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Abstract

During the process of carcinogenesis and tumor progression, various
molecular alternations occur in different omics levels. In recent years,
multiomics approaches including genomics, epigenetics, transcriptomics,
proteomics, metabolomics, single-cell omics, and spatial omics have been
applied in mapping diverse omics profiles of cancers. The development of
high-throughput technologies such as sequencing and mass spectrometry
has revealed different omics levels of tumor cells or tissues separately.
While focusing on a single omics level results in a lack of accuracy, joining
multiple omics approaches together undoubtedly benefits accurate molecu-
lar subtyping and precision medicine for cancer patients. With the
deepening of tumor research in recent years, taking pathological classifica-
tion as the only criterion of diagnosis and predicting prognosis and
treatment response is found to be not accurate enough. Therefore,
identifying precise molecular subtypes by exploring the molecular alterna-
tions during tumor occurrence and development is of vital importance. The
review provides an overview of the advanced technologies and recent
progress in multiomics applied in cancer molecular subtyping and detailedly
explains the application of multiomics in identifying cancer driver genes and
metastasis-related genes, exploring tumor microenvironment, and selecting
liquid biopsy biomarkers and potential therapeutic targets.
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it cannot distinguish the characteristics of tumors according
to the deep-level alternations during tumorigenesis and

As a worldwide health problem [1], cancer is a disease
with various causes and multiple stages. According to
Globocan2020, the number of new cases of cancer in
2020 reaches 19 million, while the number of deaths is
about 10 million. To explore the strategy of early diagnosis,
precise treatment and prognostic evaluation for patients
with malignant tumors are in desperate need. Even though
traditional typing of cancer based on histomorphology
and histopathology has been used for quite a long time,

tumor development. It is the increasingly accumulated
variations in genomes, transcriptomes, proteomes, and
metabolomes that lead to the progressive malignant
phenotype of tumor cells. The uncontrolled and unlimited
multiplication of tumor cells creates the tumor micro-
environment (TME) that includes tumor cells, infiltrating
stromal cells, and immune cells. Traditional typing of
cancer stays at the cellular level, while tumor omics
datasets reveal the changes at the molecular level.
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Tumor progression is an outcome with multiple
processes and causes from more than one aspect
including not only the alternations of tumor cells but also
the influence of TME. Considering the various causes of
carcinoma progression, integrating multiomics data can
undoubtedly better realize accurate tumor molecular
subtyping and precise medicine. Different omics data
show different levels of central dogma [2] including
genomics, transcriptomics, and proteinomics. Besides, in
the past few decades, various emerging omics technolo-
gies such as spatial transcriptomics [3] and a series of
single-cell omics [4] have developed rapidly and have
been wildly used in cancer research. Compared to
traditional biological experimental technologies, the omics
approaches lift the limitation of the biological samples
throughout, which is definitely more cost-effective and
time-saving for the researchers [5].

It's worth noticing that multiomics allows researchers to
integrate the flow of different omics information compared
to single omics technology, which greatly contributes to
revealing the occurrence and progression of malignant
tumors [5]. As the complexity increases from genome to
proteome, the integration of diverse omics data requires a
gradual process. The integration of omics datasets is quite
necessary because separate omics data can only describe
the tumorigenesis and tumor progression from a particular
dimension, instead of the vertical causal relationship
between different omics levels. Besides, the same variant
in the genome can cause different changes in the following
levels due to variant genetic and environmental back-
grounds. Therefore, the application of multiomics in cancer
research is a predictable trend and a necessity of tumor
precision therapy. Previous reviews have summarized
recent advances in multiomics tumor analysis.
Akhoundova et al. mainly focused on the discussion of
technological innovation and the application of different
emerging technologies in tumor precision therapy, respec-
tively [6]. Menyharta et al. mainly focused on the detailed
discussion of multiomics data integration approaches, yet
did not cover the emerging omics technologies, such as
spatial omics [7]. While independent from mentioned
reviews, this review includes more comprehensive levels
of omics technology and further discusses the application
of multiomics technological integration from the perspec-
tive of different cancer types. In addition, the potential
direction of future technological progress is mentioned,
which is the extension of time dimension by real-time
dynamic sequencing of viable cells.

OMICS APPROACHES IN CANCER
RESEARCH

Genomics

Genomics is the most wildly used omics approach in
cancer research. The related technologies include

exome sequencing, whole-genome sequencing, and
genotype arrays. The genomic sequencing principle
evolves from Sanger sequencing to next-generation
sequencing (NGS), which provides a massively parallel
sequencing principle to figure out the variation in
genetic profiles of tumor patients including differential
gene mutations, copy number variations, frequently
mutated genes, mutation burden, and clonal differ-
ences. The Cancer Genome Atlas (TCGA) project was
started by US National Cancer Institute (NCI) and
National Human Genome Research Institute in 2006
and characterized the genomic, epigenomic, transcrip-
tomic, and proteomic data of 33 cancer types [8, 9].
With the rapid development of genomics technologies,
studies on genetic profiles of a variety of cancer types
have been carried out [10].

The widespread application of NGS improves tumor
biomarker identification represented by liquid biopsy,
facilitates cancer molecular subtyping, and advances
targeted and personalized treatment strategies. For
example, molecular diagnostic testing represented by
NGS is now an important part of the assessment of
patients with metastatic colorectal cancer (CRC). NGS
often identifies mutations with unclear clinical or
prognostic implications. Jones et al. identified a new
metastatic CRC subtype characterized by good clinical
prognosis and non-V600 BRAF mutations, which
occurred in 2.2% of all patients tested from NGS
databases [11]. In addition, NGS can also be applied to
body fluid including blood samples in addition to patient
tissue samples, which is conducive to the development
of liquid biopsy with the advantage of minimally
invasive procedures. NGS mainly targets circulating
tumor DNA (ctDNA) detected by liquid biopsy. Liquid
biopsy based on NGS has potential application in the
diagnosis and treatment of various tumors, including
nonsquamous nonsmall-cell lung cancer (NSCLC)
[12, 13]. The European Society of Medical Oncology
(ESMO) Precision Medicine Working Group published
the first standard recommendations for the use of NGS
for patients with metastatic cancers in 2020 including
lung cancer, breast cancer, CRC, prostate cancer
(PCa), and so on [14]. NGS is highly recommended for
patients with  NSCLC, PCa, ovarian cancer, and
cholangiocarcinoma with acceptable extra cost com-
pared with small panels.

