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Abstract 

From multi-omics data, deep learning determined the prediction of tumor 

development, recurrence, and patient outcomes and, thus, revolutionized 

cancer prognosis. With next-generation sequencing and advanced 

imaging technologies, multi-omics data now provide a unique opportunity 

to increase predictive accuracy. This review evaluates the impact of deep-

learning models on cancer prognosis and their application with several 

architectures, including convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs), in genomics, transcriptomics, and 

clinical data. It ends with an overview of the developments, challenges, 

and prospects in the AI-driven context for precision oncology. 
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INTRODUCTION

Prognosis in cancer is meant to accurately predict 

patient outcomes and hence assist in clinical 

decision making and therapy optimization. Survival 

predictions have been largely based on traditional 

statistical models such as Cox proportional hazard 

regression, Kaplan-Meier survival analysis, and 

logistic regression. Unfortunately, the application of 

these models is limited due to their ineffectiveness 

in handling high-dimensional multi-omics datasets, 

leading to poor prediction power. With the recent 

rapid growth in advances in deep learning, the 

prospect of using genomic, transcriptomic, and 

clinical datasets to improve cancer prognosis has 

opened a new field of study. Integration of multi-

omics data such as whole-genome sequencing, RNA 

sequencing, proteomics, and methylation profiles 

allows a complete insight into tumor heterogeneity 

and progression [3]. Incorporating such datasets into 

predictive models has thus increased the accuracy of 

the prediction concerning survival estimation and 

risk stratification [4]. 

 

Figure 1. The complete method to create deep-learning models that predict cancer prognosis outcomes. 

The input data consists of clinical data featuring 

mixed data types including structured (numeric or 

categorical) and unstructured (text) clinical imaging 

that includes both H&E staining on tissue slides as 

well as immunohistological stains through MRI and 

CT modalities and genomic data spanning 

expression data (mRNA and miRNA expression), 

genomic sequences (whole genome sequence, SNP 

data, CNA data) and epigenetic data (e.g., 

methylation data) among others. The researchers 

should now examine their data to resolve problems 

with missing and unbalanced data information. 

High-dimensional genomic data usually does not 

require reduction steps in most cases. The developed 

features serve as input for deep-learning (neural 

network) model training operations. The choice of 

applicable models depends on the nature of input 

information. A normal example of data modeling 

with structured datasets requires a fully connected 

NN. The required modeling approach for image 

datasets would be CNN models. The RNN models 

operate primarily on sequence-based data. Several 
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models can be combined during construction when 

one needs to handle diverse data types within a 

single framework. The completed model should be 

deployed to evaluation datasets called holdout 

datasets or validation datasets in order to be 

assessed. These models need comparison testing 

through benchmark dataset assessment before 

reaching the deployment level.  

Available advances in deep learning include 

convolutional neural networks (CNNs), recurrent 

neural networks (RNNs), and some transformer-

based architectures that have been shown to greatly 

outperform traditional models in feature extraction 

and classification [5,6].  

Currently, CNNs are demonstrating remarkable 

capability and success in the analysis of 

histopathological images as well as the detection of 

tumor microenvironment features [7]. RNNs, 

especially long short-term memory (LSTM) 

networks, have been deployed to analyze sequential 

patient data to allow for real-time prognosis 

prediction [8]. Interpretability and accuracy have 

further progressed in cancer prediction tasks with 

the use of hybrid models like the combination of 

autoencoders and attention-based deep learning 

[9,10].  

The Cancer Genome Atlas (TCGA), Genomic Data 

Commons (GDC), and Gene Expression Omnibus 

(GEO) are few of the large-scale cancer databases 

that give rise to the massive accumulation of omics 

and clinical data [11]. These data can be efficiently 

used to train and validate deep learning models with 

reliable benchmarks for the assessment of the 

models [12].  

Studies published recently show that TCGA 

transcriptomic-trained deep learning models 

displace classic survival models in predicting patient 

outcomes in cohorts of breast or lung cancer [13,14]. 

CNN-based approaches exploiting radiogenomic 

features have greatly enhanced survival prediction 

capabilities in glioblastoma and pancreatic cancer 

[15,16].  

