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ABSTRACT
In biomedical research, large-scale 
profiling of gene expression has become 
routine and offers a valuable means 
to evaluate changes in onset and 
progression of diseases, in particular 
cancer. An overwhelming amount of 
cancer genomics data has become 
publicly available, and the complexity of 
these data makes it a challenge to perform 
in silico data exploration, integration 
and analysis, in particular for scientists 
lacking a background in computational 
programming or informatics. Many web 
interface tools make these large datasets 
accessible but are limited to process large 
datasets. To accelerate the translation of 
genomic data into new insights, we provide 
a simple method to explore and select data 
from cancer genomic datasets to generate 
gene expression profiles of subsets that 
are of specific genetic, biological or clinical 
interest.

METHOD SUMMARY
A simple in silico method to import and 
integrate subsets of data samples with 
specific genomic, biological and/or 
clinical interest in order to generate gene 
expression profiles and crosslink these 
profiles with DNA methylation and protein 
expression, which can be integrated to 
research hypotheses for specific subtypes 
of cancer.

In the past decade, advances in genome 
technologies have enabled the identifi-
cation of molecular mechanisms of 
biological processes and diseases, 
impacting all areas of clinical research, 
cancer in particular. Intratumoral hetero-
geneity, dynamic changes in the genome 
of cancer cells and genetic aberrations 
are unique fingerprints for each type of 
cancer [1]. These features of cancer, in 
combination with prognostic subtype 
classifications and risk stratification, have 
revealed that gene expression profiling 
allows for a better understanding of 
molecular backgrounds of, for example, 
prognosis and therapy sensitivity in 
cancer. Moreover, gene-expression 
profiling is a powerful molecular approach 
to predict drug sensitivity [2,3].

In order to generate catalogs of 
genomic alterations in different cancer 
types, coordinated large-scale cancer 
genomic projects are being developed. 
The two main projects are the Cancer 
Genome Atlas (TCGA) and the Inter-
national Cancer Genome Consortium 
(ICGC) [4], including many centers utilizing 
different platforms to provide cancer 
genomics information such as gene 
expression, DNA mutations, DNA methyl-
ation, protein expression and clinical data. 
These projects provide large amounts of 
genomic data to assist researchers in 
generating or testing novel hypotheses 
that may ultimately aid in the development 
of novel cancer therapies, diagnostic 
methods and preventive strategies [5]. 
However, exploration, integration and 
analysis of the large amounts of compli-
cated data is challenging, especially for 
scientists lacking a background in compu-
tational programming or informatics.

The effective use of the large amounts 
of cancer genome data remains a 
challenge due to the limitations of compu-
tational methodologies and insufficient 
guidance. Data visualization is very helpful 

for efficient data analysis and advanced 
tools have been developed to facilitate 
data visualization, such as the open-
access portals cBioPortal, UCSC Cancer 
Browser and canEvolve (Table 1). However, 
open-access portals mainly facilitate 
investigations of large datasets and are 
sometimes limited when exploring the 
datasets in more depth. Here, we describe 
a simple but effective method to inves-
tigate subsets of samples or patients 
with a specific genetic, biological or 
clinical interest. We focus on profiling of 
gene expression and present a method 
for the analysis of gene expression 
data in relation to DNA methylation and 
protein expression (Table 2), which can be 
integrated to test research hypotheses for 
specific types of cancer.

MATERIALS & METHODS
Protocol for in silico gene expression 
profiling
Gene-expression profiling is a powerful 
technique for studying biological 
processes at the molecular level. Gene 
activity, or expression, can be assessed 
by protein identification but gene 
expression is usually investigated by 
examining the RNA message or transcript. 
Two high-throughput methods that are 
commonly used for comprehensive gene-
expression profiling are RNA sequencing 
with next-generation sequencing (NGS) 
and DNA microarrays [6].