Using genetic approaches including whole-exome
sequencing (WES), ultra-deep targeted sequencing,
and copy number microarray assays, Wang et al.
performed genomic profiling of 55 patients with small
cell carcinoma of the esophagus (SCCE) [15]. They
identified three unreported significantly mutated genes,
phosphodiesterase 3A (PDE3A), protein tyrosine phos-
phatase receptor type M (PTPRM), and cerebellin-2
(CBLN2), and found out that NOTCH mutation may be a
marker of poor prognosis in SCCE. Moody et al.
revealed the genome mutational profiles of 552
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esophageal squamous cell carcinoma (ESCC) patients
from eight countries and confirmed that apolipoprotein B
mRNA editing catalytic polypeptide (APOBEC) activa-
tion was quite essential in ESCC tumor development
[16]. The genetic features of many specific types of
cancer have already been explored, such as cervical
intraepithelial neoplasia [17], glioblastoma [18], ovarian
carcinoma [19], colon and rectal cancer [20], lung
adenocarcinoma (LUAD) [21], and many other cancers.

Epigenetics

The epigenetic profile describes the genome-wide
identification of modifications such as methylation and
acetylation of DNA or DNA binding protein histone,
nucleosome remodeling, and RNA-mediated targeting.
The epigenetic modifications are reversible and play an
indispensable role in altering chromatin structure by
noncovalent interactions within and between nucleo-
somes, recruiting additional chromatin modifiers, and
remodeling enzymes acting as the effectors of the
modification [22]. The modifications can be influenced
by genetic and environmental factors [23, 24], and
abnormal modifications can lead to changes in replica-
tion, transcription, and DNA repair, which contributes to
the induction and progression of cancer [25]. The
mature epigenomics techniques include chromatin
immunoprecipitation-sequencing (ChlP-seq), assay
for transposase-accessible chromatin using sequenc-
ing (ATAC-seq), and whole-genome bisulfite sequenc-
ing (BS-seq).

ChlP-seq is the specific sequencing method to
explore the location and abundance of histone modifi-
cation, DNA modification, or transcriptional factor based
on the principle of antibody-based pull-down. ATAC-
seq uses the activity of an engineered, hyperactive
Tn5 transposase preloaded with sequencing adapters
to access chromatin accessibility profiling [26].
BS-seq is the classical technique for detecting 5-
methylcytosine (5mC), which is the epigenetic modifi-
cation that regulates gene expression. BS-seq uses
bisulfite to deaminate the unmethylated cytosine into
uracil, while 5mC remains unchanged, and therefore
identifies 5mC sites [27]. However, there remain some
problems for BS-seq including the damage to DNA
samples and the inability to distinguish between 5mC
and 5-hydroxymethylcytosine (5hmC). Based on the
mentioned technical barriers, Schutsky et al. devel-
oped APOBEC-coupled epigenetic sequencing (ACE-
seq) technique in 2018 for locating the 5hmC [28].
Compared with BS-seq, ACE-seq treated samples
with deaminase, which had mild reaction conditions
and less damage to DNA samples and can accurately
identify 5hmC sites with a small amount of DNA
sample.

Lung cancer has the molecular feature of explicit
genetic driver mutations and global and locus-specific
epigenetic modifications [29]. As a hallmark of
lung cancer, DNA specifical gene-promoter hyper-
methylation is an early event in carcinogenesis [30].
Li et al. collected three human lung normal-tumor pairs
and applied oxidative bisulfite sequencing (oxBS-
seq) and BS-seq to generate whole-genome DNA
methylation and hydroxymethylation maps in human
normal lung and paired tumor tissues [31], which
revealed that differential gene expression between
cancer and normal tissues is strongly associated with a
unique interaction between 5mC, 5hmC, and mono-
methylation of histone H3 lysine 4 at CpG island
shores. Represented by the DNA methylation land-
scape, epigenetic profiling has been deeply dug into
PCa [32] and many other cancers.

Transcriptomics

Transcriptomics covers the genome-wide RNA tran-
scripts in a particular cell or a specific set of cells
collected under certain physiological and environ-
mental conditions, and RNA transcripts include
mRNA and noncoding RNA transcripts. Two main
transcriptome sequencing approaches are RNA
sequencing (RNA-seq) and microarrays [33]. RNA-
seq uses high-throughput sequencing to capture all
sequences to determine the quantity of a transcript,
while microarrays aim at quantifying a group of fixed
sequences [34]. Massive transcriptomic data, like
TCGA, allow researchers to further dig into the
differential gene transcripts between diverse cancer
tissues and their paired adjacent normal tissue, or
primary tumor tissues and metastases, and uncover
the complex mechanisms [35].

Vareslija et al. performed TrueSeq RNA-seq on
21 matched primary breast tumors and their associ-
ated brain metastatic tissues, and found recurrent
gains in two druggable targets, rearranged during
transfection (RET) expression and human epidermal
growth factor receptor 2 (HER2) signaling in brain
metastases [36]. Except for the transcriptomic
profile of specific cancers like LUAD [37], PCa
[38], adrenocortical tumor [39], and many other
cancers, there are studies based on the pan-cancer
transcriptome. Demircioglu et al. estimated the
promoter activity using RNA-seq data from 18,468
cancer and normal samples covering 42 cancer
types, and revealed that alternative promoters
display tissue-specific regulation and impact iso-
form diversity, and cancer-associated promoters
alter the transcriptome independent from gene
expression, which is associated with survival in
patients [40].
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Proteomics

Proteomics is the omics based on the identification and
quantification of the proteins and their posttranslational
modification of certain given biological samples including
blood or tissue samples [41]. The recently applied
technologies of proteomics are protein microarray and
mass spectrometry (MS). The Cancer Proteome Atlas
(TCPA) provides a comprehensive resource for accessing,
visualizing, and analyzing functional proteomics of cancer
cell lines and patient tumor samples, which is generated
based on reverse-phase protein arrays (RPPAs) [42].
Protein microarrays have the limitation of nonspecificity of
the antibodies and low throughput because protein
microarrays are based on antibodies [43]. However, the
tandem mass spectrometry (LC-MS/MS) technique is
based on MS, a platiorm that analyzes molecules
after they are ionized into the gas phase, and therefore
has the characteristics of accurate quantitation and high
throughput [44].

