis [204] and predicting occult metastasis of
cancer [205, 206].

Discovery of molecular subtype and biomarker

The classification of cancer subtypes is essential for precise
cancer diagnosis and personalized treatment, and DL-based
multi-omics analysis is indeed becoming increasingly pivotal
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in the classification of cancer subtypes. Various DL algorithms
can integrate multiple bioinformatics data types such as TCGA,
gene expression, CNV, methylation status, and protein expression
to reveal the heterogeneity of cancer and identify molecular
subtypes associated with prognosis and treatment response [52,
177] (Table 1). For instance, Cai et al. [173] developed a VAE-based
DL model, Deeply Integrating Latent Consistent Representations
(DILCR), capable of capturing latent consistent representations
from high-noise multi-omics data, which facilitates accurate
cancer classification and improves the integration of information
against noisy backgrounds. This experiment compared DILCR
with 14 state-of-the-art integration methods, and the results
showed that DILCR obtained more clinical parameters and higher
—log10P values for survival analysis in nine datasets compared to
other methods. This suggests that the cancer subtypes identified
by DILCR have higher biological relevance, and there are more
significant survival differences between the cancer subtypes.
The application of DILCR in the classification of cancers such
as breast-invasive carcinoma (BRCA) and colon adenocarcinoma
(COAD) also has significant biological significance and inter-
pretability [173]. In further research into various cancer subtype
classifications, Liu et al. [174] developed ProgCAE, based on
convolutional autoencoders (CAEs), to handle multi-omics data.
The study found that ProgCAE outperformed traditional statistical
methods in 12 TCGA datasets; additionally, the SVM classifier
built from clustering labels obtained by ProgCAE performed well
in the ACC, BRCA, LUAD, and SARC datasets, with significant
survival differences in test samples (P < .05). This suggests
that ProgCAE can accurately predict the survival prognosis of
most cancer patients. In another study, Zhang et al. [175] used
six TCGA data cohorts to compare the performance of MODEC
(An unsupervised clustering method integrating omics data for
identifying cancer subtypes), a fully unsupervised clustering
method, with eight widely used existing technique. The results
showed that MODEC outperformed or was equivalent to eight
competing methods in four clustering-related metrics (accuracy,
F-value, normalized mutual information, and adjusted Rand
index) in six cancer datasets. Zhao et al. [176] also developed
Subtype-DCC to identify cancer subtypes, and this method
performed excellently across multiple cancer datasets. Compared
with ten existing advanced multi-omics data clustering methods,
Subtype-DCC achieved better results on six datasets. Notably, in
the Kidney Renal Clear Cell Carcinoma (KIRC) dataset, the survival
—log10 P-value was as high as 8.79, suggesting that this method
can efficiently identify cancer subtypes with differing prognoses.
In addition to these studies, there are also subtype identification
methods tailored to specific cancers. Sirinukunwattana et al.
[177] developed an image-based consensus molecular subtype
(ImCMS) classification method to predict CRC’s CMS by analyzing
standard H&E-stained tissue sections, without the need for RNA
expression analysis. The findings indicated that imCMS achieved
an AUC of 0.84 in the TCGA dataset (n=431 slides) and an AUC
of 0.85 in the rectal cancer biopsy dataset (n=265 slides). The
emergence of imCMS offers a new, cost-effective method for
molecular subtyping of CRC. The potential of these DL-based
multi-omics integration analysis approaches in cancer subtype
classification is immense, offering the prospect of more precise
molecular typing for personalized cancer treatment.

In addition to subtype classification, multi-omics data are also
used for the discovery of cancer biomarkers, which has significant
clinical implications in cancer diagnosis, prognosis assessment,
and personalized treatment [119]. By detecting specific molecules,
gene mutations, or protein expressions in blood, urine, or tissue
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samples, early cancer diagnosis can be made, even identifying
tumors before symptoms emerge, thus improving cure rates [207].
For example, a liquid biopsy of lung cancer (LC) can identify
tumors early by detecting circulating tumor DNA [208]. Biomark-
ers can also evaluate cancer prognosis, aid in predicting tumor
aggressiveness and metastatic potential, and offer personalized
prognostic information to guide treatment choices. For instance,
Ki-67 in BC and KRAS mutations in CRC are typical prognostic
biomarkers [209]. Furthermore, biomarkers play a key role in
personalized therapy, helping to select the optimal treatment
approach, such as targeting drugs based on EGFR mutations or
immunotherapy based on PD-L1 expression [210]. Liquid biopsy
can also monitor the dynamic changes of cancer in real-time,
detecting treatment failure or recurrence early, and aiding in
adjusting treatment strategies. As research advances, biomarkers
will play a more significant role in cancer diagnosis and treat-
ment, enhancing the precision of therapy and the quality of life
for patients [211].