In general terms, there are two types 
of gene-expression approaches in 
cancer: the differential and the relative 
analysis. In the differential approach, 
tumor-expression profiles relative to 
the patient-matched or unmatched 
normal tissue samples are elucidated, 
whereas the relative approach compares 
transcript levels across tumor types or 
cell and tissue samples. Depending on 
the specific approach, gene-expression 
profiling of samples and specimens 

A simple in silico approach to generate gene-expression 
profiles from subsets of cancer genomics data
Mohammed Khurshed*,1,2, Remco J Molenaar2 & Cornelis JF van Noorden1,3

Reports
2019

674

FIRST DRAFT 
SUBMITTED: 
23 11 2018; 
ACCE PTE D 
FOR PUBLI-
CATION: 22 
0 7 2 019 ; 
PUBLISHED 
ONLINE: 00 
00 0000

© 2019 MOHAMMED KHURSHED

2019

KEYWORDS 
cancer genomics • cBioPortal • data mining 
• epigenetics • gene expression • in silico
1Cancer Center Amsterdam, Department of 
Medical Biology, Amsterdam UMC at the Academic 
Medical Center, Amsterdam, The Netherlands; 
2Cancer Center Amsterdam, Department of 
Medical Oncology, Amsterdam UMC at the 
Academic Medical Center, Amsterdam, The 
Netherlands; 3Department of Genetic Toxicology 
& Cancer Biology, National Institute of Biology, 
Ljubljana, Slovenia; *Author for correspondence: 
m.khurshed@amsterdamumc.nl

BioTechniques 67: 172-176 (October 2019)  10.2144/
btn-2018-0179

k.rowland
Text Box
For reprint orders, please contact: reprints@futuremedicine.com



Reports

www.BioTechniques.com173 No. 4 | Vol. 67 | © 2019 Mohammed Khurshed

can provide insights not only in biology 
but also provide details of structure, alter-
ations and variations of transcripts [7,8]. 
Many open-access portals facilitate tools 
for exploration of gene-expression data. Our 
protocol is illustrated with the tool provided 
by cBioPortal [9,10]. The other open-access 
portals such as UCSC Cancer Browser and 
canEvolve can likewise be used for explo-
ration of genomic data. We provide a step-
by-step protocol with the next chapters 
(Supplemental Protocol):

Table 1. Overview of open-access portals with analytical tools for visualization of cancer genomics data.

Advanced visualization tool Source
The cBioPortal for Cancer Genomics http://cbioportal.org/

UCSC Xena https://xenabrowser.net/

Genomic Data Commons Data Portal https://portal.gdc.cancer.gov/

Cancer Genome Workbench (CGWB) https://cgwb.nci.nih.gov/

CanEvolve https://canevolve.org/

The Broad GDAC Firehose https://gdac.broadinstitute.org/

Table 2. Overview of different cancer genomics data and type for profiling.

Genomic type Data
Gene expression RNA-seqTumor RNA (microarray)

DNA methylation Methylation (HM27)

Protein expression Reverse-phase protein array (RPPA)
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Figure 1. Representative analysis of overall 
survival curves comparing IDH1MUT and 
IDH1WT glioma patients in the TCGA database. 
For analysis, the merged cohort of low-grade 
glioma and glioblastoma multiforme (TCGA, 
Cell 2016) study was analyzed, including 411 
IDH1MUT versus 401 IDH1WT glioma patients. 
Overall survival Kaplan–Meier plot shows 
approximately sixfold prolonged survival of 
IDH1MUT glioma patients (red) compared to 
IDH1WT glioma patients (blue).
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Figure 2. Representative analysis of mRNA expression levels of enzymes involved in glucose 
metabolism in IDH1WT versus IDH1MUT glioma. Analysis of IDH1WT (n = 112) and IDH1MUT (n = 399) 
low-grade glioma and IDH1WT (n = 157) and IDH1MUT (n = 9) glioblastoma samples, obtained from the 
cBioPortal using the TCGA datasets Brain Lower Grade Glioma (provisional) and Glioblastoma Multi-
forme (provisional). Merged data of relative mRNA expression levels are shown for IDH1WT (blue) and 
IDH1MUT (red).
***p < 0.001; ****p < 0.0001.
G6PD: Glucose-6-phosphate dehydrogenase; GLUT: Glucose transporter; HK: Hexokinase; 
LDH: Lactate dehydrogenase; PK: Pyruvate kinase.
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1. Overview and selection of cancer 
dataset of interest (cBioPortal);