Gu et al. proposed a new concept of the peritumor
microenvironment (PME) and explored the proteomic
characterization of the PME for occurrence (PME-O)
and progression (PME-P) in human hepatocellular
carcinoma (HCC) [45]. Immunity was found essential
in PME-O, while inflammation, angiogenesis, and
metabolism were critical in PME-P. Proteome profiling
identified thymidine phosphorylase (TYMP) as an
antiangiogenic target in the HCC mouse model.

Metabolomics

Except for peptides and proteins, MS techniques are used
to detect and quantify small molecules such as metabolites
including lipids, amino acids, carbohydrates, and other
small molecules with cellular metabolic functions [46]. The
metabolic function can be reflected by relative levels or
ratios of related upstream or downstream metabolites,
whose values out of normal range can act as molecular
biomarkers in predicting diseases [47].

According to Li et al.,, pan-metabolomic analysis
(Methods) on 20 primary human clear cell renal cell
carcinoma (ccRCC) tumors and matching normal
kidney tissues suggests that the gluconeogenic en-
zyme fructose-1,6-bisphosphatase 1 (FBP1) is uni-
formly depleted in over 600 ccRCC tumors examined,
which inhibits ccRCC progression through two distinct
mechanisms including inhibiting Warburg effect and
nuclear hypoxia inducible factor function [48].

Single-cell omics

The mentioned traditional omics approaches above can
solve the problem of intertumor heterogeneity. Bulk
sequencing approaches can obtain the average

expression level and reveal the overall characteristics of
the cell populations contained in the provided samples
with increasingly affordable prices. At the same time, the
limitations of masking signals from small cell populations
and failure to explore intra-tumor heterogeneity still exist
in bulk sequencing (Figure 1a). As the development of
single-cell omics approaches, the sequencing resolution
was improved to the single-cell level. Besides, cell types
included in the cell population were further identified and
annotated according to the differentially expressed
characteristic genes, thereby revealing cell heterogeneity.
Single-cell omics can acquire data through flow cytometry
or mass cytometry using cytometry by time of flight
(CyTOF) and set the minimum research unit to single cell
level, enabling researchers to differentiate cell types and
analyze heterogenous characteristics between various
cell populations [49]. Ho et al. established tumor patient-
derived xenograft (PDX) models from HCC tumor tissues
and identified two major HCC cell populations character-
ized by differential epithelial cell adhesion molecule
expression and a CD24'/CD44*-enriched stemness-
related rare cell subclone with specific oncogenic gene
expression signature by single-cell RNA-seq (ScRNA-
seq) [50].

Except for the analysis of intra-tumor heterogeneity,
single-cell omics technologies provide valuable insights
for understanding the immune microenvironment of
cancers. The immune landscape of infiltrating T cells in
liver cancer has been explored by scRNA-seq on 5063
single T cells isolated from peripheral blood, tumor, and
adjacent normal tissues from six hepatocellular carci-
noma patients. The scRNA-seq data found clonal
enrichment of infiltrating regulatory T cells (Tregs),
exhausted CD8 T cells in HCC, and layilin (LAYN)
linked to their suppressive function [51]. The definition
of ovarian cancer immune phenotypes by scRNA-seq
contributes to informing clinical cancer immunotherapy
strategies [52]. Single-cell sequencing [53] and scRNA-
seq are two mature technologies among single-cell
omics approaches, while single-cell ATAC-seq [54],
single-molecule protein sequencing, and fingerprinting
technologies are still under continuous development.
Multiomics single-cell profiling of diffuse gliomas has
been performed by Chaligne et al. [55], integrating DNA
methylation, transcriptome, and genotype within the
same cells of diffuse gliomas, and the authors
integrated separate frameworks through the unique
lens of a high-resolution phylogenetic tree coupled with
leaf annotation for current phenotypic states based on
the observed parallels between glioma differentiation
and neural development.

Spatial omics

Single-cell sequencing procedures include tissue en-
zymolysis to obtain single-cell suspension, which leads
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to the loss of spatial location information. High-
throughput spatial omics can acquire both omics data
and corresponding spatial distribution information.
Spatial omics approaches distinguish subpopulations
with the specificity of current omics approaches while
also providing valuable spatial context by overlaying
omics-level data onto tissue images [56]. Spatial omics
has the advantage of providing a complete picture of
tumor biology with information on cellular location
within the TME compared to traditional bulk sequencing
and single-cell analyses [57] (Figure 1a). Spatial omics
can be classified into spatial genomics, spatial chro-
matin organization, spatial transcriptomics, spatial
proteomics, and spatial metabolomics. Among the
mentioned spatial omics approaches, spatial genomics
and spatial chromatin organization have been wildly
applied in developmental science owing to the deep-
sequencing ability of samples with small cell popula-
tions. Spatial transcriptomics and spatial proteomics
have been extensively used in the study of TME,
because the three-dimensional spatial information,
gene expression, possible cell evolution trajectory,
and interaction profiling of various cell types in certain
TME can be obtained comprehensively through contin-
uous sections of tumor tissues derived from patients.

