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WHAT IS MULTIOMICS?
Omics data include imaging radiomics and various types 
of biological molecules as shown in Figure  1. Radiomics 
extracted from medical images has been extensively inves-
tigated in cancer research for diagnosis and treatment in 
recent years. Quantitative imaging features—radiomics 
play a crucial role in the field of medical research and diag-
nostics. These features, when evaluated as indicators of 
biological, physiological, or pathological processes can be 
considered as imaging biomarkers. Similarly, any biolog-
ical molecules that are measurable indicators of a sign of 
a normal or abnormal process, or of a condition or disease 
can be identified as molecular biomarkers. Molecular 
biomarkers, which are the backbone of studying biological 

mechanisms of cancer have been increasingly available due 
to the recent advances in high throughput omics biotech-
nologies such as next-generation sequencing, microarray, 
RNA-seq and mass spectrometry, and are expected to 
continuously contribute to precision oncology.

Radiomics
Radiomics focuses on relating extracted imaging infor-
mation to clinical and biological end points in quantita-
tive image analysis.1 The assumption is that there is useful 
information embedded in medical images including diag-
nostic or histopathological images can help with disease 
diagnosis, prognosis, or prediction. Radiomics has the 
advantage of being non-invasive compared with traditional 
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ABSTRACT

Multiomics data including imaging radiomics and various types of molecular biomarkers have been increasingly inves-
tigated for better diagnosis and therapy in the era of precision oncology. Artificial intelligence (AI) including machine 
learning (ML) and deep learning (DL) techniques combined with the exponential growth of multiomics data may have 
great potential to revolutionize cancer subtyping, risk stratification, prognostication, prediction and clinical decision-
making.
In this article, we first present different categories of multiomics data and their roles in diagnosis and therapy. Second, 
AI-based data fusion methods and modeling methods as well as different validation schemes are illustrated. Third, the 
applications and examples of multiomics research in oncology are demonstrated. Finally, the challenges regarding 
the heterogeneity data set, availability of omics data, and validation of the research are discussed. The transition of 
multiomics research to real clinics still requires consistent efforts in standardizing omics data collection and analysis, 
building computational infrastructure for data sharing and storing, developing advanced methods to improve data 
fusion and interpretability, and ultimately, conducting large-scale prospective clinical trials to fill the gap between study 
findings and clinical benefits.
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biopsy-based analysis. Recently, the development of quantitative 
imaging and machine learning (ML) algorithms has moved this 
field to be integrated with the application of precsion oncology. 
Conventionally, radiomics features provide information about 
tumor size, shape, intensity, and texture based on different modal-
ities (CT, MR, PET, molecular imaging etc) and are computed 
manually. ML methods can then be applied to these features 
and models can be built for specific end points. It is important 
to keep the data processing and analysis process consistent to 
translate these radiomics models as robust tools to the clinic. 
The image biomarker standardization initiative (IBSI) provides 
the guidelines for definition, reporting and feature calcula-
tion methods.2 Deep learning (DL) methods avoid the manual 
feature calculation step and automatically learn features from the 
images, which becomes more favorable in the radiomics world. 
Radiomics has been applied to many diseases and different tasks, 
including cancer detection,3 prediction of tumor stage,4 tumor 
genotypes,5 tumor response,6,7 toxicity,8 local control/failure,9 
and survival10,11 in oncology.

Molecular biomarkers
Molecular biomarkers include genomics, epigenomics, tran-
scriptomics, proteomics, metabolomics, etc and are collected 
from various biospecimen such as blood, tissue, tumor, 
urine, semen, saliva, etc. Genomics refers to the collective 
characterization and quantification of an organism’s genes. 
The development of high-throughput sequencing technol-
ogies which parallelized the sequencing process has greatly 
increased the availability of genomics data for cancer research. 
Genomics data12 is generated from the sequencing of DNA 
and is commonly used in cancer studies after the necessary 
annotation and analysis is done. Some examples of genomics 
data include single nucleotide polymorphisms (SNPs) and 
copy number variations (CNVs). Epigenomics13 is a study 
focusing on the characterization of reversible modification 