2. Creation of case sets/subsets of 
interest in a single study;

3. Integrative analysis of genes in a single 
study. After defining the cancer study of 
interest in section 1 and creating subsets 
of samples/patients with clinical or genetic 
data of interest in section 2. This section 
classifies each gene in each sample and 
is used for all genomic data analysis and 
visualization;

4. Collection of gene-expression and 
protein-expression data;

5. Collection of methylation data;
6. Correlation analysis. In order to 

investigate the correlation between gene 
expression and either methylation status 
or protein level, this section provides a tool 
to plot the relationship;

7. Graphical visualization and statis-
tical analysis. Visualization and analysis 
of case sets of mRNA expression, methyl-
ation or protein-expression data collected 
in section 5, or data of correlation analysis 
of section 6.

RESULTS & DISCUSSION
Representative results
Mutations in the IDH1 gene are ancestral 
events in the formation of low-grade glioma 
and secondary glioblastoma [11–13]. The 
presence of an IDH1 mutation (IDH1MUT) is 
associated with prolonged survival of 
glioma patients compared with IDH1 
wild-type (IDH1WT) patients [11–13]. Utilizing 
clinical outcome possibilities of the 
cBioPortal, survival is illustrated in an 
overall survival plot with approximately 
sixfold prolonged survival of IDH1MUT glioma 
patients compared with IDH1WT glioma 
patients (Figure 1). 

IDH1MUT induces metabolic rewiring that 
is not fully understood [14,15] but explo-
ration of differences in expression levels of 
metabolic enzymes is a promising investi-
gational approach. The effects of IDH1MUT 
on the expression of genes that encode 
for metabolic enzymes offer an oppor-
tunity to demonstrate the possibilities of 
the cBioPortal to perform data integration, 
exploration and analysis. TCGA offers data 
of 112 IDH1WT versus 399 IDH1MUT low-grade 
glioma (LGG) samples and 157 IDH1WT versus 
nine IDH1MUT glioblastoma samples to inves-
tigate and integrate for analysis.

In glucose metabolism, genes that 
encode for rate-limiting metabolic enzymes 
were selected: GLUT1/3, HK1, HK2, HK3, PKLR, 
PKM2, LDHA and LDHB. In IDH1WT versus 
IDH1MUT LGG and glioblastoma patient 
samples, higher levels of gene expression 
were observed for GLUT3, HK2, PKM2 and 
LDHA (Figure 2), suggesting that IDH1WT 
glioma depend more on glycolysis for ATP 
production than IDH1MUT glioma. 

As mutations in IDH1/2 also occur in 
20% of patients with myeloid neoplasms, 
including AML, an example of mRNA 
expression analysis of the three groups, 
IDHWT, IDH1MUT and IDH2 MUT  is presented 
in Figure  3. The study of acute myeloid 
leukemia (AML; TCGA, Provisional) offers 
136 IDHWT, 16 IDH1MUT and 16 IDH2MUT AML 
samples to investigate gene-expression 
profiles. In Figure 3, mRNA expression levels 
of the ATM gene, a DNA damage-response 
protein [16], in IDHWT, IDH1MUT and IDH2MUT AML 
samples indicate that ATM mRNA expression 
is severely decreased in IDH1MUT AML. 