Base-specific in situ sequencing (BaSISS) was
the spatial genomics workflow developed by Lomakin
et al. As a base-specific in situ sequencing workflow,
BaSISS was applied to tissue sections from primary
breast cancers, revealing the complex subclonal
growth patterns [58]. Deng et al. developed
Spatial-CUT&Tag (cleavage under targets and tag-
mentation) [59], which spatially resolved chromatin
modification profiling at the cellular level, and later
published spatial-ATAC-seq [60], a method for
spatially resolved chromatin accessibility profiling of
tissue sections using NGS.

Spatial transcriptomic technologies [61] include in
situ sequencing (ISS) [62] that can detect 100+ targets
including single nucleotide polymorphisms (SNPs)
and Slide-seq [63] or fluorescent in situ RNA-seq
(FISSEQ) [64] that can detect entire transcriptome
but lower sensitivity for low abundant transcripts.
Ji et al. combined scRNA-seq with spatial transcrip-
tomics and multiplexed ion beam imaging from 10
human cutaneous squamous cell carcinomas (cSCCs)
and matched normals [65]. They divided cSCC into four
subpopulations, among which a tumor-specific kerati-
nocyte (TSK) population was unique to cancer and
three others showed normal epidermal states, and they
also found multiple immunosuppressive characteristics
including co-localization of Treg and CD8 T cells in
compartmentalized tumor stroma. Several statistical
methods were developed for spatial transcriptomic data
analysis including SPARK [66], STRIDE [67],
STAGATE [68], and so on. When it comes to spatial
proteomic technologies [69-72], the number of targets

varies from 40 to 1000 analytes. Ben-Chetrit et al.
developed a high-throughput spatial proteome and
transcriptome sequencing approach, Spatial PrOtein
and Transcriptome Sequencing (SPOTS), improving
signal resolution, cell clustering, and the analytical
ability to identify differentially expressed genes across
tissue regions [73].

Spatial metabolomics approaches were developed
and applied in the exploration of tumor-associated
metabolites and metabolic pathways. Sun et al. pro-
posed a spatially resolved metabolomics approach,
airflow-assisted desorption electrospray ionization MS
imaging (AFADESI-MSI), and applied it to tissues from
256 esophageal cancer patients. Six differentially
expressed metabolic enzymes including pyrroline-5-
carboxylate reductase 2 (PYCR2) and uridine phos-
phorylase 1 (UPasel) were screened from ESCC
patients by AFADESI-MSI [74]. Besides, a special
metabolic technology with higher sequencing resolu-
tion has been reported in 2021. Yuan et al. reported
a spatial single nuclear metabolomics (SEAM)
method for dissecting tissue microenvironments [75].
SEAM is a flexible platform combining high-spatial-
resolution imaging MS and a set of computational
algorithms that can display multiscale and multicolor
tissue tomography together with the identification and
clustering of single nuclei by their in situ metabolic
fingerprints.

MULTIOMICS ADVANCES IN
CANCER SUBTYPING

Single omics data set can provide the difference in
biological processes between tumor and normal groups
from a single omics dimension. As a disease with
multiple causes and complex progression, the occur-
rence and development of tumors can not be precisely
and generally recorded or described by a single omics
approach, which shows the limitation of single omics.
Compared to a single omics level, combining multiomics
causes is far more objective for cancer research. To
deeply understand the regulation and causality between
various molecules, multiomics integrates molecular
information and constructs the regulation network from
several omics levels, so as to further understand the
molecular mechanism and genetic basis of tumori-
genesis and progression. Molecular subtyping of tumors
based on multiomics cancer databases is an irresistible
trend.

Multiomics advances in noninvasive
tumor biomarkers

Compared to tissue biopsy, liquid biopsy provides a
noninvasive approach for detecting and quantifying
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biomolecules including circulating cell-free DNA and
RNA, proteins, circulating tumor cells, metabolites,
and so on. There exist all kinds of sources of liquid
biopsy in addition to peripheral blood, such as urine,
breath, tears, seminal plasma, and other possible body
fluids [76]. Multiomics approaches provide a high-
throughput channel for selecting detectable biomole-
cules in peripheral blood or different body fluids.

Multiomics in the identification of noninvasive
tumor biomarkers in PCa

In PCa, blood-based and non-blood-based biomarkers
are filtrated by multiomics approaches. Kiebish et al.
collected pre-surgical serum samples from 382 PCa
patients, and proteomics, metabolomics, and lipidomics
data were integrated with Linear Regression and
Bayesian computational approaches to select biomar-
kers for biochemical recurrence prediction [77]. Two
proteins, Tenascin C (TNC) and Apolipoprotein A1V
(Apo-AlV), one metabolite, 1-Methyladenosine (1-MA),
and one phospholipid molecular species, phosphatidic
acid (PA), were selected and then validated by creating
a training set (n =267) and testing set (n = 115) from the
cohort. Because it is proximal to the prostate, seminal
plasma is a possible fluid for PCa biomarker discovery
and noninvasive diagnostics. Protein-glutamine gamma-
glutamyltransferase 4 (TGM4) could be used as the
promising biomolecule on biopsy, which outperformed
age and serum prostate-specific antigen (PSA) for PCa
prediction [78].

Multiomics in the identification of noninvasive
tumor biomarkers in breast cancer

As the most common cancer in women worldwide, breast
cancer desperately needs an accurate early diagnosis
approach to manage the disease. Because of the
additional radiation and high false-positive and false-
negative rates of mammogram screening, there needs to
be a more efficient and accurate replacement approach
for breast cancer screening [79]. The developing
multiomics technologies contribute to the identification
of noninvasive biomarkers for liquid biopsy, benefiting
breast cancer early diagnosis. According to the study of
Henderson et al., the serum samples of 18 participants
with no evidence of breast disease (ND), 92 participants
diagnosed with benign breast disease (BBD), and 100
participants diagnosed with breast cancer were collected
and statistical models were developed to differentiate
breast cancer from BBD and ND according to the
expression data with the combination of serum protein
biomarkers (SPBs) and tumor-associated autoantibodies
(TAADbs) [80]. The integrated model combining both
SPBs and TAAbs had significantly higher clinical

sensitivity and specificity supporting breast cancer early
diagnosis.

