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Abstract

Recently, many different molecular datasets from cancers, such as genomic DNA copy number arrays, DNA methylation, exome sequencing, messenger RNA
(mRNA), and microRNA (miRNA) have been generated. These datasets have provided many key insights into cancer subtypes, molecular heterogeneity, cancer
pathogenesis and cancer progression. Although many datasets and tools have been developed for cancer analysis, there are still strong needs for more efficient

computational methods.

In response, many researchers have developed more effective and
robust tools that analyze these datasets. Until now, the main focus
of the methodological development was to increase the efficiency
for analyzing the individual dataset. However, recent methods being
developed are capable of integrative analysis of datasets. In this short
review, we provide an overview of three commonly used analysis of
integration in cancer studies. The first case of commonly used tool is
integrating different types of molecular datasets. The second tool is
integrating one type of molecular datasets and biological information.
The last case is integrating molecular datasets and clinical information.

In the case of integrating different types of molecular datasets, many
methods have been published, such as miRNA and mRNA, mRNA and
copy numbers, and more than two different molecular datasets. For
the second case, the biological information source is the putative target
gene of miRNA TargetScan (www.targetscan.org/) [1] or Miranda
(www.microrna.org/) [2]. Pathway information is another good
source of biological information. For example, integrating pathway
information and microarray gene expression datasets is well known to
improve the accuracy of the model than only using microarray gene
expression datasets.

Lastly, compared to an individual analysis, an integrated analysis
of molecular datasets containing clinical information also improves
the prediction accuracy for cancer. Survival time is a good source for
clinical information for cancer progression or cancer classification.

Integration of molecular datasets

Different types of molecular datasets can be obtained from the
same cancer patient. Many studies proved that cancer analysis using
integrative datasets performs better than analysis that just uses
individual datasets. For examples, Lu et al. [3] and Peng et al. [4]
distinguished eleven cancer types using miRNA and mRNA datasets.
Lu et al. [3] presented that the classification (or prediction) accuracy
based on mRNA is 5.9% while the accuracy of the model based on
miRNA was 70.58%. However, Peng et al. [4] demonstrated that the
performance of the analysis using only mRNA is better than that of only
using miRNA. Even though the dataset was same, applying different
tools produced completely opposite results. Regarding this, Kim et al.
[5] presented the result of comparing three different types of datasets;

Integr Cancer Sci Therap, 2016 doi: 10.15761/ICST.1000193

miRNA alone, mRNA alone, and integrative datasets of miRNA and
mRNA. For the research, two different cancer types, ovarian cancer
(OV) and glioblastoma multiforme (GBM) were analyzed (Kim et al.
[5]). The accuracies of OV are 84.04%, 75%, 63.64% using integrative
miRNA-mRNA profiles, miRNA profiles, and mRNA profile,
respectively. The accuracies of GBM are 87.76%, 79.59%, 77.55% using
integrative miRNA-mRNA profiles, miRNA profiles, and mRNA
profiles, respectively.

Integration of molecular dataset with biological
information

Fu et al. [6] proposed an integrative method using miRNA
and mRNA expression datasets, and miRNA and its target mRNA
information from both TargetScan [1] and miRanda [2]. The method
identified the robust target mRNA of miRNAs. Integrating pathway
information and microarray gene expression datasets also provided
more accurate results than just using mRNA expression profiles.

The classification based on pathway presented comparable or even
better performance than the gene-based classification method. For
example, Guo et al. [7] suggested a method to infer module activity
using mean or median gene expression values in gene ontology [8]. Su
et al. [9] presented a method for classification based on the probabilistic
inference of pathway activity. In addition, Lee et al. [10,11] proposed
a classification method for cancer phenotypes using the core genes
in pathways as the differentiators of the disease phenotypes. Kim et
al. [12] proposed an integrative method using KEGG pathway [13]
information extracted from gene set enrichment analysis (GSEA) [14]
and mRNA expression datasets. In the study, features based on core
genes from enrichment pathway performed better than the methods
using only the pathway features or mRNA itself (Figure 1).
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Figure 1. Overall flowchart for integrating pathway information and mRNA expression
datasets. GLEG; genes of leading edge gene, GPF; pathway features, SVM; support vector
machine [12].
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Figure 2. Overall flowchart for integrating datasets including miRNA/mRNA expression
datasets and intermediate survival times [15].

Integration of molecular dataset with clinical

information

Finally, integrating datasets is including not only the molecular
datasets obtained from the laboratory, but also the patients’ clinical
information. For example, intermediate survival times between long
and short survival times can also be a good source for the data analysis.

Kim et al. [5] suggested a method for extensive datasets using
intermediate survival times, integrative miRNA, and mRNA datasets
with putative target gene information for classifying cancer survival
times.

Figure 2 shows an overall flowchart for integrating datasets that
include miRNA, mRNA, and intermediate survival times [15]. The

results of using integrative datasets are more accurate than just using
single profiles.

Conclusions

There are many ways to integrate molecular datasets and extend the
types of datasets. Here we shortly reviewed three ways of integrating
the different types of data. Compared to using only individual data
sets, integrating datasets that use molecular datasets with biological
information or patients clinical information improves the accuracies
of cancer analysis. Moreover, the analysis of integrating datasets could
lead on to systemic insights of cancer progression and/or pathogenesis
in the future.
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