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Abstract

Cancer prognosis reflects a complex biological process measured by multiple types of omics
data. Deep learning frameworks have been proposed to integrate multi-omics data and predict
patient outcomes in different cancer types, potentially revolutionizing cancer prognosis with superior
performance. This minireview summarizes the advances in the strategies for multi-omics data
integration and the performance of different deep learning models in prognosis prediction of diverse
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cancer types using multi-omics data published in the past 18 months. The challenges and limitations

of deep learning models for predicting cancer outcomes based on multi-omics data are discussed.

Introduction

Accurate cancer prognosis prediction may necessitate
the use of multiple types of omics data since a single type of
omics data may not present the entire story. For example,
analyzing only gene expression data may not reveal important
information about protein expression or metabolite levels that
could impact cancer prognosis. In contrast, the integration
of multiple omics enables the construction of molecular
networks that help identify holistic mechanistic pathways
underlying cancer progression. This integration requires
the state-of-art bioinformatic approach, i.e. deep learning-
based modeling, because it can handle the high-dimensional
and complex nature of the multi-omics data which involves
thousands or even millions of features, and identify patterns
and associations that may be missed by traditional statistical
methods. Various deep learning frameworks have been
proposed to integrate multi-omics data including epigenomics,
genomics, proteomics, metabolomics and radiomics to
predict patient outcomes in different cancer types and may
revolutionize cancer prognosis with superior performance
[1]. Here, we review the advances in the strategies for multi-
omics data integration and the performance of different deep
learning models in prognosis prediction of diverse cancer
types using multi-omics data published in the past 18 months
since studies reported prior to September 2021 have been
reviewed elsewhere [2].

The most common types of omics data and data
representations used to train deep learning models and the
main types of unsupervised data integration methods for
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combining multi-omics data have been comprehensively
reviewed [3,4]. Depending on when data integration occurs,
data integration methods can also be categorized into two
types, i.e., early fusion and late fusion. Studies using early
fusion stack the matrices of all multi-omics data first and
then construct one model to perform the prediction, while
studies employing late fusion construct models for each type
of multi-omics data first and then stack the information from
each model for prediction. Ding et al. recently developed a
supervised "cooperative learning” algorithm that combines
early and late fusion methods and their blended versions
to encourage the predictions using different types of omics
data to agree and chooses the degree of agreement in a data-
adaptive manner [5]. The powerful method allows flexible
fitting mechanisms for different modalities and boosts
the aligned signals across modalities by exploiting their
underlying relationships, thereby, improving prediction
accuracy using multi-omics data. Moreover, Benkirane, et
al. developed a customizable versatile deep learning-based
strategy for multi-omics integration, named CustOmics, that
relies on a two-phase approach in which the training to each
omics data source is adapted independently before learning
cross-modality interactions in the second phase, providing
highly interpretable results [6].
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With the recent progress in deep learning techniques,
various prediction models have been generated for outcome
prediction using multi-omics data and their performances have
been evaluated in multiple cancer types using the concordance
index (c-index) [7] that measures the discriminative power of
the model by comparing the predicted results with the real
survival time, or accuracy (ACC) that measures how often the
model correctly predicts the target variable [8]. The types
of omics data used, predictive modeling method, validation
technique, and performance metrics of the most recent studies
published within the past 18 months were summarized in
Table 1.

In glioma, Multi-PEN (Multi-Prognosis Estimation
Network) was developed to predict survival using mRNA and
miRNA expression with a c-index of 0.70 [9], while i-Modern
integrating transcription profile, miRNA expression, somatic
mutations, copy number variation (CNV), DNA methylation,
and protein expression achieved ACC of 97.80% when
classifying glioma patients in TCGA into subgroups with
differential prognosis [10]. Another deep learning model
using mRNA expression and DNA methylation data achieved a
c-index 0f 0.70-0.92 in multiple glioma datasets [11]. In gastric
cancer, GCS-Net, a biological pathway-based sparse deep
neural network model was recently constructed for long-term
survival prediction using CNV and somatic mutation data and
showed higher accuracy (c-index=0.844) [12]. In addition,
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a bidirectional deep neural networks (BiDNNs) based model
integrating transcriptomics and epigenomics data stratified
gastric cancer patients into two survival subgroups with a
c-index of 0.65 [13]. Moreover, an unsupervised feedforward
neural network-based model was proposed to integrate mRNA,
miRNA and methylation data and predict the prognosis of
gastric cancer patients with a c-index 0of 0.61 to 0.71 in multiple
datasets [14]. The model demonstrates better performance
than the two alternative approaches to prognosis prediction.
In prostate cancer, a novel deep learning-based model
combining profiles of mRNA, miRNA, DNA methylation, CNVs
and IncRNA predicted outcome with a c-index of 0.767 [15]. In
neuroblastoma, a deep learning model using a network-level
fusion of multi-omics data outperformed feature-level fusion
and achieved 79% and 70% ACCs for outcome prediction on
two patient cohorts [16]. In pancreatic cancer, multi-omics
deep learning for prognosis-correlated subtyping (MODEL-P)
was developed to integrate mRNA sequencing, microRNA
sequencing, and DNA methylation data and accurately stratify
patients into subgroups with distinct survival outcomes [17].
Finally, in ovarian cancer, integrating CNV, DNA methylation,
and mRNA expression data using variational autoencoders
in deep learning model construction showed a c-index of
0.60-0.68 in outcome prediction of multiple patient cohorts
[18]. These most recent studies demonstrated the promising
potential of deep learning-based models in cancer outcome
prediction using multi-omics data.