of DNA or histones that affect gene expression without alter-
nating DNA. Epigenetics data include DNA methylation 
and histone modification. Transcriptomics14 is a study of 
the complete set of RNA transcripts. Transcriptome can be 
obtained by microarray and RNA-seq methods. Some exam-
ples of transcriptomics data include protein-coding mRNA, 
non-coding miRNA, lncRNA, and snRNA. Proteomics15 
focuses on the step after genomics and transcriptomics in 
the biological system and is a study of proteins. Microarray 
and mass spectrometry are among the popular methods to 
gain proteomics data. Metabolomics studies a collective set 
of small molecules metabolites such as metabolic interme-
diates, hormones and other signaling molecules to be found 
in blood and urine biospecimens. Although the metabo-
lome has not been extensively studied for cancer compared 
to other types of omics data, it also has the potential to be 
associated with risk in cancer etiology, survival, and overall 
mortality.16

Correlations among different biomarkers
The different omics data may be inherently interconnected 
in the underlying biological processes, particularly when it 
comes to molecular biomarkers. Ongoing research efforts also 
try to link Radiomics with other omics data.

Omics data may correlate in isolation with a specific problem 
in diagnosis or therapy. However, such an approach may not 
adequately consider the interactions between different molec-
ular levels.17 Research has been conducted to reveal interac-
tions and correlations within and across different omics, this 
may help create cost-effective or less invasive ways to get 
patient-specific information,18 discover the new biomarker,19 
uncover biological pathways or mechanisms of cancer,20 and 
eventually help provide better diagnosis and therapy of cancer.

Figure 1. Multiomics data and its role in precision oncology. CNV, copy number variation; DNA, deoxyribonucleic acid; RNA, ribo-
nucleic acid; SNP, single nucleotide polymorphism.
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ROLES OF MULTIOMICS IN DIAGNOSIS AND 
TREATMENT OF CANCER
The general goal of omic-type analyses is to improve clinician 
knowledge about a patient’s disease and ultimately contributes to 
clinical decision-support. Depending on the timing and presen-
tation of this knowledge, the specific application may vary. Initial 
applications are related to diagnosing a disease and include tumor 
detection, screening21 or subtyping.22 Distinct tumor subtypes, 
especially those defined by common genetic pathways, can aid 
risk group stratification23 and may eventually guide a treatment 
with targeted agents in novel immunotherapy.24 Multiomics 
data along with advanced prognostication,25–29 and outcome 
prediction30,31 can offer possibilities for treatment selection or 
planning. After treatment has commenced, omics data can be 
leveraged to monitor response and provide decision-support32–34 
to therapy and adapt if needed.35 Some examples of modeling 
designs include: (i) radiomics as predictors for molecular data, 
and (ii) omics or multiomics data as predictors for a specific clin-
ical end point.

Radiomics, high-throughput quantitative analysis of features 
derived from medical images, is a logical tool for approaching 
diagnostic challenges. Imaging is generally available more 
quickly, easily, and non-invasively than tumor tissue samples 
needed for genomic analysis. Radiomics has been widely used to 
distinguish malignant36 from begin tumors or predict the overall 
malignancy of visible lesions.4 However, its wide application is 
still limited to research, the implementation of radiomics in real 
clinical settings is in its early stages and requires ongoing and 
concerted efforts to progress. A focus of radiomic signatures is to 
predict an already-established genetic or histologic subtype. The 
rationale is to combine the efficiency and availability of imaging 
data with the biological implications of established subtypes. 
Combination of multiple omics data can help uncover better 
prognostic signatures. For example, in lung cancer genomics, 
and PET radiomics have been used to predict cancer histotypes 
and jointly estimate patient prognosis.37,38

Other omics analyses for diagnosis include genetic analysis of 
so-called liquid biopsies from serum samples which are much 
more accessible than surgical tumor specimens.39–41 In these 
samples, genomic, proteomic, and metabolomic analyses are 
possible on both patient germline DNA as well as circulating 
tumor DNA. Multiomics approaches are well suited for analyzing 
liquid biopsy because the samples contain DNA, proteins, and 
metabolites which can all be mined for useful data.

