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Abstract: Omics data (e.g., genomics, transcriptomics, pro-
teomics, epigenomics, etc . . . ) generated from high-throughput
next-generation sequencers in the big human genome, and
cancer genome projects have changed the way to study
personalized medicine. In the future, personalized medicine
will not be limited to diagnosis and treatment based on a
few known disease-associated mutations on some genes, but
will rely on whole molecular characteristics of patients by
integrating their –omics data. In this study, we draw a big
picture of personalized medicine research in cancer research
of the –omics data era, including –omics databases, challenges
of data fusion to solve two major problems in personalized
medicine, i.e., personalized diagnosis and treatment. These
problems are approached as patient stratification and drug
response prediction based on the –omics data by computa-
tional methods.

Keywords: Personalized medicine, omics data integration,
patient stratification, drug response prediction, computational
method.

I. INTRODUCTION

In biomedicine, with high-throughput technologies such
as next-generation sequencing (NGS), we are witnessing the
exponential growth of biomedical data (e.g., –omics data).
To date, it is widely accepted for most diseases that their
genetic etiology cannot be explained with one or a few
genes/variants, but thousands of whole-genome/variome
(i.e., genomics/variomics data). Besides, it is still not
enough if the only genome is considered, but also transcrip-
tome (e.g., transcriptomics data), because this data reflects
how much change in a genome can affect the expression of
a gene in different tissues. More importantly, how the gene
expression translated into proteins is a critical issue since
protein functions decide how a cell works. Therefore, be-
sides genomics and transcriptomics, proteomics data should
also be considered when studying the disease etiologies. It
should be noted that the central dogma in biology states
protein synthesis as DNA→RNA→Protein. However, only

1 → 2% of DNA directly encodes for proteins. The major
part (98 → 99% of DNA) are non-coding regions, which
do not directly synthesize the proteins but regulate the
synthesis process as well as other biological processes and
cellular functions. Therefore, epigenome (i.e., epigenomics
data) should be taken into account for the disease etiologies.
Moreover, cells function under chemical reactions between
metabolites; thus, metabolome (i.e., metabolomics data) is
also critical. Finally, cellular components such as genes,
proteins, and metabolites,. . . do not function alone, but they
interoperate in the form of biological networks to make the
cells robust against external stimulus or mutations; thus,
interactomics data is a final “piece of cake” for a big picture
of the –omics data.

In this study, we draw a big picture of personalized
medicine in cancer research of the –omics data era. Per-
sonalized medicine is a potential approach in biomedicine
with the goal is to find the right treatment (i.e., right
drug, right dose, and right time) for each patient based
on their biological characteristics. Different patients have
different biological characteristics in terms of –omics data;
thus, the development of the right methods for diagnosis
and treatment is a challenging task due to the diversity
and complexity of the –omics data. However, to fully
understand the biological characteristics of each patient,
their –omics data should be combined together in the right
ways. Therefore, besides introducing –omics databases, we
also discuss how to integrate the –omics data for solving
the two main problems (i.e., diagnosis and treatment) in
personalized medicine.

II. THE –OMICS DATA

With the rapid development of NGS technologies, the
cost for sequencing is significantly going down, and the
–omics data are growing exponentially. Biomedical re-
search nowadays is not only based on the genomics data,
but also on other –omics data such as transcriptomics,
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Figure 1. The –omics layers.

proteomics, and metabolomics [1]. Figure 1 shows the cen-
tral dogma in biology with the corresponding –omics data
layers.

A genome is understood as whole genetic information
on DNA of a species. The human genome contains about
three billion base pairs (bp), which encode for about 25, 000
genes. Coding regions occupy approximately 1 → 2% of
the genome, and the remaining is non-coding regions [2].
Change in a genome (variants) can happen at a single
point, such as SNP (Single Nucleotide Polymorphism) or
short insertion and deletion (short indel). Those changes
can be detected by traditional techniques such as Sanger or
modern ones such as microarray and NGS. If the changes
happen in protein-coding regions of DNA, they can be
synonymous, missense, nonsense, and frameshift. When
they occur in the remaining regions, those changes may
affect the level of gene expression (e.g., up and down)
or RNA splicing process. Besides such small changes,
larger changes are also observed, such as structure variants
(SV), where the insertions and deletions are found in large
regions (100 − 1000 bp). In addition, copy number variant
(CNV), inversion, and translocation are also found. For
those changes, the microarray or NGS technologies are
required for the detection.