First
Predictive Validation Performance
g l::lﬂmrﬂ Cancer fype Type of omics Muodel Output modeling technique (5) metrics
DNN (gene
Choi [9] Glioma mENA, miREMNA predicted OS5 aitentinn) 5.CV Ceindex
mENA, muFNA,
mutation, CNW, patient .
Pan [10] Glioana DNA methylation,  dichot ton autoeneoder 5-CV ACC, AUC
protemn
) C-index, bner
Tian [11] Glioma mENA, DNA patient autoencoder 10-CV  score, log-rank
methylation dichotonuzation p valpe
Hu[12] Gastne Cancer CNV, mutation predicted OS5 DINN hold out ACC, AUC
patient badirectional C-mdex, log-
Xu[13] Gastric Cancer mBEMNA, protein dichot tion DNN 10-CV malk o value
mBENA, DNA fend C-mndex, bner
Chen [14] Gastric Cancer methylation, & u:hoif tion autoencoder 10-CV seore, log-rank
mBENA p value
mENA, miFENA,
Prostate mtation, CNV, patient 10-CV, C-mdex, log-
Wei [15] Cancer DNA methylaton,  dichotoruzation e external rank p value
InENA
mRNA, DNA patient \
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T . In'l g
Jul17] Cancer DNA methylation,  dichotomization DNN oV value
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* ACC-aceuracy AUC-area under the curve CVeoeross validation DINN-deep neural network OS-overall survival

Table 1: Information of the most recent studies reviewed in this article.
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Discussion

Deep learning-based cancer prognosis studies using
multi-omics data have demonstrated superior accuracy
than traditional machine learning methods. In addition,
deep learning models trained on one cancer type have been
shown to be transferable to other cancer types, allowing the
generalized use of a single model on multiple cancer outcome
predictions. Moreover, these models helped identify novel
biomarkers and important genes that contribute to patient
outcomes, shedding light on the underlying mechanisms of
cancer progression and therapeutic development. However,
several challenges and limitations must be addressed
[19,20]. First, the success of deep learning models relies on
the availability and quality of data. Multi-omics data can be
very complex, and obtaining large, high-quality datasets can
be challenging. If the multi-omics data is noisy, incomplete, or
biased, it may negatively impact the model's utility. Moreover,
multi-omics data have different measurement technologies,
scales, and levels of noise. The heterogeneity of the data can
lead to performance degradation because the model may not
effectively capture the underlying biological relationships.
Second, deep learning models are known for their ability
to learn complex relationships between input features and
outcomes. However, special measurements are required
to mitigate the model overfitting and to facilitate the model
generalization on unseen data as the number of features can
be very high and problematic in multi-omics data. Third,
understanding the underlying biological mechanisms behind
the predictions can be challenging, which limits the ability
to use these models to generate new hypotheses. Fourth,
deep learning models trained on multi-omics data from one
population may not generalize well to other populations. This
is particularly true for diseases that have different underlying
genetic and environmental factors in different populations.
Lastly, while deep learning models can automate many
aspects of data analysis, they still require domain expertise
to interpret the results correctly. Without proper domain
expertise, it may be challenging to determine whether the
model's predictions are biologically plausible.

Conclusion

As more multi-omics data becomes available, deep
learning models have the potential to greatly improve survival
prediction using multi-omics data, leading to better patient
outcomes and advancing our understanding of complex
diseases. However, it requires careful attention to data
quality, model complexity, sample size and the heterogeneity
of the data in order to achieve accurate, interpretable and
generalizable results.
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