Multiomics analysis can be used for improving existing cancer 
therapy and exploring novel therapy. First, the effectiveness of 
existing treatments can be statistically improved by identifying 
patients which are unlikely to respond and using alternatives 
instead. Omics signatures can be used to identify high-risk 
groups that may be at increased risk for recurrence,37 and there-
fore may benefit from treatment escalation. Second, identifying 
signatures of distinct tumor subtypes allows the development 
of targeted agents.42,43 A tremendous amount of effort has been 
placed on developing differentiated treatment regimens. Roles 
for multiomics include identifying specific signaling pathways 

that can be blocked44 or antigens targetable by immunologic 
agents.45 Sometimes, more distinctive prognostic groups can be 
found specifically with a multiomics approach.46–48

In addition to identifying patients who are likely to respond to 
a treatment beforehand, genomic or radiomic data can monitor 
ongoing response to treatment. Historically, treatment adap-
tation has been based on simple metrics like tumor size or 
visible disease burden. However, complex changes in tumor 
image texture, proteome, or genome may be useful indicators 
of response assessment, even just shortly after treatment induc-
tion.49,50 Response assessment is often measured via estimation 
of local control probability or increased risk of toxicity.31,50 
Examples of adaptation are changes made in chemotherapy 
regimen or radiation dose escalation.

METHODOLOGY AND VALIDATION
AI/ML/DL methods
Data integration methods
Integration of high-dimensional and heterogenous multiomics 
features is a very challenging task. Pre-processing steps such 
as data cleaning and normalization are essential to ensure data 
quality and consistency before data integration. Data cleaning 
normally involves handling missing data using imputation51 and 
removing outliers.52 Popular normalization methods are Z-score 
normalization and Min-Max scaling. Concatenation of multio-
mics features is the easiest way to conduct multiomics data inte-
gration. However, it may lead to the “curse of dimensionality” 
problem, i.e. the number of features is much larger than the 
data sample size, and hence model overfitting. It is common to 
conduct dimensionality reduction before integrating multiomics 
data for dealing with high-dimensional data.

As shown in Figure 2, dimensionality reduction can be achieved 
using either feature selection where a subset of original features 
is selected53 or feature extraction54 where representation features 
are built based on original features. Dimensionality reduction 
techniques can be further separated into two main categories, 
supervised or unsupervised, depending on whether data labels 
are used for feature reduction. Unsupervised feature selec-
tion methods can be correlation analysis and variance-based 
approaches. Supervised feature selection methods use data labels 
to identify the most relevant features via univariate or multi-
variate tests, random forest (RF), least absolute shrinkage and 
selection operator (LASSO) etc. Unsupervised feature extraction 
methods include clustering,55 autoencoders,56 and matrix 
factorization techniques such as principal component analysis 
(PCA), and singular value decomposition (SVD). Supervised 
feature extraction methods include linear discriminant analysis 
(LDA),57 deep neural pursuit (DNP)58 and others. It should be 
emphasized that validation or testing data sets should be held out 
from the supervised feature reduction process. Otherwise, it may 
lead to biased/overpromised model performance.

A combination of different dimensionality reduction methods can 
also be used to further reduce feature dimension. For example, 
Sammut et al applied both supervised univariate feature selec-
tion and unsupervised collinearity reduction to select features in 
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each omic category (genomics, transcriptomics, pathology, and 
clinical features).59 The remaining features were concatenated 
and used to train ML models for predicting neoadjuvant chemo-
therapy treatment response in breast cancer patients.

ML/DL modeling
ML and DL methods60 have achieved promising performance 
in analyzing multiomics data.9 ML methods build models based 
on the observed data to make predictions or decisions without 
being explicitly programmed. DL methods are a subset of ML 
methods. They are mainly based on artificial neural networks.61 
Conventional ML methods require the input of human-designed 
features, while DL methods can learn representation directly 
from raw data, e.g. 2D/3D medical images.