Another example is 
illustrated in Figure 4, 
which is a plot of 
gene expression 
versus DNA methyl-
ation of the LDHA 
gene in LGG. Lower 
expression levels of 
LDHA as observed 
in IDH1MUT glioma 
were associated 
with hypermethyl-
ation of its promoter 
(Figure 4A), but lower 
expression levels of 
LDHB gene in IDH1WT 
did not correlate 
with methylation 
(Figure 4B). 

To investigate 
w h e t h e r  g e n e 
expression levels 
correlate with protein 
abundance, an illus-
trating example is 
demonstrated in 
Figure  5. In IDH1MUT 
glioma, lower gene 
expression levels of 
G6PD were observed 
compared with IDH1WT 
glioma (Figure  5A), 

whereas protein levels of G6PD were equal 
in IDH1MUT and IDH1WT LGG (Figure  5B), 
suggesting additional post-translational 
mechanisms at work [17]. 

Constant innovation has greatly aided the 
expansion of our understanding of cancer 
but has also transformed cancer research 
into one of the most data-intensive fields 
of biology. Well-structured and organized 
cancer genomics projects are offering 
researchers huge amounts of tumor samples 
that are similarly prepared, normalized and 
processed for computational analysis 
to extend our understanding of cancer 
genetics. The protocol that is listed here in 
combination with open-access tools lowers 
the barriers of access to these complex data 
and offers data mining in more depth to 
accelerate the translation of genomic data 
into novel biological and clinical insights.

The cancer genomics project of glioma 
was one of the first projects of TCGA that 
provided well-structured data of tumor 
samples from multiple platforms. Genomic 
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analysis of these data identified clinically 
relevant subtypes of glioblastoma [18] and 
delineated three different molecular classes 

in low-grade glioma, including the class with 
the IDH mutation [19]. Open-access portals 
facilitate access to these datasets but are 
limited in investigating specific groups. The 
protocol addressed in this paper describes 
a simple method to investigate subsets of 
samples or patients with a specific genetic, 
biological or clinical interest, such as the 
tumor samples with an IDH mutation. 
Secondly, the protocol describes how to 
generate expression profiles of genes 
involved in a particular pathway or process, 
such as metabolism, in this particular subset 
of samples. This allows selection of individual 
genes of interest instead of exploring all 
genes, and classifies each gene in each 
sample that is used for analysis and visual-
ization. Finally, multidimensional analysis 
is provided to investigate gene expression 
in relation to DNA methylation and protein 
expression.

Comparable to other tools available, 
this protocol utilizes web interface tools 
that do not require additional software. A 
critical step in the protocol is the selection 
of the correct cancer genomics study or 
project that contains the data of interest. 
Currently, many portals store data from 
datasets from the literature and the TCGA 
portal. As an example, cBioPortal currently 
provides 76 cancer genomics projects 
of gene expression (RNAseq and micro-
array) in combination with 21 methylation 
and 41 protein expression projects. The 
validity of the comparison of genomics 
data is dependent on how well a sample 
is matched to the reference in terms of 
technical (e.g., type of data processing) 
and biological (e.g., molecular subtype) 
biases. Therefore, using portals that 
provide genomics data from well-struc-
tured cancer genomic projects require no 
advanced normalization techniques and 
batch corrections.

In summary, our method allows the 
import and integration of a selective 
subset of samples with specific genomic, 
biological or clinical interest, such as 
genomic alteration, mutation, cancer 
subtypes or survival properties. This 
method contains a unique concept to 
generate gene-expression profiles and to 
crosslink these profiles with DNA methyl-
ation and protein expression, which can be 
integrated to test research hypotheses in 
specific subtypes of cancer.

FUTURE PERSPECTIVE
Cancer research has evolved into one of the 
most data-intensive disciplines in biology. 
With the Genomics Evidence Neoplasia Infor-
mation Exchange (GENIE) project among 
the largest fully public cancer genomic data 
sets released to date. Easy manageable 
portals, such as cBioPortal, will play an 
increasingly essential role in this discipline.
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