Multiomics in the identification of noninvasive
tumor biomarkers in lung tumor

For lung cancer, low-dose computed tomography
(LDCT) is the most commonly recommended method
currently, whereas its false positives and radiation
exposure risks cause its limitation in clinical practice.
To identify the effective noninvasive diagnostic tools for
lung cancer, Chen et al. enrolled 128 lung cancer
patients and 94 patients bearing benign lung nodules,
and constructed a multiomics lung cancer diagnosis
model combining genetic and epigenetic features of
cell-free DNA along with serum protein marker carci-
noembryonic antigen (CEA) by machine learning
algorithm [81].

Multiomics in the identification of noninvasive
tumor biomarkers in glioblastoma

As a common primary brain tumor, the diagnosis of
glioblastoma mainly relies on computed tomography
(CT) and magnetic resonance imaging, as well as the
identification of ctDNA in cerebrospinal fluid (CSF).
Obtaining CSF requires lumbar puncture and other
means, which is stressful and potentially risky for
glioblastoma patients. Therefore, it is important to find
effective noninvasive biopsy markers. Zhang et al. built
a data set containing 180 glioma patients and 229
nonglioma controls by collecting venous plasma. A
penalized logistic model constructed with training set
differentially hydroxymethylated genes (DhmGs) could
help glioma diagnosis in both test set (AUC =0.962)
and an independent data set (AUC =0.930) consisting
of 111 gliomas and 111 controls [82].

Multiomics in the identification of noninvasive
biomarkers for ESCC detection and lymph
node metastases in early stage

For ESCC, saliva is the specific type of tissue sample
that can be obtained noninvasively. RNA-seq was
carried out on exosomes purified from saliva samples
obtained from three ESCC patients and three healthy
controls, which identified cancer-enriched tRNA-
derived small RNAs (tsRNAs). The tsRNA-based
signature was validated in the discovery cohort with
66 samples and further explored by a multicenter
prospective observational study in two ESCC high-
incidence regions (CHSUMC cohort and ATH cohort)
with 320 and 200 samples, respectively. The tsRNA
(tRNA-GIlyGCC-5) was proven as a promising
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biomarker for diagnosis, prognosis, and adjuvant
therapy selection [83]. According to the published work
by Xue et al., serum miR-20b-5p was identified through
microRNA (miRNA) array on T1 ESCC patients with
(n=16) or without (n=14) lymph node metastasis
(LNM), and transcriptome sequencing on 8LN- and
8 LN+ ESCC serum exosome [84]. Further validation
was carried out on 222 tumor samples and 229 serum
samples from T1 ESCC patients, suggesting serum
miR-20b-5p as a promising noninvasive biomarker for
predicting LNM in T1 ESCC patients.

Multiomics advances in identifying cancer
driver genes

Genetic mutations that cause cancer with malignant
features including uncontrolled growth are called
“drivers”, and the diver mutations mentioned above
occurred in cancer driver genes [85, 86]. As genetic
and transcriptomic approaches develop, the discovery
of cancer-diver genes in various cancer types becomes
the key to exploring molecular mechanisms of
carcinogeneses.

Multiomics-based driver gene identification
of PCa

Ren et al. performed whole-genome and transcriptome
sequencing on tumor-benign paired tissues from 65
treatment-naive Chinese PCa patients and targeted
deep sequencing of 293 PCa-relevant genes on another
cohort of 145 prostate tumors [38]. They found genetic
alterations in protocadherin 9 loss and plexin A1
(PLXNA1) amplification associated with PCa progres-
sion. PCa recurrence, metastasis, and poor survival can
be predicted by increased expression of PLXNA1.
Dhingra et al. reported RegNetDriver, a computational
model for identifying genetic and epigenetic driver gene
alterations in tissue-specific regulatory networks, and
integrated multiomics data from 521 PCa samples, and
they mentioned novel driver transcription factor genes
including ERF, CREB3L1, and POU2F2, and regulatory
drivers ERG and TP53 [87].

Multiomics-based driver gene identification
of ESCC

According to the published work by Song et al., whole-
genome sequencing in 17 ESCC cases, WES in 71
cases, and array comparative genomic hybridization
(aCGH) analysis in 123 cases were fulfilled [88]. Eight
significantly mutated genes were identified including six
well-known tumor-associated genes, that is TP53,
RB1, CDKN2A, PIK3CA, NOTCH1, and NFE2L2, and

two novel driver genes in ESCC, ADAM29 and
FAM135B.

Multiomics-based driver gene identification
of LUAD

Past studies have shown that driver genes of LUAD
include TP53, KRAS, KEAP1, STK11, and EGFR
(epidermal growth factor receptor) [89-91]. In the
study of Chen et al., multiomics profilings including
genomic, transcriptomic, proteomic, and phospho-
rylation levels of tumor tissue and normal adjacent
tissues (NATs) from 103 untreated LUAD patients in
Taiwan, China were revealed [92]. Results sug-
gested that high APOBEC level was related to
increased phosphorylation abundance of APOBEC
enzymes and DNA repair pathways, which was a
key factor and a possible therapeutic target con-
tributing to the early onset of LUAD in females, and
matrix metalloproteinase 11 (MMP11) was another
potential biomarker identified for the early detection
and treatment of NSCLC.

Multiomics advances in cancer metastasis

Activating invasion and metastasis is one of the
hallmarks of cancer [93]. With the downregulation of
genes encoding cell-to-cell adhesion molecules like
E-cadherin [94] and upregulation of epithelial-
mesenchymal transition (EMT) related genes [95],
tumor cells in primary tumor tissues start initial local
invasion into nearby blood and lymphatic vessels, and
transit through hematogenous and lymphatic systems.
Then, a part of the cancer cells escape from vessels
into distant tissues, and finally form small nodules of
cancer cells and realize colonization. Metastasis
resistant to therapy is one of the leading causes of
death [96]. Comparing the omics profiles between
primary and paired metastatic tumor tissues or among
primary surgical specimens of metastatic or nonmeta-
static patients can help to reveal the molecular
mechanism of tumor metastasis at different omics
levels.