ML/DL methods used for multiomics data analysis can also be 
divided into two categories, unsupervised learning and super-
vised learning. For example, Zhang et al proposed an unsuper-
vised DL-based clustering method to identify cancer subtypes.62 
Vahabi and Michailidis summarized the application of unsuper-
vised methods in multiomics data analysis to investigate many 
tasks including disease onset prediction and pathway anal-
ysis.63 On the other hand, supervised learning requires labels 
for model training to achieve classification or regression tasks 
such as patient risk prediction, treatment outcome prediction, 
and survival prediction. Supervised conventional ML methods 
include generalized linear model (GLM),64 support vector 
machine (SVM),65 and RF. Supervised DL methods could be 
constructed using multilayer perceptron (MLP),66 convolu-
tional neural network (CNN),67 and recurrent neural network 
(RNN).68

It may not be necessary to reduce feature dimensions before 
integrating multiomic features when using DL methods as they 
can learn representation from raw features. For example, Cui 
et al proposed an actuarial DL neural network to predict the 

probability of radiation-induced pneumonitis and local control 
in Stage III non-small cell lung cancer patients based on the input 
of raw multiomics data (dosimetrics, radiomics, proteomics, and 
transcriptomics).50 In the proposed model, a 1-D CNN was used 
to learn representation from dosimetrics, and three variational 
autoencoders (VAEs)56 were used to encode the remaining three 
feature categories, respectively. Encoded features were then fed 
into a survival neural network (Surv-Net)69 which was trained in 
an end-to-end scheme along with the 1D CNN and VAEs.

Validation of models
The risk of bias and potential usefulness of an AI/ML model can 
be adequately assessed by full and clear reporting of informa-
tion on all aspects of the model. Multiple guidelines have been 
published to aid the assessment of AI/ML models. Mongan et 
al proposed a CLAIM guide70 to promote clear, transparent 
and reproducible scientific communication about AI’s applica-
tion in medical images. El Naqa et al71 proposed a checklist to 
enhance the reproducibility and generalization of applications 
of artificial intelligence (AI) in medical physics. Collins et al 
proposed TRIPOD Initiative72 as a set of recommendations for 
the reporting of developing, validating, or updating a prediction 
model for diagnostic or prognostic purposes.

Retrospective
A retrospective study collects information from patients who 
have been treated in the past and analyzes the data. Cross-
validation (CV) is a popular resampling procedure in retro-
spective studies used to evaluate ML models and access how the 
model will perform for an independent test data set. K-fold cross-
validation is the most used technique. After equally partitioning 
the original data set into k subparts or folds, one group is held 
out for validation and the remaining (k-1) groups are selected as 
training data. The process is repeated k times until each group 
has been treated as validation data once. Leave-one-out cross-
validation (LOOCV) and stratified k-fold cross-validation are 

Figure 2. Workflow and techniques for multiomics study. DL, deep learning; LASSO, least absolute shrinkage and selection oper-
ator; ML, machine learning.
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among the popular variations of CV. As for time-series-related 
data, time-series CV was proposed to split data into train and 
validation according to the time. It is also referred to as the 
forward chaining method or rolling CV, since for a particular iter-
ation, the next instance of train data can be treated as validation 
data.73 It is worth noting that when tuning the hyperparameters 
of the models, it is important to conduct nested CV, otherwise, 
the intended validation data set will be mistakenly used during 
the development of the model and thus give an unfair evaluation 
of the model performance.

Prospective
A prospective study involves following and observing patients 
over a period of time, collecting patients’ information9 and 
testing an assumption that was made beforehand. Unlike a retro-
spective study, a prospective study sets patient eligibility criteria, 
end points of interest, and follow-up analysis in advance to 
control for bias and variability. Prospective validation may utilize 
data from prospective studies and test a pre-existing model. It is 
highly preferable compared to retrospective validation as hidden 
confounding factors which may not present or cannot be simu-
lated in the retrospective analysis can eventually emerge in the 
real world and degrade the performance of the model. Especially, 
considering the complexity involved in collecting, processing, 
and analyzing multiomics, prospective validation may give a 
more straightforward and unbiased evaluation of the findings 
compared to its retrospective counterpart.

Sometimes, to acquire enough patients in a prolonged follow-up, 
prospective analysis can be preferably done through collabora-
tion. Gathering data from different institutions may not only 
accelerate data collection, but also affirm that the research find-
ings can be extended to benefit a larger population, as patients 
from the same institution may not be representative due to the 
homogenous clinical practice as well as similar patients’ demo-
graphics and characteristics. Overall, it is preferable that the vali-
dation of the research findings can be conducted in a prospective 
manner and on an external data set.