A transcriptome includes all RNAs (coding RNAs such
as mRNA and non-coding RNAs) in a cell. RNA reflects
how much genetic information (i.e., embedded in genes)
from DNA is expressed. To measure the level of gene
expression, microarray and RNA-seq are widely used. The
microarray technology is used to detect known transcripts
and isoforms with established and standard pipelines/tools.
Meanwhile, the RNA-Seq, as a modern technology, can be
used to detect de novo transcripts and isoforms as well as
structural variants. However, it also yields big and complex
data, thus requires more sophisticated pipelines/tools.

A proteome is all proteins in a cell at a specific time of
development. Two main problems that are widely studied
for proteins are protein structure and protein interaction
network. A total of 20 types of amino acids can be
translated by the protein synthesis process. In the struc-
tural view, a protein is a sequence of amino acids (aka
polypeptide), which can be in different shapes such as linear
(level 1) and fold (level 4). The structural features decide
the protein’s functions. For the second problem, physical
interactions between proteins by chemical bonds form the
protein interaction networks or protein complexes. These
also decide the functions of cells.

A metabolome is mentioned as small chemical com-
pounds such as endogenous and exogenous metabolites.

Figure 1 shows that, for humans, there are about 25, 000
genes in the genome, more than 100, 000 proteins, and
5, 000 metabolites [3]. Those data generated from large-
scale biomedical projects such as human genomes, cancer
genomes, and cell lines have yielded big–omics databases.
In the next section, we are going to introduce some of such
projects briefly.

III. THE –OMICS DATABASE

The –omics databases are generated from large-scale
projects on the human genome, such as UK’s 100, 000
Genomes [4] and GenomeAsia 100K [5]. In addition,
disease-specific projects such as those for cancer genome
have largely contributed their data to the research commu-
nity. Here are some critical projects which are widely used
in cancer research.

The Center for Cancer Genomics of National Cancer
Institute in the US had launched a number of big projects
on cancers such as TCGA (The Cancer Genome Atlas) [6],
CGCI (Cancer Genome Characterization Initiative) and
TARGET (Therapeutically Applicable Research to Generate
Effective Treatments). These projects are now managed by
Genomic Data Commons data portal (GDC, https://portal.
gdc.cancer.gov) to foster precise medicine in cancer. The
portal has deposited data for more than 40 cancer projects
on 61 organs, with 32, 555 samples [7]. A number of
–omics data has been generated from the projects such
as single point somatic/germline mutation, structural so-
matic mutations, gene/microRNA expression by microarray,
gene expression by RNA-Seq, and DNA methylation data.
Besides, the Catalogue Of Somatic Mutations In Cancer
project (COSMIC) is the largest and most comprehensive
database of cancer somatic mutations on human [8]. Major
data of COSMIC is collected and curated by experts.
It also provides 3D structures of the mutations as well
as related genes. In addition, more than 1, 000 mutation
profiles of cell lines are also accumulated. Finally, the
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Figure 2. Integration of the –omics data in personalized medicine problems.

International Cancer Genome Consortium (ICGC) aimed to
define the genomes of 25, 000 primary untreated cancers,
as its data portal [9] makes global genomic data sharing
for cancer possible, providing the international community
with comprehensive genomic data for many cancer types.

In parallel with the abovementioned projects on cancer
tumors, projects on testing drugs/compounds on cell lines
were also launched. The outcome of those projects are
databases of the cell line’s biological characteristics and
responses of the tested drugs/compounds. These data help
foster research on pharmacogenomics, which is the most
promising direction in personalized medicine. Two typical
projects are Cancer Cell Line Encyclopedia (CCLE) [10]
and Genomics of Drug Sensitivity in Cancer (GDSC) [11].
CCLE aims to identify –omics and pharmacological prop-
erties of cancer cell lines, then developing analysis tools
for predicting drug responses based on the –omics data.
A potential application of this is to stratify patients based
on their –omics and pharmacological characteristics. CCLE
provides the –omics data including single point, indel, and
structural mutations and the gene expression of more than
1, 000 cancer cell lines as well as the pharmacological
properties of 24 drugs. Similarly, GDSC freely published
those data for about 1, 000 cancer cell lines and 265
drugs/compounds.

