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Data Integration for Cancer Clinical Outcome Prediction
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Cancer clinical outcome prediction based on the molecular
information has received increasing interest for better diagnostics,
prognostics, and further therapeutics. Accurate molecular-based
predictors of outcome can be used clinically to choose the best of
several available therapies for a cancer patient. In the past decade,
gene expression profiles have been most widely used to predict clinical
outcomes in several cancers [1,2]. There have been also many attempts
at cancer clinical outcome prediction using a set of copy number
alterations (CNA), miRNA, DNA methylation, and protein expression
[3-6].

However, it is still difficult to accurately predict clinical outcome
since the cancer genome is neither simple nor independent but rather
complicated and dysregulated by multiple levels of the biological system
through genome, epigenome, transcriptome, proteome, metabolome,
interactome, etc. [7]. For instance, cancer is mainly caused by somatic
driver mutations in coding and non-coding sequences or epigenetic
changes of methylation, acetylation, and histone. Collectively,
these genetic and epigenetic changes can lead to many alternative
forms of cause-and-result effect in transcription, translation, and
post-translational modification, which are all involved in cancer
pathophysiology. Therefore, no single type of genomic data will be
sufficient to elucidate the phenotypic end-point of events accumulated
through multiple levels of biological systems involved in cancer, and
hence, a consideration of incorporating the multi-layered processes in
biological systems might provide much more reasonable prediction of
cancer clinical outcome.

Recently, emerging multi-omics data and clinical information from
cancer patients have been providing unprecedented opportunities to
investigate the multi-layered processes involved in cancer development
and progression for improving the ability to diagnose, treat, and
prevent cancer. The Cancer Genome Atlas (TCGA) is a large-scale
collaborative initiative to improve our understanding of multi-layered
of molecular basis of cancer and has been generating multi-omics data
for 25 cancer types [8]. In addition, the International Cancer Genome
Consortium (ICGC) is another comprehensive collaborative initiative
to obtain a multidisciplinary description of genomic, epigenomic,
and transcriptomic changes in 50 different cancer types [9]. Before
exploding multi-omics data in cancer from TCGA or ICGC, there
have been many integrative studies for two types of genomic data
such as association, regression, or correlation-based methods [10].
However, as multi-scale genomic data have become more available, it
is hard to directly use existing integrative methods, which are mainly
for two types of genomic data. Thus, the development of multi-scale
integrative approaches is more required in order to integrate multiple
types of genomic data at hand and investigate an enhanced global view
on interplays between different types of genomic data.

In order to solve the current problems for data integration in cancer
research, many multi-scale integrative approaches have been recently
proposed. Kim et al. proposed a graph-based integration framework
for predicting cancer clinical outcomes using CNA, methylation,
miRNA, and gene expression data [11]. Sohn et al. [12] proposed
an integrative statistical framework based on a sparse regression to
model the impact of multi-layered genomic features including CNA,

miRNA, and methylation on gene expression traits. Kim et al. [13] also
investigated an integrative framework in order to identify interactions
between different types of genomic data associated with clinical
outcome. In addition, Mankoo et al. [14] predicted time to recurrence
and survival in ovarian cancer using CNA, methylation, miRNA, and
gene expression data using multivariate Cox Lass model.

While the TCGA and ICGC provide many opportunities to uncover
the novel knowledge of the molecular basis of cancer, it is crucial to
address the issue of development of an appropriate methodological
framework for data integration to better understand different cancer
phenotypes, further providing an enhanced global view on the
interplays between different genomic features. With an abundance in
of multi-omics data and clinical data from cancer patients, relevant
integration frameworks will be valuable for explaining the molecular
pathogenesis and underlying biology in cancer, eventually leading to
more effective screening strategies and therapeutic targets in many
types of cancer.
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