 

Figure 2. The TCGAPC-ac cohort analysis utilized mRNA, mRNA gene expression, DNA methylation, mRNA, 

CNVs and deep features to study the cohort through an autoencoder deep learning method. 
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The work process consisted of extracting each 

transformed feature detected in the bottleneck layer 

of the autoencoder followed by univariate Cox-PH 

model selection of relapse-associated features and 

subsequent K-mean clustering of relapse-associated 

deep features. The c-index analysis for different 

clusters that predict relapse in 8 DL models 

employed 10-fold cross-validation. Selection of the 

best model (model_3) occurred after plotting 

Kaplan-Meier to compare two models with highest 

C-index. Using the lasso method the research team 

selected relapse-associated feature labels from the 

TCGA database of mRNA, miRNA, and DNA 

methylation, CNVs, and lncRNAs based on the 

model-3 subgroups. The prediction performance of 

the built lasso model was evaluated using five sets 

obtained from GEO for external validation. A 

functional analysis step has been conducted to 

examine the dissimilarities between the two 

subgroups linked to relapse. 

More recently, such as multi-modal deep learning 

frameworks consisting of histopathology, omics 

data, and clinical features, predictive robustness in 

prognoses across different types of malignancies has 

been enhanced [17]. 

There are still challenges in making models 

generalizable and interpretable, leaving room for 

further development. The deep learning algorithm 

is, therefore, a black box that prevents it from 

clinical acceptance and various techniques of 

explainable AI (XAI) need to be in place [18]. This 

is coupled with the need for data harmonization and 

standardization across various sources to achieve 

reproducible results [19].  

 

Figure 3. Workflow of approach. Graphical summary of the prediction of survival and recurrence in patients 

with pancreatic cancer. 
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 The prediction models were developed using omics 

datasets described by (a) The approach includes 

steps for data preparation along with the method for 

acquiring features. The last nine features incorporate 

seven clinical elements together with other 

characteristics. The prediction operated with 

machine learning models. 

METHODOLOGY 

In order to have an exhaustive review of the 

application of deep learning in cancer prognosis, we 

systematically searched peer-reviewed literature in 

databases such as PubMed, Google Scholar, and 

IEEE Xplore. The selection criteria were articles 

published within the past decade with a focus on 

deep learning, multi-omics data, and cancer 

prognosis. The studies were grouped according to 

their methodological approach, clinical applications, 

and limitations. Consideration is given to key 

datasets such as The Cancer Genome Atlas (TCGA) 

and Genomic Data Commons (GDC) for model 

validation and benchmarking. 

Current Applications of Deep Learning in 

Cancer Prognosis 

The transformation that has been impacted on cancer 

prognosis by means of accurate determination of the 

time to tumor progression and tumor recurrence is 

so enormous. CNNs have been employed primarily 

in conjunction with histopathology to extract major 

morphological features thought to be relevant to 

patient outcome [7]. The application of RNNs and 

transformer-based architectures to longitudinal 

patient records is gaining momentum in improving 

time-series modeling of disease progression [8]. 

Recent studies combining deep learning with multi-

omics data have demonstrated higher predictive 

power toward cancer survival rates than traditional 

statistical models [13,14]. 

Limitations of Current Deep Learning Models 

Coupled with its pros, deep learning encounters 

many difficulties with cancer prognosis. The model 

interpretability is a major concern as most of the 

predictions generated by AI become "black box" 

approaches that hinder clinical adoption [18]. 

Besides, data standardization across different 

institutions does not record the same dimension so 

that it reduces model generalizability [19]. Access to 

high-quality multi-omics labeled datasets is limited 

and hinders the scalability of AI models in cancer 

care [20-22]. 

Comparison with Traditional Methods 

For years, traditional statistical models like Kaplan-

Meier survival analysis and Cox proportional 

hazards regression have served as the gold standards 

in clinical cancer prognostication [1]. They offer 

simplicity and transparency but are unable to 

effectively capture complex and nonlinear 

relationships in high-dimensional datasets [5,6]. 

Deep learning is extremely competent in feature 

extraction and recognition of patterns. It far exceeds 

traditional methods in terms of predictive power and 

risk stratification [35-39]. On the contrary, 

computational costs and the requirement for vast 

datasets pose serious drawbacks to general 

implementation [40]. 

