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Abstract—Given a large dataset of microarray gene expression
data, an important problem is the identification of biomarkers
linked to a disease. Gene-set based analysis would tend to
group genes based on biological relevance. Gene co-expression
networks can then be constructed from these gene-sets using a
topological overlap-based dissimilarity measure. While a typical
method of analysis involves searching for functional modules
of highly connected genes, this work proposes a method that
involves profiling the entire dissimilarity weight distribution
within a gene-set. This grouped profile analysis is then used
with functional analysis tools to identify potential subnetwork
biomarkers for a disease. A case study with lung cancer is
illustrated.

Index Terms—Gene co-expression network, dissimilarity, topo-
logical overlap, biomarker, gene-set profile, microarray, ANOVA,
WGCNA

I. INTRODUCTION

Given a large dataset of microarray gene expression data,
an important problem is identifying biomarkers linked to
a disease. Gene-set-based analysis groups genes based on
biological pathways. Gene co-expression networks can be
constructed from these gene-sets using the topological overlap-
based dissimilarity measure. While one method of analysis
involves searching for functional modules of highly connected
genes, we propose a method that involves profiling the entire
dissimilarity weight distribution within a gene-set.

II. METHODS

A. Data sets

1) Microarray Gene Expression Data: Lung cancer gene
expression data (GSE10072) was downloaded from the on-
line Gene Expression Omnibus (GEO) database [1]. The
GSE10072 dataset is composed of a total of 107 samples, of
which 58 are adenocarcinoma samples and 49 are non-tumor
samples used as control [2]. The samples were taken from
tissue samples of adenocarcinoma paired with non-involved
lung tissue from current, former and non-smokers.

2) Gene-set Data: Gene-set data was collected from Path-
wayAPI [3], which is the database containing the consistent
biological pathway information from KEGG, Ingenuity and
Wikipathways, for gene-set integrative analysis purposes.

B. Methodology

1) Data Preprocessing: After eliminating probe sets that
represent more than one gene, the data is normalized by using
Z-Score Transformation for each gene across all samples.
Gene-sets that contains three genes or less are removed since
these gene-sets are meaningless to do gene-pair correlation.
The remaining gene-sets are then used to identify the statistical
significance of each gene labelled as either significant (“sig”)
or non-significant or “non”) by using the Analysis of Variance
(ANOVA) statistical tests with a p-value of 0.05.

2) Construction of Dissimilarity Matrix: For each gene-
set, the WGCNA package in R was used to create and
transform the correlation matrix to a scale-free topology [3].
The topological overlap measure was then determined, where
aij is the weighted expression correlation between gene i and
gene j:

ωij =

∑
u aiuauj + aij

min {
∑

u aiu,
∑

u auj}+ 1− aij
(1)

By subtracting equation (2) from unity, we determined the
dissimilarity weight or measure for each gene pair [5].

dij = 1− ωij (2)

3) Gene-set Profiles: Profiles of each gene-set were created
by plotting dissimilarity weights for all pairs in the set. After
labelling each gene from the ANOVA tests, each gene pair was
categorized as “sig-sig”, “sig-non”, “non-non” and assigned
colors blue, yellow, and grey, respectively, for plotting. Each
profile shows the relative proportions of dissimilarity weights
and how dissimilarity varies across the gene-set.

4) Validation: To validate our hypothesis, we made use
of biological pathway databases for this purpose, includ-
ing Genetic Association Database (GAD) - a database of
genetic association data [6], Kyoto Encyclopedia of Genes
and Genomes (KEGG) - a web-based biological database
[7], Catalogue of Somatic Mutations in Cancer (COSMIC)
- a database and website storing human genetic data [8]
and Database for Annotation, Visualization, and Integrated
Discovery (DAVID) - a web-based program that integrates
functional genomic annotations with graphical summaries [9].
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TABLE I
AVERAGE PERCENTAGE OF LUNG CANCER RELATED GENES FOUND ON

GAD, KEGG, DAVID AND COSMIC.

Shape GAD KEGG DAVID COSMIC
Normal 17.547 9.937 23.859 5.604

Reverse-S 16.308 8.047 20.612 4.991
Quarter 12.166 10.990 20.893 3.317

III. RESULTS AND DISCUSSION

The results are shown in two types of graphs in Fig. 1 and
Fig. 2 as the plot of sample gene set processed by default
parameters and tuning parameters of WGCNA, respectively.
The top shows the distribution of dissimilarity weights, which
was measured by using the different soft threshold values.
According to [5], the soft threshold is the minimum value,
in between 0 to 30, used for converting the correlation to
be a scale-free network. The soft threshold should be the
optimal one that gives a proper goodness-of-fit between the
scale-free network and the correlation. The bottom shows the
clustering of weights in each gene-pair category. The plot
displays median, mean and standard deviation of weights in
black, bold red and red, respectively.

Biological database [6] - [9] were used to explore dif-
ferences between the three shapes of gene-sets, which were
categorized manually, shown in Fig. 2. According to the results
shown in Table I, the analysis of each gene-sets involvement in
the lung cancer phenotype was found that Normal profiles tend
towards higher percentage of cancer genes in GAD, DAVID
and COSMIC for lung-cancer than other shapes. Quarter
shaped profiles have a highest percentage of cancer genes in
KEGG. In contrast, Reverse-S shaped profiles do not have a
high percentage of cancer genes as the authors have hoped for.

IV. CONCLUSION

Gene-set profiles are a useful way of visualizing co-
expression and identifying functional trends in gene-sets.
Grouped profile analysis can be used with other tools to
identify potential biomarkers for a disease. Furthermore, the
results would be the features for clustering gene-set profile.
The developed concept tools will be further tested with more
disease datasets and more intelligent method for clustering the
gene-set profiles. In addition, the method will be compared to
existing methods in order to show the validity.
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Fig. 1. Two types of plots for sample gene-sets processed by default parameters. Top: Distribution of dissimilarity weights, measured by using the default
value of soft threshold in WGCNA package (β = 6) [6], over rank of gene-pairs.

Fig. 2. Two types of plots for sample gene-sets processed by tuning parameters. Top: Distribution of dissimilarity weights, measured by using the soft
threshold producing the maximum of R2, over rank of gene-pairs. There are three shapes of gene-set profiles, which are “Reverse-S”, “Normal” and “Quarter”
respectively.
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