IV. INTEGRATION OF THE –OMICS DATA

It is obvious that the future of biomedical research will
mainly rely on the –omics data because the biological
characteristics of patients are fully considered. Therefore,
with the assumption that “More is better”, recent biomed-
ical research on the –omics data is trying to combine as
many –omics data and other clinical data as possible to
solve the two major problems in personalized medicine,
i.e., diagnosis (aka patient stratification) and treatment (aka
drug response prediction) (see next section) [1, 3, 12]. In
addition, the identification of causative biomarkers (aka
predictive features) is also addressed (Figure 2).

Data integration is approached by machine learning-
based [13] network-based [14] methods. The machine
learning-based methods rely on unsupervised and super-
vised techniques. The typical unsupervised methods, such
as matrix factorization, aim at subtyping cell lines using
the –omics data with the final goal is stratifying patients.
Meanwhile, with supervised methods, labelled data (e.g.,
patients/cell lines with known drug responses or subgroups)
is needed for training prediction models. The trained mod-
els are then used to predict for patients/cell lines with
unknown drug responses and subgroups. In parallel, the
networkbased methods often rely on the functional rela-
tionships among biomedical entities in the same or different
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Figure 3. Patient stratification using –omics data.

–omics layers [14].

Along with the advantages of integration, there are
also some challenges in integrating the whole genome,
transcriptome, and proteome data are also faced with. An
obvious problem is “highdimensional data” since thousands
to millions of genes/proteins and variants must be investi-
gated. Therefore, techniques in dimension reduction [15] or
feature selection [16] have been proposed to select predic-
tive features. Those features are also important biomarkers
for diseases. In contrast with the high dimensionality, the
number of samples is relatively small (i.e., often thousands).
Thus the most challenging problem when dealing with the
integration of largescale –omics data is “small 𝑛, large 𝑝”

(a small number of sample, but high dimension). This raises
a lot of problems requiring computational solutions [17].

In summary, the data integration aims to systematically
assess the biological characteristics of patients; thus, the
application of identifying cancer genes [18] and cancer
diagnosis [19] in personalized medicine is approached more
precisely. In the next sections, we introduce how the two
major problems in computational personalized medicine,
i.e., diagnosis (patient stratification) and treatment (drug
response prediction), are approached using the –omics data.
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Figure 4. Drug response prediction using –omics data.

V. PATIENT STRATIFICATION USING –OMICS DATA

In this section, we introduce how to stratify patients using
the –omics data. Cancer is selected for study as it is a
complex disease. The genetic etiologies are also diversified
among different cancers/subtypes of the same cancer. Even
cells of the same cancer tumor may also act differently
(Figure 3). The patient stratification has been studied based
on molecular subtyping for some types of cancer, such as
bladder urothelial carcinoma [20] and breast cancer [21].

As the abovementioned of the rapid growth of the
–omics data, this fosters the development of computational
methods for patient stratification based on molecular pro-
files and towards clinical application [22]. The problem
is generally solved by the following four steps: i) data
preprocessing, ii) clustering, iii) supervised classification,
and iv) subtype characterization. For the first step, raw
–omics data from high-throughput sequencers or genotyper
are qualifiedly controlled, standardized, and transformed
into the right formats for the next steps. Then, the data
clustering is performed based on either genes/proteins or
samples. If these two types of data are used simultaneously,
then biclustering techniques are used. In addition, tri-
clustering techniques are used if other factors, such as time,
are considered. In the third step, supervised classification
techniques are used to determine which subtype/subgroup
a patient belongs to. Finally, the identified subtypes are
characterized by causative biomarkers, involved pathways,
and survival time.

Two main approaches have been proposed for this prob-
lem, including i) machine learningbased and ii) network-
based methods. A common point of the two approaches is
that they both rely on the similarity between samples (i.e.,
the similarity of patient’s molecular profiles). The similar-
ity can be represented as similarity matrices in machine
learning-based methods or similarity networks in network-
based methods. By representing as similarity matrices,
clustering techniques on a matrix such as matrix factoriza-
tion are widely used [23, 24]. For network-based methods,

network clustering techniques such as module/community
detection are often used. Those techniques can be applied
to different types of biological networks such as patient
similarity network [25], protein interaction network [26],
and gene network [27]. Recent methods have relied on both
matrix and network clustering techniques [28] or matrix
clustering techniques but guided by a network [23, 29].

Although many methods have been proposed, a number
of tools have been developed for the patient stratification
problem. However, different methods could lead to dif-
ferent subtypes. This is caused by the complexity of the
–omics data (i.e., small 𝑛, large 𝑝). In addition, the cancer
tumor is heterogeneous; thus, the molecular profiles (i.e.,
the –omics data) are different for even cells derived from
the same cancer types.

