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SYNOPSIS

Creating Subnetworks from Transcriptomic Data on 
Central Nervous System Diseases Informed by a Massive 
Transcriptomic Network
Yaping Feng1, Judith A. Syrkin-Nikolau2, Eve S. Wurtele1*

1Development and Cell Biology, Department of Genetics, Iowa State University, Ames, Iowa, USA
2Macalester College, Saint Paul, MN, USA

High quality publicly-available transcriptomic data representing relationships in gene expres-
sion across a diverse set of biological conditions is used as a context network to explore 
transcriptomics of the CNS. The context network, 18367Hu-matrix, contains pairwise Pear-
son correlations for 22,215 human genes across18,637 human tissue samples1. To do this, 
we compute a network derived from biological samples from CNS cells and tissues, calculate 
clusters of co-expressed genes from this network, and compare the significance of these to 
clusters derived from the larger 18367Hu-matrix network. Sorting and visualization uses the 
publicly available software, MetaOmGraph (http://www.metnetdb.org/MetNet_MetaOm-
Graph.htm). This identifies genes that characterize particular disease conditions. Specifical-
ly, differences in gene expression within and between two designations of glial cancer, as-
trocytoma and glioblastoma, are evaluated in the context of the broader network. Such 
gene groups, which we term outlier-networks, tease out abnormally expressed genes and 
the samples in which this expression occurs. This approach distinguishes 48 subnetworks of 
outlier genes associated with astrocytoma and glioblastoma. As a case study, we investigate 
the relationships among the genes of a small astrocytoma-only subnetwork. This astrocyto-
ma-only subnetwork consists of SVEP1, IGF1, CHRNA3, and SPAG6. All of these genes are 
highly coexpressed in a single sample of anaplastic astrocytoma tumor (grade III) and a sam-
ple of juvenile pilocytic astrocytoma. Three of these genes are also associated with nicotine. 
This data lead us to formulate a testable hypothesis that this astrocytoma outlier-network 
provides a link between some gliomas/astrocytomas and nicotine.
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INTRODUCTION

Computational analysis of transcriptomic and proteomic data 
from eukaryotic organisms has enabled the development of  
hypotheses1-4 and such hypothesis have led to experimental 
verification of previously uncharacterized genes that have nov-
el metabolic or regulatory function5-7. To obtain such a context 
for human biology, a large dataset (18,637 samples) of high 
quality publicly available transcriptomic data from ArrayEx-
press was used to create a human pairwise co-expression ma-
trix (18637Hu-matrix) representing relationships in gene ex-
pression across a diverse set of biological conditions1. Markov 
chain graph clustering (MCL) of the co-expression network  
delineates 359 regulons. Genes that are co-expressed: together 
across multiple genetic, environmental and developmental 
conditions can be considered regulons3, and such information 
can facilitate the biological understanding of aberrantly ex-
pressed genes. The regulons contain up to 332 co-expressed 
genes, and include about 12% of human genes. To assess the 
significance of the clustering results, the statistical over-repre-
sentation of GO terms in the regulons was compared to the 
analogous values for 1000 randomly-generated sets of clusters. 
The set of regulons derived from the experimental data scored 
significantly better than any of the randomly-generated sets1. 
Most of the regulons are overrepresented in identifiable pro-
cesses including developmental, metabolic, and regulatory 
functions. In addition, genes of as yet unknown function are as-
signed to most regulons, providing a tool for hypothesis devel-
opment about the roles of these genes. 
 Within the 18637Hu-matrix, Regulon 56 has a high statistical 
over-representation in genes annotated as involved in “neural 
development”1, indicating Regulon 56 might function in this 
process. After using the bioinformatics visualization and analy-
sis software MetaOmGraph (MOG, http://www.metnetdb.org/
MetNet_MetaOmGraph.htm) to filter all 18,637 samples by 
searching the experimental metadata, we identified those sam-
ples that contained one or more of 26 key words related to the 
CNS1. The research description metadata 1,278 samples that 
contain one or more of these words in their experimental meta-
data were in fact derived from the CNS and were retained in the 
dataset (CNS-subset). Interestingly, high expression of genes in 
this regulon across the entire 18637Hu-dataset occurs predom-
inantly in samples from CNS tissues. Indeed our observations 
indicated that Regulon 56 provides a fingerprint by which non-
CNS samples can be distinguished.
 A complementary approach to inform personalized medi-
cine and research on glial cancers, would be to examine tran-
scriptomes of a variety of gliomas in the context of data repre-
senting a wide variety of conditions1 data from the 18637Hu-
matrix, samples were sorted according to their disease classifi-