APPLICATIONS OF MULTIOMICS
Precision oncology has significantly benefited from the applica-
tions of multiomics, encompassing essential areas such as cancer 
subtyping, genetic mutation prediction, risk group stratifica-
tion, prognostication, outcome prediction, and clinical decision 
support. Table 1 provides a comprehensive compilation of exem-
plary studies illustrating the utilization and impact of multiomics 
in these crucial aspects of cancer research and treatment.

Cancer subtyping
Cancer is primarily classified by its site of origin. However, cancer 
occurring at the same site can be genetically different. Thus, 
subtyping cancers based on their distinct molecular features is 
necessary for appropriate and effective treatment. Tradition-
ally, pathologists carry out cancer subtyping based on histolog-
ical data and growth sites. More recently, multiomics data from 
techniques such as microarray and RNA sequencing (RNA-seq) 
in conjunction with ML are being used for subtyping.78 Triv-
izakis et al74 applied supervised learning on radiomics, and 

transcriptomics data obtained from NSCLC patients with well-
defined histology subtypes and molecular end points (EGFR and 
KRAS mutation status). They trained and compared SVM, deci-
sion tree, and DNN model for subtypes and mutation prediction, 
and identified important radiogenomic predictors. Park et al75 
trained and evaluated the performance of various ML models 
in predicting prognostic biomarkers and molecular subtypes of 
breast cancer. 18 perfusion parameters of low-dose perfusion CT 
were analyzed using 5 Ml models to predict lymph node status, 
tumor grade, tumor size, hormone receptors, HER2, Ki67, and 
the molecular subtypes. Aftimos et al76 studied the process 
of relapse in metastatic breast cancer where they applied an 
unsupervised uniform manifold approximation and projection 
(UMAP) clustering algorithm on RNA-seq data to compare gene 
expression profiles of different cancer subtypes.

Genetic mutation prediction and risk group 
stratification
Knowledge of the important multiomics features associated with 
a cancer type and its subtype can be used for genetic mutation 
prediction and risk group stratification. Shiri et al21 applied 
multiple feature selection methods and ML models on radiomics 
data from NSCLC patients for multivariate prediction of gene 
mutation status of KRAS and EGFR in NSCLC patients. Since 
the mutation status infers about NSCLC, such radiomics models 
can be used for indirect screening. Zhang et al23 developed ML 
strategies for risk stratification that identified four molecular 
subgroups in pediatric medulloblastoma (MB). They extracted 
1800 radiomics features from pre-operative MRI images and 
trained a two-stage classifier which identified non-wingless 
(WNT) and non-sonic hedgehog (SHH) MB in the first stage 
and differentiated therapeutically relevant WNT and SHH in the 
second stage. WNT and SHH are signaling pathways. Additional 
classifiers for distinguishing Group 3 and Group 4 MB were 
developed and the identification of radiomics features unique to 
infantile vs childhood SHH subgroups was carried out.

Prognostication of cancer
Prognostication provides an estimate of a patient’s life expec-
tancy. Besides tailoring treatments, the knowledge of survival 
time is important for the patient and family in planning their 
next course of action. Hoivik et al26 integrated pre-operative 
MRI with histologic, transcriptomic, and molecular biomarkers 
to identify aggressive tumor features in endometrial cancer via 
a survival analysis. ML techniques such as tumor auto segmen-
tation via 3D UNet and K-means unsupervised clustering were 
applied for the study. Zeng et al27 used CT radiomics features 
for predicting genetic mutations and mRNA-based molecular 
subtypes and then combined radiomic features with molecular 
data for 5-year overall survival prediction in clear cell renal cell 
carcinoma. They analyzed four feature selection methods and 
eight classifier models, out of which RF classifier performed 
the best regardless of the feature selection method. They found 
out that integrative multiomics (radiomics, genomics, tran-
scriptomics, and proteomics) data have the best OS prediction 
power followed by radiomics + omics, and single omics. OS anal-
ysis via multiomics data and advanced ML modeling is rapidly 
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advancing in other cancer types, such as HNSCC,28 pancreatic 
cancer,29 liver and breast cancer,25 etc.