Among various cancer biomarkers, prognostic biomark-
ers deliver information about patient diagnosis and overall
outcomes, while predictive biomarkers offer insights into
treatment decisions and responses [212]. Integrating multi-
omics data to discover genes associated with cancer aids in
deeply understanding the molecular mechanisms of cancer and
offers fresh perspectives for clinical diagnosis and treatment
[213]. For example, Skrede et al. [178] trained multiple CNNs
to analyze H&E-stained tissue slice images and developed a
new prognostic biomarker to forecast the prognosis of patients
after CRC resection. In the validation cohort, in the unadjusted
analysis, the biomarker showed a hazard ratio (HR) of 3.84 (95%
CI 2.72-5.43; P <.0001) for poor versus good prognosis. When
adjusted for other known prognostic biomarkers, the HR still
remained at 3.04 (2.07-4.47; P <.0001), illustrating the biomarker’s
independent predictive value. Recently, numerous DL-based
frameworks for integrating multi-omics data have emerged,
aimed at revealing new biomarkers or therapeutic targets. At
the same time, Lan et al. [179] introduced the DeepKEGG method
for predicting cancer recurrence and identifying biomarkers.
This method enhances the model’s predictive performance
by constructing biological hierarchy modules and path self-
attention modules to explore correlations between different
samples. However, the scarcity of large omics datasets constrains
the identification of new biomarkers. To tackle this issue,
Gongalves et al. [180] presented a pan-cancer proteomic map
(ProCanDepMapSanger) that encompasses over 40 types of
cancer and 949 cancer cell lines, quantifying 8498 proteins
across 28 tissue types through mass spectrometry, capturing
data on cell types and post-transcriptional modifications. Based
on this, a DL-based computational pipeline, DeepProM, was
developed to identify protein biomarkers associated with cancer
vulnerability. This pipeline is capable of identifying biomarkers
that are not detectable solely by gene expression measurements.
For instance, a study discovered the protein biomarker BSG,
linked to FOXAI gene knockout, whose expression in BC cells
was correlated with dependence on FOXAI gene knockout.
This resource is crucial for uncovering cancer biomarkers and
delving into the proteomic regulatory mechanisms of cancer,
which are essential for advancing our understanding of the
disease and developing targeted therapies. Looking ahead, we
anticipate more extensive and comprehensive omics datasets
being made publicly available to further the study of cancer
biomarkers.

Cancer prognosis and treatment response
prediction

DL constructs predictive models by integrating multi-omics data,
including genomics, transcriptomics, and radiomics, precisely
forecasting cancer prognosis and treatment responses, thereby
guiding the selection of treatment modalities [182, 214-216]. This
approach provides a more comprehensive perspective for model
analysis by integrating multiple types of omics data, which not
only helps reduce biases caused by the singularity of data types
but also enhances the predictive accuracy of the models [217,218].
In recent years, several new DL frameworks have emerged for
forecasting cancer prognosis and the risk of recurrence [183, 219]
(Table 1). In pan-cancer prognosis and recurrence predictions,
Chen et al. used multimodal DL techniques to perform integrated
analyses of histopathological and genomic data across 14 types
of cancer [181]. The Attention-based Multiple Instance Learning
(AMIL) model, using only whole slide images (WSIs), and the self-
normalizing network (SNN) model, using only molecular features,
had average c-Indices of 0.585 and 0.607, respectively. Meanwhile,
multimodal fusion deep learning model (MMF) exhibited a higher
average c-Index of 0.645 across 12 cancer types, demonstrating
better performance than the unimodal models. Concurrently,
predictive frameworks for specific types of cancer continue
to be proposed, such as for CRC [182], prostate cancer (PCa)
[183], malignant mesothelioma (MM) [184], and so on. In cancer
prognosis prediction, besides assessing the risk of recurrence, it
alsoincludes evaluations of patient survival, as well as predictions
of their quality of life and potential complications. In the field
of survival analysis [220], researchers can use various methods
such as the Cox proportional hazards regression model, random
survival forests [221], and support vector machines for survival
to explore factors affecting survival time. For instance, Zhu et al.
[185] introduced the Geometric Graph Neural Network (GGNN),
which integrates geometric features into GNN to boost both
prediction accuracy and interpretability. In most experiments,
GGNN demonstrated better predictive performance than other
alternative methods, such as Cox-EN, Cox-AE, DCAP, and DCAP-
XGB. For example, in low-grade glioma, the C-index of GGNN
reached 0.817, significantly higher than that of other methods. In
this approach, a multivariate Cox proportional hazards regression
model is employed in the network’s final layer to produce
risk scores for each sample. However, time-related factors and
other complexities can cause nonlinear relationships between
predictive factors and survival outcomes in cancer [222], and
existing models assuming linear relationships (like the Cox
proportional hazards model) may yield inaccurate results; thus,
new methods for survival analysis have emerged [186, 223].
Similar studies include AUTOSurv developed by Jiang et al. [186],
which uses dimensionality reduction techniques and VAE to
extract low-dimensional features, and employs an MLP network
(LFSurv) to calculate personalized prognostic indices (PIs) to
distinguish between patient groups of different risks, thereby
predicting patients’ survival risks. Autosurv performed optimally
when integrating gene expression, miRNA expression, and clinical
data. Its “entangle” integration strategy, combined with Kullback-
Leibler (KL)-annealing learning, achieved median C-indexes of
0.749 and 0.629 in the TCGA-BRCA and TCGA-OV datasets,
significantly outperforming other methods. These studies
demonstrate that DL technologies are significantly advantageous
in integrating multi-omics data to predict cancer prognoses,
offering more accurate predictions and aiding in the discovery
of potential mechanisms underlying cancer progression.