cation (Figure 1). This led to a number of interesting observa-
tions. For example, the Tweety homolog [TTYH1], a member of 
Regulon 56, has been implicated in glial-CNS signaling8; when 
the 18637Hu-matrix data is sorted by disease-type and the ex-
pression of the genes of Regulon 56 are examined, it can be 
seen that the TTYH1 transcript is very low in samples derived 
from neuroblastomas, pheocytomas, or other tumor types, but 
accumulates highly in gliomas. This difference in TTYH1 ex-
pression in glial brain tumors compared to other types of brain 
tumors and non-CNS tumors leads to the testable hypothesis 
that TTYH1 may play a role or be an indicator of oncogenesis or 
progression of gliomas1. 
 Here, we present three approaches to leverage the context of 
the larger 18637Hu-matrix to investigate differences in gene ex-
pression within and between the samples obtained from the 
CNS, glioblastomas, and astrocytomas. In one approach, the 
overall 18637Hu-matrix is used to identify additional CNS-ex-
pressed genes. In a second approach, we derive a network from 
within the CNS samples in the context of the larger matrix, and 
evaluated the overrepresentation of functional significance of 
regulons calculated from this network relative to that of the reg-
ulons derived from the 18637Hu-matrix.

Figure 1. Expression pattern of genes that are members of Regulon 56 across 
conditions and diseases of  the CNS. The 18637Hu-dataset, and the resulting 
pairwise Pearson correlation matrix,  is comprised of 18,637 human  tissue 
samples and contains data for 22,215 human genes1.  In  the plots, each  line 
represents  the microarray signal  for a gene. The X-axis shows the  individual 
microarray samples;  the Y-axis  represents  the microarray signal. The X-axis 
shows the data from individual microarray samples. Upper panel,  the expres-
sion pattern for the genes of Regulon 56 is plotted for all 18,637 human micro-
array samples, after sorting the samples by their metadata; the samples con-
taining one of 26 key words related to CNS structure and function are on  left 
side of plot (adapted from Equation 1). Lower panel, CNS-related samples. The 
landscape is expanded to show only the 1278 CNS-related samples. The sam-
ples are further classified according to more details within the sample metada-
ta. The sorting and visualization was conducted using  the publicly available 
software, MetaOmGraph  (MOG http://www.metnetdb.org/MetNet_MetaOm-
Graph.htm). 
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 In a third approach, we incorporate the concept of outlier, 
genes that characterize individual subsets of samples from with-
in a general condition or tissue type. The outlier-networks are 
aimed to tease out abnormally expressed genes and the associ-
ated samples. A set of 48 subnetworks of outlier genes are calcu-
lated that belong to two designations of glial cancer: astrocyto-
ma and glioblastoma. As a case study for the outlier concept, we 
investigate the relationships among the genes of a small astrocy-
toma-only subnetwork.

RESULTS AND DISCUSSION

We postulated that the information contained in a global matrix 
could inform the investigation of gene expression among par-
ticular conditions from this matrix. To evaluate this hypothesis 
empirically, we tested the extent to which genes that are highly 
expressed in the CNS could be identified by their co-expression 
relationship to a cluster of genes that we had already identified 
as being preferentially CNS-expressed1 (Regulon 56, Figure 1). 

Figure 2. Using the brain-specific Regulon 56 as a hub within the context of the 18367Hu-matrix correlation network to identify genes that are preferentially ex-
pressed in the CNS. The 18367Hu-matrix is comprised of the pairwise Pearson correlations for 22,215 human genes correlated across 18,637 human tissue sam-
ples1. Upper panel, genes that are connected to a gene from Regulon 56 by one to three edges (Pearson correlation  > 0.7) with another gene in the 18367Hu-ma-
trix. Visualized using Cytoscape (http://www.cytoscape.org/). Nodes, genes; edges, Pearson correlation. Genes are colored according to their regulon membership. 
Middle and lower panels. Each line represents the microarray signal for a gene. The X-axis shows the individual microarray samples; the Y-axis represents the mi-
croarray signal. The X-axis shows the data from individual microarray samples. The data is visualized and sorted by sample metadata using MOG (http://www.met-
netdb.org/MetNet_MetaOmGraph.htm).
Gene expression patterns are shown before (middle panel) and after (bottom panel) sorting the samples by CNS-related metadata. In this case, the sort was made 
for samples whose metadata contained one of 26 key words related to CND structure and function. 
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Figure 2 illustrates the genes that are connected by up to three 
degrees to those of Regulon 56; these genes are highly expressed 
in CNS samples (Figure 2). At up to 5 degrees of connection, 
CNS-preferential expression is still clearly evident (not shown). 
 To compare the quality of the correlations in the smaller CNS 
dataset relative to the overall 18637Hudataset, we used the CNS 
dataset to calculated pairwise Pearson correlations from the 
> 22,000 transcripts measured. The resultant network con-
tained 5706 gene with Pearson correlations > 0.7. We parti-
tioned this network into clusters of highly correlated genes, us-
ing Markov Chain Clustering (MCL; described in Equation1). 
The GO significance of clusters derived from the 1287CNS-da-
taset was less than that for the 18637Hu-dataset (Figure 3). This 