Outcome prediction
Accurate outcome prediction helps in personalizing treatment 
and increasing treatment efficacy. Information-rich multio-
mics data have been shown to improve model performance 
and help lower decision-making uncertainty.32 Luo et al31,79 
have employed an interpretable Bayesian Network approach 
on multiomics data for predicting local control and radiation-
induced complications in NSCLC. They have used the Markov 
blanket approach and pre-existing expert knowledge in feature 
selection and building a relational graph between the selected 
features and the outcome as shown in Figure 3. Cui et al50 devel-
oped a novel actuarial DNN for independent and joint predic-
tion of local control and radiation pneumonitis in NSCLC. In 
their design, differential dose–volume histograms were fed into 
1D convolution neural network, and high-dimensional imaging 
and molecular data were fed into a variational autoencoder. The 
reduced representation from CNN and Autoencoder was then 
fed into Surv-Nets for predicting time-to-event probabilities.

Clinical decision-support
An outcome prediction model can be employed to develop 
a decision-support system that maximizes local control and 
minimizes toxicities.77,80 Niraula et al33,81 have developed 
decision-making software for adaptive radiotherapy that can 
take in patients’ pre- and mid-treatment multiomics data and 

recommend optimal dose decisions for the rest of the treat-
ment period. The decision-making tool consists of two main AI 
components: (i) artificial radiotherapy environment (ARTE) and 
(ii) optimal decision-maker (ODM). They have used Graphical 
Neural Networks for designing ARTE and Deep Reinforcement 
learning for ODM. Additionally, quantum deep reinforcement 
learning as ODM82 and the inclusion of Gaussian process in 
ARTE as uncertainty estimating and decision improving tool34 
have been explored.

TRANSITION INTO THE REAL WORLD
Multiple challenges remain to be resolved in order to translate 
multiomics studies into real-world clinical applications. Firstly, 
heterogenous multiomics data may originate from different 
sources or varied technologies and may contain missing or 
mislabeled information, these may affect the generalizability and 
reproducibility of the multiomics study. Second, multiomics data 
may not be readily available in current routine clinical practice, 
this demands data management and data sharing of multio-
mics that requires efforts in building infrastructures for storing, 
sharing, and re-using omics data. Thirdly, data fusion methods 
that can integrate multiomics data holistically and systemati-
cally are still lacking. Fourthly, clinical applications also require 
the interpretability of AI/ML methods which may advance the 
understanding of cancer biology and more importantly, help 
gain the trust of clinicians and build safeguard mechanisms. 
Ultimately, multiomics clinical trials are expected to be done to 

Figure 3. Pre- (a) and during (b) treatment situation awareness Bayesian networks for the joint prediction of lung cancer 
patients' tumor local control and radiation pneumonitis with Grade 2 after radiation therapy based on the discovery data set. miR, 
microRNA; GLRLM_LGRE, Gray Level Run Length Matrix_low gray level run emphasis; gEUD, generalized equivalent uniform dose; 
LC, local control; RP2, radiation pneumonitis grade equal or greater than 2; GTV, gross tumor volume; SLP, slope; IL, interleukin; IP, 
Interferon-gamma-Inducible Protein.
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establish robust connections between multiomics research find-
ings and appropriate clinical decisions.

Standardization of sample collection and analysis 
pipelines
The success of a multiomics project strongly depends on the 
cooperation between a carefully designed experimental setup 
and a suitable data processing pipeline. As multiomics data sets 
may contain very different data modalities originating from 
varied technologies, platforms and analyzing tools. Also, missing 
data and mislabeled data are common problems in large-scale 
multiomics study.

Tarazona et al proposed a set of harmonized Figures of Merit 
(FoM) as quality descriptors applicable to different omic data 
types. Based on the FoM, they formulated the MultiPower 
method to estimate the optimal sample size in a multiomics 
experiment and support different experimental settings, data 
types and sample sizes.83 The FoM definitions constitute a frame-
work for quality control and precision in the design of multiomic 
experiments.