Multiomics in metastatic breast cancer
and CRC

As mentioned above, RET and HER2 were found to be
potential therapeutic targets for breast cancer brain
metastases by integrating paired methylation and
transcriptional profiles [36]. In CRC, the integration of
the genomics, proteomics, and phosphoproteomics of
480 clinical tissues from 146 patients in a Chinese CRC
cohort with 70 metastatic patients was presented. At
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the proteomic level, kinase network analysis revealed
significant heterogeneity between primary colorectal
tumors and their liver metastases and predicted the
xenograft-based drug response in vivo [97].

Multiomics in metastatic PCa

In PCa, secreted proteins promote the abilities of
invasion and migration of PCa cells. A spectrometry-
based proteomic analysis of the conditioned media
from two human PCa cell lines, DU145 (brain metasta-
sis) and PC3 (bone metastasis) belonging to different
metastatic sites, was carried out to identify potential
metastatic and/or aggressive factors. The result pre-
sented differently expressed proteins in DU145/PC3
cells, and identified six mutant peptides in the condi-
tioned media of PCa cell lines using the proteoge-
nomics approach [98].

Multiomics advances in cancer potential
therapeutic targets

The completely different life stories and living back-
grounds of cancer patients lead to various genetic,
transcriptional, or metabolic profiles, which calls for
precise individualized therapeutic strategies for sepa-
rate patients. The developing omics approaches allow
detailed characterizing of genomic alterations, key
traits, and evolutionary trajectories to individual tumors.

Multiomics in the identification of potential
therapeutic targets in small cell lung cancers
(SCLCs)

In SCLCs, researchers used metabolomic and transcrip-
tomic approaches in SCLC cell lines and identified two
groups (ASCL1"9" and ASCL1-%) with different expres-
sions of an oncogene, achaete-scute homolog-1 (ASCL1)
transcription factor. Low expression of ASCL7 in tumors of
genetically engineered mice is associated with high
expression of myelocytomatosis (MYC) oncogene, which
acts as a transcription factor that promotes the rate of
purine synthesis by activating the transcription of inosine
monophosphate dehydrogenase (IMPDH). Inhibition of
IMPDH reduces the growth rate of SCLC cells with low
ASCL1 expression in vivo and in vitro, suggesting that
IMPDH is a potential novel drug target [99].

Multiomics in the identification of potential
therapeutic targets in breast cancer

In breast cancer, proteome and phosphoproteome
data were employed to profile protein expression

across 24 breast cancer PDX models, and HER2
and PI3K pathways were further selected because of
the positive correlation between transcriptomic and
proteomic analyses. The efficacy of HER2 and PI3K
pathway-targeted inhibitors in suppressing PDX growth
was further validated, indicating potential clinical
relevance [100].

Multiomics advances in tumor immune
microenvironment (TIME)

Except for stromal cells, fibroblasts, and endothelial
cells, innate and adaptive immune cells are important
component of TME [101]. As a complex system in
dynamic equilibrium, the cross-talk among immune
cells, tumor cells, and other TME components plays a
vitally significant role in the response of immuno-
therapeutic interventions. Multiomics approaches,
especially single-cell omics technologies, contribute to
the separation or sorting of different subgroups of cells
mixed up in TME, and the exhibition of landscapes from
various omics levels contributes to comprehensive
cognition of TIME.

Multiomics in the research of TIME in triple-
negative breast cancer (TNBC)

Zhang et al. collected 22 patients with advanced
TNBC treated with paclitaxel or its combination with
the anti-programmed death-ligand 1 (PD-L1) atezoli-
zumab, and used scRNA-seq and ATAC-seq to reveal
the dynamic profiling of TME [102]. The results
showed that a group of antitumor immune cells
including C-X-C motif chemokine ligand 13*
(CXCL13") T cells increased in responsive patients
and decreased in paclitaxel monotherapy patients,
suggesting that paclitaxel might reduce the response
of atezolizumab treatment.

Multiomics in the research of TIME in LUAD

Huang et al. divided LUAD patients into two molecular
subtypes: iC1 and iC2 according to integrative analy-
sis from 443 samples, including DNA methylation,
DNA copy number variation, and mRNA expression
data, and the differences in survival and TIME
between the two subtypes were compared [103].
Compared to iC1, iC2 had the characteristic of a
higher proportion of CD8" T cells and activated CD4*
T cells, a lower fraction of Tregs, and higher
expression level of PD-L1, leading to a higher tumor
immune dysfunction and exclusion score and poor
prognosis. PTTG1, SLC2A1, and FAMS83A were
selected as signatures of molecular subtypes to build
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a prognostic risk model that divided patients into high-
risk and low-risk groups, and were validated in 180
patients with LUAD. The high-risk group with an
immunosuppressive state had higher expression of
PD-L1 and lower counts of CD8" T cells and dendritic
cells (DCs).

Multiomics in the research of TIME in CRC

The researchers performed scRNA-seq analyses on
immune and stromal cells from tumors, adjacent
normal tissues, and blood of 18 treatment-naive
CRC patients, and identified conventional dendritic
cell (cDC) and macrophage subgroups as key
mediators of TME. The scRNA-seq was performed
in mouse models receiving anti-colony stimulating
factor 1 receptor (CSF1R) and anti-CD40 agonists,
respectively. Treatment with anti-CSF1R preferen-
tially depleted macrophages with an inflammatory
signature, but spared macrophage populations in
mouse and human that express proangiogenic/
tumorigenic genes. Treatment with a CD40 agonist
antibody preferentially activated a cDC population
and increased Bhlhe40" Th1-like cells and CD8*
memory T cells [104].