was expected, because with the smaller size of the CNS data, 
correlations would be more sensitive to outliers compared with 
those of a larger dataset. Indeed, systematic empirical studies 
with experimental data of differing sample sizes (Feng and 
Wurtele, unpublished) indicate that the overrepresentation of 
GO terms in clusters decreases with smaller sample size. We 
reasoned that incorporating the difference between the Pearson 
correlations for the CNS-dataset and the 18637Hu-dataset could 
reduce some of the noise, and thus yield more significant (bio-
logically meaningful) clusters; this approach did somewhat in-
creases the degree to which regulons had overrepresented func-
tions, although the overall quality of the regulons derived from 
the CNS dataset was still less than that for the entire 18637Hu-

Figure 3. Genes that are highly correlated within the CNS samples, compared to their correlated across the entire human dataset. Overrepresentation of gene 
function among the regulons is greater in a massive multi-condition dataset than in a subset of the data from CNS samples. The 18367Hu-matrix  is comprised  
of the pairwise Pearson correlations for 22,215 human genes correlated across18,637 human tissue samples1. 1,278 of the samples from the 18637Hu-dataset 
are derived from CNS tissues or cell lines (1278CNS-dataset, see Figure 1). Upper panels: right, regulons are derived from the entire 18,637-sample network; left, 
regulons are derived from the 1,278-sample of CNS tissues and cell lines. To identify these regulons, a pairwise correlation matrix was created from 1278CNS-da-
taset and partitioned by Markov Chain Clustering according to2. The network of genes that are highly correlated within the CNS samples, relative to their correlation 
across the entire human dataset, contains 5,706 nodes and 61,668 edges. Nodes, genes; edges, |Pcorr1278CNS|  > 0.7 and |Diff_Pcorr|  > 0.8, where Diff_Pcorr =
Pcorr1278CNS-Pcorr18637Hu, i.e., Diff_Pcorr is the difference between the Pearson correlations calculated from a pairwise matrix of the 1,278-sample CNS da-
taset versus a pairwise matrix from the entire 18627Hu-dataset. Visualized using Cytoscape (http://www.cytoscape.org/). Lower panel, gene permutation analysis 
based on GO overrepresentation was used to obtain a quality score for each regulon (the lower the GSscore, the higher the network quality). Gray shaded bars, net-
works from the 1278CNS-dataset, edges have been calculated as indicated in the legend. The network (*) incorporating a combination of the Pearson correlation 
(Pcorr  > 7) and the difference of Pearson correlation (Pdiff  > 7) of the two datasets has a slightly higher quality than the networks derived from the Pearson corre-
lation as calculated from the smaller dataset alone. Red bar, GSscore for network derived from the 18637Hu-dataset. Pcorr, Pearson correlation; Pdiff, difference in 
Pearson correlations. 
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dataset. Thus, the 1287CNS-dataset alone is relatively small and, 
although useful, has limitations as an approach to inform hy-
pothesis development about gene functional associations com-
pared to the use of a larger dataset.
 To delineate unique perturbations in gene expression within 
a particular disease condition, in this case glioblastomas or as-
trocytomas, we combined the 18637Hu-dataset network with 
data from the glioblastoma or astrocytoma samples to identify 
genes that are expressed to unusually high levels in only particu-
lar of the samples. To do this, the expression data from the 324 
glioblastoma samples in the 18637Hu-dataset (Figure 1) were 
normalized by MAD and Mean100 and used to calculate pair-
wise Pearson correlations; the resultant matrices are referred to 
as Pcorr.Glio324.Mean100 for normalization using mean 100, 
and PcorrGlio324.MAD for data normalized using a MAD-based 
scale normalization. 18,849 gene-pairs were highly correlated 
(PcorrGlio324 > 0.8.2) among the 324 glioblastoma samples. 
 To quantify the extent to which a gene is abnormally highly 
expressed in only some of the samples (an outlier), we define 
an outlier score (Oscore) for each gene-pair as: 