Benchmarking computational tools
In multiomics studies, benchmarking study may be used to 
determine the strengths of computational methods and select 
suitable methods for multiomics analysis. Mangul et al84 
proposed the following principles for rigorous, reproducible, 
transparent, and systematic benchmarking. Some recommenda-
tions include compiling a comprehensive list of tools, preparing 
and describing benchmarking data, selecting evaluation metrics, 
considering parameter optimization, summarizing algorithm 
features, sharing commands for installing and running tools, 
defining a universal format (if necessary) and providing a flexible 
interface for downloading data. In addition to the above princi-
ples, Weber et al summarized other key practical guidelines and 
recommendations for performing high-quality benchmarking 
analyses, for instance, evaluating secondary measures including 
computational requirements as well as designing the benchmark 
to enable future extensions and following reproducible research 
best practices by making code and data publicly available.85

Availability of omics data and data sharing
Currently, omics data are not easily accessible in routine clinical 
practice. Genomics data are occasionally collected during the 
cancer diagnosis, but other omics data such as transcriptomics 
and proteomics data are still behind. This is expected to change 
in the future, as more multiomics research findings become 
readily translated into clinical practice for precision oncology.86

To enhance the reusability of existing data, Wilkinson et al 
proposed the principles of findability, accessibility, interoper-
ability, and reusability, named FAIR principles. In addition to 
supporting data reuse by individuals, the FAIR principles also 
put specific emphasis on enhancing the ability of machines to 
automatically find and use the data. GitHub appears to be the 
most popular platform for FAIR87 sharing of data and code, and 
Bioconductor and comprehensive R archive network (CRAN) 
are also among the popular platforms.

Currently, there are many ongoing efforts to enhance multio-
mics data sharing in cancer research. The cancer genome atlas 
(TCGA) is a landmark multiomics data set.88 It includes genomic, 
epigenomic, transcriptomic, and proteomic for various types of 
cancers. International cancer genome consortium (ICGC)89 is an 
international collaboration where members from different coun-
tries can share omics data (mostly mutation-related genomic 
alterations) of various tumor types. And, therapeutically appli-
cable research to generate effective treatments (TARGET)90 
which aims to determine molecular changes that drive child-
hood cancers containing omics data such as gene expression and 
miRNA.

Efforts have also been made to reveal the connections among 
omics datasets from different resources. Perez-Riverol et al 
released the first version of the omics discovery index (OmicsDI) 
in 2017 as a lightweight system to aggregate datasets across 
multiple public omics data resources. It aggregates genomics, 
transcriptomics, proteomics, metabolomics and multiomics data 
sets, as well as computational models of biological processes.91 In 
addition, Zenodo was proposed to allow users to upload raw data 
files, tables, figures, and code. In addition to providing digital 
object identifiers (DOIs), it supports code repositories, with 
GitHub integration. Moreover, Foster et al proposed an open 
science framework (OSF) to promote open, centralized work-
flows by enabling the capture of different aspects and products 
of the research lifecycle, including developing a research idea, 
designing a study, storing, and analyzing collected data, and 
writing and publishing reports or paper. The OSF also supports 
DOIs while promoting open-source sharing that adheres to the 
FAIR guidelines.92

Data fusion
Different categories of omics data can complement each and 
provide an integrative picture of cancer development and 
progression. Additionally, one may reduce the experimental or 
biological uncertainty in the analysis by combining multiomics 
data. However, integrating omics data from different sources can 
be challenging, as heterogenous multiomics data may be gener-
ated by varied technologies and may have a variety of magni-
tude. As discussed in the method section, data normalization 
and scaling should be adapted to pre-process omics-data before 
integrating. And, data representations and dimensionality reduc-
tion methods should be used when combining a large number of 
omics data. Most omics integration methods do not imply any 
hierarchy among the data, which may preclude understanding 
cancer biology in a holistic and systematic manner. Hence, 
integration of multiomics data from different levels of a biolog-
ical system using some advanced methods such as Bayesian 
network31 and Similarity network fusion93 can enforce hierarchy 
and incorporate any prior information and expert knowledge 
when integrating omics data from different sources.