Multiomics in the research of TIME in ovarian
cancer

According to the immune landscape provided by
scRNA-seq of 15 ovarian tumors, three distinct T cell
infiltration patterns arose including immune infiltrated,
excluded, and desert. Oxidative phosphorylation
(OXPHOS) and interferon (/FN) gene sets are enriched
in infiltrated and excluded tumor cells, while ficolin-
1 monocytes and immature macrophage receptor with
collagenous structure macrophages are enriched in
desert tumors. Chemokine receptor-ligand interactions
are proven to be the possible mechanisms mediating
immune cell infiltration. The CXCL16 expressed
by tumor cells and C-X-C motif chemokine receptor
6 (CXCR6) by T cells lead to tumor cell-T cell
cross-talk [52].

MULTIOMICS APPLICATION FOR
MOLECULAR TYPING IN CANCERS

Due to the characteristic of heterogeneity, patients with
similar morphological features of cancer may show
totally different responses to the same therapy strategy.
Before molecular subtyping of cancer, pathological types
are the golden standard for diagnosis and therapy
(Figure 1b).

Multiomics-based subtyping of gastric
cancer (GC)

In 2020, there were 1,089,103 new cases and 768,793
deaths of GC. For GC diagnosis, the gold standard
method includes endoscopic biopsy. For staging, GC can
be staged using CT, endoscopic ultrasound, positron
emission tomography (PET), and laparoscopy [105, 106].
The most commonly used pathological classification for
GC includes Lauren classifications and World Health
Organization (WHO). According to Lauren's classification
scheme, the histological subtypes include diffuse and
intestinal-type carcinoma [107]. Based on the WHO
classification scheme, five subtypes are recognized
containing tubular, papillary, poorly cohesive, mucinous,
and mixed adenocarcinomas [108]. As a disease with high
molecular and phenotypical heterogeneity, GC is in urgent
need of developing a more conducive subtyping scheme
combining its pathological and complex molecular
features.

In 2014, TCGA Research Network performed array-
based somatic copy number analysis, WES, array-based
DNA methylation profiling, mBNA sequencing, miRNA
sequencing, and RPPA on 295 primary GC tumor tissues.
GC is divided into four molecular subtypes based on
mentioned multiomics sequencing datasets: Epstein—Barr
virus  (EBV)-positive, microsatellite instability (MSI),
genomically stable (GS), and chromosomal instability
(CIN) [109]. Mun et al. focused on young patients with
GCs and performed proteogenomic analysis on paired
tumors and adjacent normal tissues, along with blood
samples from 80 patients under 45 years of age.
Integration of mRNA, protein, phosphorylation, and N-
glycosylation datasets proposed four molecular subtypes
of diffuse GCs, and drug sensitivity can be estimated
on account of mutation-phosphorylation associations of
ARID1A, CDH1, and RHOA [110].

In  conclusion, several molecular subtyping
schemes have certain clinical significance, whereas
there is no wide clinical application currently. Besides,
there exist reported studies with opposite results, which
need further verification with large patient cohorts. The
relation between histopathological and multiomics-
based molecular subtyping schemes is rarely reported,
which is the promising future for GC early diagnosis
and precise integrated GC subtyping.

Multiomics-based subtyping of lung
cancer

As the leading cause of cancer mortality, lung cancer is
divided into four histologic subtypes including adenocar-
cinoma, squamous carcinoma, large cell carcinoma
(commonly referred to as NSCLC), and SCLC [111].
As separate histologic subtyping can not meet the
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desperate need for individualized treatment, combining
molecular subtyping with traditional histologic subtypes
can better benefit the patients. The expression of EGFR
is higher in lung carcinoma tissue than in adjacent
normal lung, so gefitinib, an EGFR tyrosine kinase
inhibitor, was used to treat NSCLC. Lynch et al
conducted a mutational analysis of 28 exons of EGFR
coding sequence in nine patients with gefitinib-
responsive lung cancer, seven patients with no
response, and 25 patients with primary NSCLC who
had not been exposed to gefitinib, and found that
specific mutations in the EGFR gene led to increased
growth factor signaling and better clinical response to
gefitinib [112]. In the same year, the sequencing of
receptor tyrosine kinase genes in 119 primary NSCLC
tumors showed that EGFR mutations may predict
sensitivity to gefitinib [113]. In 2007, a fusion oncogene
comprised of echinoderm microtubule-associated
protein-like 4 (EML4) gene and the anaplastic lym-
phoma kinase (ALK) gene was identified in NSCLC
cells, and the fusion transcript was detected in 5 out of
75 NSCLC patients, which further proved that the fusion
kinase was a possible diagnostic molecular marker or a
therapeutic target for NSCLC patients [114].

As the multiomics approaches develop, the inte-
gration of omics approaches rapidly promotes the
molecular subtyping of lung cancer. Xu et al. inte-
grated proteome, phosphoproteome, transcriptome,
and WES data from 103 Chinese patients with LUAD,
and divided LUAD into three subtypes including S-I,
S-1l, and S-lll associated with both clinical and
molecular characteristics based on the integrative
proteomic characterization of the mentioned Chinese
patients [115]. Gillette et al. explored the genomics,
epigenomics, deep-scale proteomics, phosphoproteo-
mics, and acetylproteomics of 110 tumors and 101
matched NATSs, revealed four multiomics subgroups
related to gender, country, and key driver mutations
involving KRAS, EGFR, and ALK, and mentioned
three immune subtypes revealing a complex land-
scape [116]. Chen et al. adapted the method of
unsupervised consensus clustering and classified the
LUAD patients into three proteomic, three RNA, and
four phosphoproteomic subtypes [92]. The phospho-
rylation and RNA subtypes partially overlapped with
the proteomic subtypes. Besides, early and late stage
tumors can not be divided both into subtype 1, so
there still exists the necessity of combining multiomics
profiling-based molecular subtyping and histomor-
phology and histopathology-based traditional typing.