Oscore = (Pcorr.Glio.Mean100)*[2-(Pcorr18637.Mean100-Pcor-
rGlio324.MAD)]
 (Equation 2)

 Three hundred and fifty five of the highly correlated gene 
pairs (PcorrGlio324 > 0.8.2) are designated as outliers accord-
ing to this criterion. 
 The 185 astrocytoma samples from the 18637Hu-dataset 
were similarly processed to obtain the matrices Pcorr.astro-
ma185.Mean100 and Pcorr.astroma185.MAD. Oscores derived 
from the astrocytoma matrix Pcorr.astroma185.Mean100, iden-
tified 262 highly correlated gene pairs as outliers. 
 An outlier gene is a gene that is aberrantly expressed in only 
some of the samples of a certain condition (e.g., Ahlzheimers), 
and an outlier gene pair is composed of two outlier genes that 
are correlated with each other in that particular condition. 
Groups of correlated outlier genes comprise an outlier-network.
 Taken together, the glioblastoma and astrocytoma outlier 
networks contain a total of 297 nodes (genes) and 621 edges 
(gene pair interactions). Sixty-seven of these outlier genes are 
in common with the 5,706-gene CNS network shown in Figure 
2; presumably due to the smaller size of the data, within-condi-
tion correlations are more sensitive to outliers compared with 
those of a larger dataset. 
 The combined set of outlier-networks for glioblastomas and 
astrocytoma was evaluated to identify the abnormally ex-
pressed genes, and the associated samples, in the context of the 
18637Hu-matrix. In this subnetwork, 48 gene clusters are natu-
rally separated, with 23 gene pairs having 3 or more genes (Fig-
ure 4). Among the 621 edges in this combined network, only 12 

edges are shared by a glioblastoma-outlier-network and an as-
trocytoma-outlier-network. Three hundred and forty-four edg-
es interconnect glioblastoma samples, and 266 edges intercon-
nect astrocytoma samples. 
 When individual outlier-networks are visualized by MOG, 
differences in expression patterns are evident (Figures 5-7). In 
the glioblastoma and astrocytoma samples, outliers are visual-
ized as genes within a cohesive condition that are distinct in 
their high (or low) levels of accumulation. The abnormal ex-
pression attributes of a set of genes in particular samples may 
represent a technical error in sample collection or a mistake in 
tumor diagnosis. Or, they may indicate individual differences 
that reveal characteristics of the tumors. For example, samples 
characterized by outliers may have a germline alteration that 
could be a driving force or a marker of tumor development or 
progression. The functional analysis of the small astrocytoma 
subnetwork is consistent with the concept that molecular phys-
iological alterations such as gene fusion, modification of associ-
ated histones, changes in transcription factors and/or methyla-
tion may have occurred in these particular samples. Thus, these 
data reveal subtypes of astrocytomas and gliomas that may 

Figure 4. Glioblastoma and astrocytoma outlier-networks. Genes whose ex-
pression patterns are unusual in a given context, can be considered “outliers”; 
in this instance, outliers are gene pairs whose behavior is different in glioblas-
tomas or astrocytomas than  in  the correlation matrix created from the 1,278 
samples  from  the CNS  (1278CNS-dataset). Genes  that are differently ex-
pressed within the 324 glioblastoma and/or the 185 astrocytoma samples are 
considered outliers, and could serve  to distinguish sub-sets of  these cancer 
types. There are forty-eight such subnetworks of genes from the glioblastoma-
astrocytoma samples  in relation to  the context network,  the 18627Hu-matrix. 
Nodes, outlier genes; edges, Pcorr324Glio  > 0.82 and Oscore  > 1 (for glio-
blastoma) or Pcorr185Astro  > 0.82 and Oscore  > 0.6 (for astrocytoma). Blue 
edges, glioblastoma-only; cyan edges, astrocytoma-only; red edges, shared by 
both networks. 
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have physiological and/or predictive significance. 
 As a case study, we examine astrocytoma outlier-network A1. 
This cluster is composed of cell adhesion factor (SVEP1), insu-
lin-like growth factor 1 (IGF1), cholinergic receptor (CHRNA3), 
and sperm-associated antigen 6 (SPAG6), all of which are high-
ly expressed in a single sample of anaplastic astrocytoma tumor 
(grade III) and also a sample of juvenile pilocytic astrocytoma. 
CHRNA3 is also highly expressed in about half of the ~130 neu-
roblastoma samples. In separate studies, SVEP1 (REF), CHR-
NA3 (REF), and IGF1 (REF) have been implicated in addiction 
to nicotine or smoking. An SVEP1 allele has been suggested to 
be a predictor of a person’s ability to abstain from smoking9; it is 
also highly expressed in bone cancer and mammary adenocar-
cinoma associated with its metastasis to bone10. CHRNA3 inter-
acts with a nicotinic acetylcholine receptor (nAChR) that depo-
larizes mitral cells (mitral cells are modulatory neurons located 
in the olfactory bulb; nAChR activation suppresses olfactory 
nerve-evoked responses in the mitral cells, resulting in weaker 
signals to the nAChRs being filtered out, but the stronger sig-
nals being transmitted11). In a related study, increasing the ace-
tylcholine concentration in the brain of Alzheimer’s patients 
has been used as a therapeutic strategy to improve cognitive 
function12 a strategy thought to be successful because neural 