DL algorithms demonstrate higher clinical relevance in predict-
ing drug sensitivity and treatment responses, which helps doctors
make more precise treatment recommendations. For example,
Songet al. [224] proposed a drug sensitivity prediction model based
on multi-stage multi-modal drug representation (ModDRDSP),
which simulates the interaction between cells and drugs to com-
prehensively reflect the properties of drug. Khan et al. [225] also
built the CytomegaloVirusDb database to obtain detailed informa-
tion about specific cytomegalovirus (CMV), which helps in under-
standing the immune mechanisms and pathological processes of
CMV and aids in the development of new anti-CMV strategies.

Numerous studies indicate that DL algorithms integrating
multi-omics data can accurately predict drug responses for
various malignancies including CRC [187], GC [190], BC [188],
and LC [226]. Among various cancer treatments, immunotherapy
has become one of the widespread and effective methods,
thus predicting the response to immunotherapy is a crucial
part of forecasting drug reactions [141, 227, 228]. To predict
immunotherapy responses, Yang et al. [189] created a temporal
attention module named SimTA, which analyzes asynchronous
time series imaging and laboratory data to differentiate the
response of nonsmall cell lung cancer (NSCLC) patients to PD-
1/PD-L1 immunotherapy. The study revealed that the median
progression-free survival (PFS) for the low-risk and high-risk
groups were 8.4 and 1.5 months, respectively, while the median
overall survival (OS) was 26.7 and 8.6 months, respectively,
demonstrating that the PFS and OS in the low-risk group were
significantly longer than those in the high-risk group. Likewise,
Che et al. [190] devised an image DL model integrating multiplex
immunohistochemistry staining, feature extraction, and ML to
reveal complex cellular interactions of potential drug resistance,
successfully forecasting GC patients’ clinical responses to
chemotherapy and anti-PD1 treatments. Additionally, there are
studies focused on predicting complications in cancer patients
after radiotherapy [191, 192]. For instance, Cui et al. [191] proposed
three ADNN models: ADNN-DVH, ADNN-com, and ADNN-com-
joint, which combine the CNN and VAE to extract features and use
Surv-Net to predict event occurrence probabilities. The research
found that the cross-validation c-indices for RP2 prediction were
0.660 (95% CI: 0.630-0.690), 0.691 (95% CI: 0.661-0.722), and 0.705
(95% CI. 0.676-0.734) for ADNN-DVH, ADNN-com, and ADNN-
com-joint, respectively, while the c-indices for LC prediction
were 0.727 (95% CI: 0.700-0.753), 0.735 (95% CI: 0.710-0.761),
and 0.740 (95% CI: 0.715-0.765). These results indicate that the
three models outperform the traditional TCP/NTCP models in
predicting radiation pneumonitis and local control. With ongoing
technological advancements, it is expected that more DL models
will be developed in the future to enhance the accuracy and
clinical value of cancer treatment response predictions.