Multiomics-based subtyping of breast
cancer

As the most common malignancy worldwide [117], the
exploration and application of the molecular hallmarks

of breast cancer is the most systematic among all types
of cancer. Therefore, the development of molecular
subtyping of breast cancer is taken as example. The
biology of breast cancer remained poorly understood
dating back to the 1990s [118]. The histological grading
of breast cancer was based on three morphological
features: the percentage of tubule formation, the
degree of nuclear pleomorphism, and an accurate
mitotic count using a defined field area, which was
correlated to prognosis [119]. The histological grading
of breast cancer was gradually replaced by molecular
subtypes because of its internal correlations in multi-
variate analysis. Peron et al. classified breast
cancer into three subtypes: ER +/luminal-like, basal-
like, Erb-B2+ based upon the complementary DNA
microarrays representing 8102 genes from 42 breast
cancer patients, and further divided ER +/luminal-like
group into two subgroups: luminal A and luminal
B according to hierarchical clustering of 85 cDNA
microarray experiments representing 78 cancers, three
fiboroadenomas, and four normal breast tissues [120].
Cheang et al. distinguished luminal A from luminal B
subtypes by the expression of estrogen receptor (ER),
progesterone receptor (PR), HER2, and Ki67 according
to the gene expression profile and immunochemical
staining of 357 patients [121]. Krug et al. applied a
proteogenomics approach to 122 primary breast
cancer samples and identified four nonnegative matrix
factorization (NMF) subtyping clusters based on multio-
mics datasets including DNA (WES), RNA-seq, proteo-
mics, acetyl-proteomics, phospho-proteomics. Four NMF
clusters included the HER2-inclusive cluster (NMF
HER2-1), basal-inclusive (NMF Basal-l), luminal B-
inclusive cluster (NMF LumB-I), and luminal A-inclusive
cluster (NMF LumA-I) [122].

Multiomics-based subtyping of CRC

CRC is the third most commonly diagnosed cancer and
the second highest mortality among 36 cancers world-
wide [123]. The traditional three subtypes of CRC are
defined by tumor anatomical site of the colorectum:
proximal colon (caecum, ascending colon, hepatic
flexure, and transverse colon), distal colon (splenic
flexure, descending colon, and sigmoid colon), and
rectum [124]. In 2015, the CRC Subtyping Consortium
analyzed CRC heterogeneity in 1113 CRC gene
expression profiles, presented five molecular subtypes
of CRC: surface crypt-like, lower crypt-like, CIMP (CpG
island methylator phenotype)-H-like, mesenchymal,
and mixed, and further confronted their findings to
established molecular determinants and clinical, histo-
pathological, and survival data [125]. According to a
systematic review published in 2018 [126], most
subtypes were not significantly associated with sur-
vival, and molecular subtype classification systems
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needed further research and validation to achieve
clinical practice.

CONCLUSIONS AND OUTLOOK

The NGS-based sequencing including genetic, epige-
netic, and transcriptomic sequencing technologies and
the MS-based omics containing proteomic and meta-
bolomic approaches have developed rapidly in recent
decades, therefore enriching the tumor-related omics
databases, which are listed in Supplementary
Table S1. Supported by multiomics techniques and
databases, researchers can integrate different omics
data by appropriate algorithms, form a platform linking
the dynamic changes in genome, epigenome, tran-
scriptome, proteome, and metabolome, and figure out
the intrinsic interactions among various omics levels.
Several methods have been developed to integrate
different omics datasets, and different methods have
various emphases on various biological goals including
cell-type classification, regulatory network modeling,
and biological process inference. The challenges of
multiomics integration include controlling numerous
confounding factors (e.g., diet and lifestyle choices),
annotating specific noise arising from multiple omics
layers, developing statistical methods for integrating
variables from different omics profiles, improving
computing efficiency, and developing biologically inter-
pretable integration strategies [5, 127]. The multiomics
profiles of cancer undoubtedly benefit identifying
cancer driver genes and cancer subtyping, researching
into cancer metastasis, selecting noninvasive tumor
biomarkers and cancer potential therapeutic targets,
and revealing the signatures of TIME as systematically
mentioned above.

At the same time, there still exist several questions
unsolved. First and foremost, various multiomics sequenc-
ing has been carried on in cancer cell lines, PDX models,
clinical tissues, peripheral blood, or body fluid obtained or
established from different cohorts covering cancer patients
all over the world. A large amount of omics data and
algorithms have been generated, analyzed, and published,
yet lack the integration of selecting clinically applicable
cancer subtyping, tumor biomarkers, or personalized
potential therapeutic targets. Second, there siill exists the
problem of limited coverage of sequencing patients. In the
meantime, artificial intelligence (Al) represented by the
supervised learning-based support vector machine (SVM)
algorithm undoubtedly contributes to finding subtypes in
cancer as well as to extracting essential biomolecules
[128], and makes amends for the imperfection of patient
sample selection. Third, most multiomics research data
cover several available omics approaches. When it comes
to data analysis and integration, omics data with similar
sources such as proteome and phosphoproteome or
genome, epigenome, and transcriptome are commonly

analyzed separately, which indicates the barriers urgently
needed to be addressed. It is imperative to develop
bicinformatics as an interdiscipline combining life science
and computer science. Last but not least, the future of
multiomics technology is to extend the temporal dimension
and three-dimensional spacial dimension, further improve
the sequencing resolution to the subcellular level, and
enable the expansion of sequencing samples from fixed or
frozen tissue slices to living cells. Although there is spatial
enhanced resolution omics-sequencing (Stereo-seq) tech-
nology developed by BGI Research that advances the
construction of Spatiotemporal Omics profiling by multi-
point parallel sampling at single-cell resolution [129],
Stereo-seq can't realize real-time monitoring of dynamic
cells or even tissues at high resolution, to avoid the
possible differences in omics profiles between living cells
and fixed cells. In addition, living single-cell sequencing
has been reported [130], yet it has not been widely used in
the field of cancer research. In conclusion, cancer
research driven by multiomics approaches is greatly
beneficial to unveiling the molecular mechanisms, applying
in clinical diagnosis and therapy, and ultimately improving
the life quality of patients.
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