VI. DRUG RESPONSE PREDICTION USING
–OMICS DATA

Besides the requirement of precisely stratifying patients
based on their –omics data, personalized medicine also
requires selecting the right drugs for the right treatment
for each patient. Patients with the same conditions/cancer
types may respond differently to the same drugs due to
their different molecular profiles. Thus, the prediction of
drug response using the –omics data is an important step
for selecting the right drugs (Figure 4).

Similar to the patient stratification problem, many meth-
ods have also been proposed for predicting drug response
for patients/cell lines [30]. The drug response is measured
by dose level to inhibit 50% of the disease’s bioactivity
(IC50), or they are under the dose-response curve (AUC).
They are both continuous values. Thus, the drug response
prediction is often approached by regression techniques.
However, response values can be categorized into some
levels, such as good response, no response, and bad side
effects (Figure 4); thus, it can be formulated as a classifi-
cation problem. The main difference between the two main
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problems in personalized medicine is that the patient strati-
fication is usually based on tumor data from tumor/patient-
based projects such as TCGA. Meanwhile, the drug re-
sponse prediction uses cell line and drug response data from
drug trial projects such as CCLE and GDSC.

Generally, machine learning- and network-based meth-
ods are often proposed for the drug response prediction.
Network-based methods are usually based on similarity net-
works of drugs and cell lines and local [31] or global [32]
graph traversal algorithms. In contrast to a few network-
based methods, many machine learning-based methods have
been proposed for the drug response prediction problem.
Indeed, a challenge was organized for research groups over
the world [33]. Interestingly, the winner over 44 submis-
sions is a method integrating the –omics data (including
single point mutation, structural mutation, gene expression
by microarray and RNA-Seq technologies, methylation, and
protein data) using multiple kernel learning technique [34].
Other methods also show that response prediction for
multiple drugs simultaneously achieve better performance
than that for a single drug, because functional and structural
similarity among drugs is taken into account [34, 35]. In
addition, gene expression data is more dominant than the
others [33]. Finally, until now, computational methods for
the drug response prediction have been proposed mostly
for cancer cell lines. Thus to translate them to clinical
application, a recent method has built the prediction model
using the data from cell lines in GDSC, then use the
built model for predicting drug response for patients in
TCGA [36].

VII. CONCLUSIONS

Nowadays, the rapid development of high-throughput
technologies and large-scale genome projects have gen-
erated a large amount of the –omics data (i.e., the
–omics era). This has changed the ways to computationally
approach the problems in personalized medicine. To fully
understand the biological characteristics of patients, their
molecular profiles at the –ome scale has been studied.
Thus, the –omics data has been integrated into compu-
tational methods to solve the problems in personalized
medicine. The two major problems in medicine (i.e., di-
agnosis and treatment) are formulated as two problems in
computational space (i.e., patient stratification and drug
response prediction, respectively). Although current studies
of the two problems target different objects, i.e., the patient
stratification mainly focuses on patient data from the patien-
t/tumor projects; meanwhile, the drug response prediction
mostly works with artificial patients/tumors (i.e., cell lines).
However, they are both personalized based on molecular
profiles of each patient/tumor/cell line. Integration of the

–omics data algorithmically faces with the “small 𝑛, large
𝑝” problem. The object (i.e., cancer) itself is a complex
disease, which is heterogeneous between cancer types and
even cells in the same tumor. In addition, unexpected
changes in characteristics of cell lines during culture may
limit the translation of research results on cell lines to
patients. Fortunately, many big human genome and disease
genome projects have been launched and freely published
the data for the research community. In parallel, state-of-
the-art techniques in computational sciences (e.g., artifi-
cial intelligence, statistics) have fostered the application
of computational methods to study problems in medicine.
This could open a brighter future for personalized medicine
in cancer research of the –omics data era. Personalized
medicine is a broad research area and application. Indeed,
besides biological characteristics of the patients, their clin-
ical data, environment, and lifestyles are also important
factors in tailoring the individual treatments. In addition,
personalized medicine approaches are not only limited to
cancers, but also be used to diagnose and treat other
disorders such as rare diseases, which are strongly linked to
molecular alterations. Furthermore, besides the abovemen-
tioned –omics data, metagenomics and metatranscriptomics
should also be worthy of studying personalized medicine
since there exist interactions between humans and the
microbiome.
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