Conclusion and prospect

In this review, we first delve into the basic concepts, workflows,
and common strategies of DL data integration, and list several
common DL models. Secondly, we discuss in detail the classi-
fication of multi-omics, the main data types involved in each
omic, and the analysis techniques associated with them. Finally,
we present the applications of DL-based multi-omics analysis
in the field of cancer, covering areas such as early detection
and screening of cancer, diagnosis, subtype classification, and
prediction of cancer prognosis and treatment responses. While
citing relevant studies, we also provide specific performance met-
rics such as accuracy, AUC, and sensitivity, which present the
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characteristics of each model more intuitively, offering readers
clear references. In general, DL demonstrates vast potential for
application in cancer diagnosis and treatment. It is capable of
integrating heterogeneous, high-dimensional multi-omics data,
improving the precision and efficiency of early cancer detection,
diagnosis, and treatment, thereby promoting personalized ther-
apies for cancer patients. Looking forward, it is anticipated that
more new DL models will be developed, contributing significantly
to the progress of cancer medicine.

Despite its significant advantages in multi-omics cancer
research, such as automatic feature extraction and strong
predictive abilities, DL’s limitations should still not be ignored.
Firstly, DL models have limited generalization ability when
applied to external datasets. Multi-omics data have heterogeneity
across different studies, such as differences in data sources,
collection methods, experimental design, etc.,, which may
lead to performance degradation when models are applied to
different datasets [229]. Additionally, DL models are susceptible
to overfitting, especially when the sample size is small, which
may cause the model to capture noise and incidental patterns
in the data while overlooking clinically significant features [3,
25]. Secondly, the differences in molecular mechanisms and
phenotypic characteristics across various types of cancer may
lead to instability in the performance of DL models when applied
across different cancer types. Despite DL’s ability to identify
patterns from vast datasets, the cross-cancer application of
current models is limited due to differences in genetic mutations,
microenvironments, and other factors across cancers. This
usually necessitates specialized training and tuning for each
cancer type, significantly increasing the workload and hindering
the broader application of DL in precision therapy. The noise
and missing data issues in multi-omics data also present a
significant challenge. Cancer data often come from different
experimental platforms and technologies, with considerable
variation in quality, accuracy, and missing values across omics
data. This can impact the training and predictive accuracy of
DL models, especially when integrating data, making noise and
missing data handling crucial [230]. Furthermore, the “black-
box” nature of DL limits its clinical application. While DL
provides efficient predictive outcomes, its internal mechanisms
and decision-making processes lack interpretability, making it
challenging for DL to gain broad acceptance and trust in some
situations [231]. Hence, there is a need for a more transparent
clinical decision-making process. Finally, the high computational
resource requirements of DL also limit its widespread application.
The high-dimensional characteristics of multi-omics data require
DL models to possess powerful computational capabilities,
particularly when handling large-scale datasets. In resource-
constrained research and clinical settings, the high computational
requirements may limit the application of DL. In conclusion,
while DL holds great potential in multi-omics cancer research,
its limitations still persist. Enhancing the model’s generalization
ability, addressing data heterogeneity and noise issues, improving
model interpretability, and reducing computational resource
demands are key areas of focus for future research. We look
forward to further research in the future that can resolve these
challenges and accelerate the application of DL in cancer research
and precision therapy.

Key Points

e With the advancement of various multi-omics technolo-
gies, the volume of omics data derived from cancer
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samples has increased dramatically, posing a significant
challenge for data processing.

e Deep learning (DL) enables the integration of high-
dimensional and heterogeneous multi-omics data by
providing models that can learn from complex and mas-
sive feature sets, thus becoming a potent approach for
biomedical data analysis.

e DLis capable of learning nonlinear and hierarchical fea-
tures from multimodal data, fitting heterogeneous and
high-dimensional inputs to identify relevant granular
features and generate meaningful insights.

e We present the basic concepts, workflow, and widely
adopted strategies for integrating data using deep learn-
ing, alongside examples of commonly used DL models.
Furthermore, we provide a detailed discussion on the
classification of multi-omics, associated data types, and
their analytical methodologies.

¢ Subsequently, we explore the practical applications of
deep learning in oncology, covering early detection and
screening, diagnosis, classification of cancer subtypes,
and identification of biomarkers, as well as prediction
of prognosis and treatment response.
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