Ethical and Regulatory Considerations 

The use of AI for cancer prognosis raises ethical and 

regulatory issues about patient data privacy and 

algorithm bias. Federated learning is recommended 

to allow safe collaborative institutional AI training 

without releasing the data [20,21]. Achieving 

regulatory compliance of AI-driven diagnostics 

remains challenging and requires certification and 

standardization protocols [22]. Fairness in AI 
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prediction among diverse patient groups and 

prevention of bias against underrepresented groups 

are key ethical considerations [23]. 

Challenges in Future Directions 

Naomi Bunamwenyi and breaking down cancer 

prognosis, which is an important understanding for 

clinical decision making and therapy strategies. 

Such traditional methods are the Cox-proportional 

hazard regression, Kaplan-Meier survival analysis, 

and logistic regression, widely used for survival 

prediction [1]. Such models again, therefore, cannot 

accommodate high-dimensional multi-omic data, so 

their predictive power may have limitations. Recent 

advances in deep learning have lent prospects to 

capitalize on using genomic, transcriptomic, and 

clinical datasets for cancer prognosis [2,46-48]. 

Multi-omics data that include whole genome 

sequencing, RNA sequencing, proteomics, and 

methylation profiles give a comprehensive diversity 

and advancement of tumors [3,23,44]. In addition, 

acquiring such data into predictive models improved 

their accuracy in survival estimation and risk 

stratification [4]. Compared with the traditional 

approaches, deep learning models like CNNs, 

RNNs, or transformer-based architectures have 

proven their merit in feature extraction and 

classification [5,6]. 

The remarkable successes of models taking 

advantage of convolutional neural network (CNN) 

techniques in histopathological image analysis and 

cancer microenvironment features determination are 

known [7]. Great advantages have also been 

achieved using recurrent neural models such as long 

short-term memory (LSTM) networks in evaluating 

time series patient data for real time prognosis 

prediction [8]. Interpreting cancer prediction tasks 

with accuracy and higher interpretability has been 

enhanced using hybrid models, such as those based 

on autoencoders and attention-based deep learning 

[9,10,50]. 

The Cancer Genome Atlas (TCGA), Genomic Data 

Commons (GDC), and Gene Expression Omnibus 

(GEO) comprise large-scale databases for cancer, 

and they are repositories with voluminous omics and 

clinical data [11,31-35]. These databases form a 

major part of the training and validation of deep-

learning-based applications, thus incurring 

dependable benchmarks for model evaluation [12]. 

The empirical bases that have emerged from studies 

show increasingly that models based on deep 

learning trained on TCGA transcriptomic data 

would outperform conventional survival models for 

predicting patient outcomes in breast and lung 

cancers [13,14]. CNN-based approaches analyzing 

radiogenomic features significantly improved 

survival estimation for glioblastoma and pancreatic 

cancer cases [15,16]. Multi-modal deep learning 

frameworks that integrate histopathology, omics 

data, and clinical features in their architecture have 

further improved robustness of predictions across 

multiple cancer types [17]. 

Some research queries the progress made on these 

challenges because many of them still remain: these 

include but are not limited to cross-validation, 

generalizability, interpretability of the models, and 

training processes. Because of the black-box nature 

of deep learning, the challenges in this have made 

clinical adoption of such models difficult; thus, the 

need for developing explainable AI techniques [18]. 

Efforts towards data harmonization and 

standardization across many ends are also key in 

achieving reproducible purposes.  

CONCLUSION 
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Deep learning has truly brought a paradigm shift in 

prognosis with learning multiple omics data 

bringing accuracy in predicting tumor development, 

recurrence, and survival outcome in patients. The 

integration of convolutional neural networks 

(CNNs), recurrent neural networks (RNNs), and 

transformer-based models have resulted in the 

greatest improvement in precision that currently 

enables an optimizer individualized treatment 

approach. Despite data standardization issues and 

interpretability of the models, the advances in 

federated learning, explainable AI, and liquid biopsy 

integration hold promise for future applications. Just 

as well, the collaboration of AI researchers, 

oncologists, and regulation will be critical in 

translating this innovative prospect into society for 

clinical practice. Ultimately, AI and multi-omics 

data may provide a final turnaround in oncology to 

afford cancer survivors better chances of survival 

and treatment outcomes. 
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