Interpretability
The development of ML algorithms shows great potential for 
medical applications, including multiomics analysis. However, 
one of the biggest challenges is the “black box” nature of these 
complicated models. It is crucial for clinicians and patients to 
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understand the models before adopting them in the clinic. Inter-
pretable AI has been given a lot of attention, especially in the 
medical field94 to enhance the understanding of the models.95 In 
general, there are two types of interpretable methods: inherent 
interpretable methods, such as decision tree, logistic regression, 
naïve Bayes, etc; and post-training methods that try to explain 
the built “black box” models (e.g. deep neural networks).96 For 
the post-hoc interpretation, ablation analysis is commonly used 
for DL, which removes certain data points (structures, nodes) 
to see how this will affect the model accuracy.97 Gradient-based 
methods are another type of popular interpretation methods. 
Layer-wise relevance propagation (ϵ-LRP),98 DeepLIFT,99 and 
Integrated Gradients (IG)100 methods are some examples of 
gradient-based methods. These interpretable methods have been 
used in medical applications widely. Saliency maps on chest 
radiographs have been used to validate the learned patterns of 
a DL system classifying patients as having pneumonia.101 As 
shown in Figure 4, integrated gradients were used in one study 
for risk prediction of overall survival (OS) in hepatocellular 

carcinoma (HCC) patients treated with stereotactic body radia-
tion therapy.10 Another study predicting 10-year prostate cancer 
mortality using XGBoost applied Shapley values and provides 
interpretability to understand the results.102

Multi-institutional prospective clinical trials
One of the challenges for the multiomics study is the limited 
number of samples which may lead to high false-positive rate as 
well as poor reproducibility and generalizability of the findings. 
In addition to previously mentioned initiatives such as standard-
ization of data collection and analysis, transparency of reporting, 
and data sharing, multi-institutional prospective clinical trials 
may eventually establish robust connections between research 
findings and appropriate treatment intervention of cancer. 
Data from a single institution may lack variability in patients’ 
demographics or clinical practices which can potentially intro-
duce severe systematic bias to the multiomics research, hence, 
validating multiomics research findings with multiple external 
data sets is highly recommended. This is by no means a trivial 

Figure 4. Example images for low/high liver-GTV GLSZE–GLN values. Top row shows the images for a patient with GLN 0.756, 
died in 264 days. Bottom row shows the images of a patient with GLN 0.154, survived 760 days (right censored). The left column 
shows most of the liver tissues. The right column shows the zoomed in tissues. The blue dots are the output of integrated gradi-
ents method that shows the critical pixels for the prediction of the neural network. GLSZE: gray level size zone, GLN: gray level 
non-uniformity.
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task, there are multiple challenges existing such as the standard-
ization of analysis platforms, building of centralized computer 
infrastructure, and resolving ethics issues relating to adopting AI 
techniques into clinical practice.

In addition, to prospectively collect the validation data, the 
prospective validation of research findings can be done by 
carefully designing a randomized controlled clinical. In such 
a randomized controlled clinical trial, patients are assigned 
to treatment groups with or without innervations based on 
multiomics. The credibility of the findings can then be verified 
by comparing pre-determined outcomes in the two groups. 
Randomized controlled trials will balance participants’ char-
acteristics between groups, providing a rigorous and unbiased 
tool for causal inference, hence it is regarded as the most ideal 
way to prospectively validate multiomics research findings. 
Recent years have witnessed some pioneering work103,104 of 
prospectively validating the AI models in clinical settings in 
oncology, we expect this trend continues and more work related 
to the multiomics study will be evaluated prospectively and 

eventually translate into real clinics and contribute to precision 
oncology.

CONCLUSION
Multiomics data have been increasingly investigated for better 
diagnosis and therapy in the era of precision oncology. AI 
including ML and DL techniques combined with the exponen-
tial growth of multiomics data may have great potential to revo-
lutionize cancer subtyping, risk stratification, prognostication, 
prediction and clinical decision-making. However, the transla-
tion of multiomics research to real clinics still requires consis-
tent efforts in standardizing omics data collection and analysis, 
building computational infrastructure for data sharing and 
storing, developing advanced methods to improve data fusion 
and interpretability, and ultimately, conducting large-scale 
prospective clinical trials to fill the gap between study findings 
and clinical benefits.
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