Figure 5. An example of an astrocytoma-only-subnetwork. The highly ex-
pressed outliers are only found in astrocytoma samples. Best overrepresented 
GO  terms  (GO  id: 48468): cell development, adjusted p-value  =  0.01  for 
SPAG6, IGF1, CHRNA3; (GO id: 60084): synaptic transmission involved in mic-
turition, adjusted p-value = 0.15 for CHRNA3. 
Upper panel, nodes, outlier genes; edges, Pearson correlation; blue edges, 
glioblastoma-only; cyan edges, astrocytoma-only;  red edges, shared by both 
networks. Visualized using Cytoscape (http://www.cytoscape.org/). Lower panel, 
highly expressed clusters of outliers are found in discreet subsamples of astro-
cytoma, neuroblastoma and cell  line samples. Visualized using MetaOmGraph 
(http://www.metnetdb.org/MetNet_MetaOmGraph.htm). 
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highly expressed in subsets of glioblastoma samples. Best overrepresented GO 
terms:  (GO id: 6659) phosphatidylserine biosynthetic process, adjusted p-val-
ue = 0.04 for PTDS2; (GO id: 1960): negative regulation of cytokine and che-
mokine mediated signaling pathway, adj p-value = 0.04 for SIGIRR. Upper pan-
el, nodes, outlier genes; edges, Pearson correlation; blue edges, glioblastoma-
only; cyan edges, astrocytoma-only; red edges, shared by both networks. Visu-
alized using Cytoscape  (http://www.cytoscape.org/). Lower panel, highly ex-
pressed clusters of outliers are found in discreet subsamples of glioblastoma. 
Visualized using MetaOmGraph  (http://www.metnetdb.org/MetNet_MetaOm-
Graph.htm). 
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glioblastoma-only; cyan edges, astrocytoma-only;  red edges, shared by both 
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highly expressed clusters of outliers are found in discreet subsamples of both 
glioblastoma and astrocytoma sample. Visualized using MetaOmGraph  (http://
www.metnetdb.org/MetNet_MetaOmGraph.htm). 
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nAChRs are involved in brain function13. Nicotine induces in-
crease in IGF1 transcript in neonatal brain, including astrocyc-
tes14. Thus, three of the four genes that are highly expressed in 
specific astrocytoma samples are tied into nicotine. This data 
leads us to formulate a testable hypothesis that genes in the A1 
astrocytoma outlier-network could provide a possible link be-
tween gliomas and nicotine/nicotine addiction. Interestingly, 
this interpretation is consistent with the finding that smoking/
nicotine is associated with glioma; in a study by Silvera15 wom-
en who had smoked in the past, but currently did not smoke, 
had a 51% increased risk of glioma compared to women who 
had never smoked. 
 Associated data will be made available at any time to any 
group upon request, and in the searchable software MOG, 
http://www.metnetdb.org/MetNet_MetaOmGraph.html, upon 
publication.

CONCLUSION 

A unique software and dataset is presented that facilitates eval-
uation of human transcriptomic studies in the context of the 
overall pattern of expression of human genes. The context net-
work is from 18,675 human transcriptomics samples, represent-
ing multiple conditions, genotypes and tissues. We illustrate the 
use of MetaOmGraph as a tool to interactively visualize and an-
alyze such large datasets. As judged by GSscores, the overall 
quality of the regulons derived from the subset of those experi-
ments that involve the CNS was lower than that derived from 
the larger dataset, even when CNS samples were evaluated us-
ing the context network; however, the quality of many regulons 
involving genes already annotated as being involved in CNS 
processes is higher. Genes whose expression characterized par-
ticular samples within conditions and diseases could be identi-
fied using the context network and the data from individual 
conditions to calculate outlier networks and to develop hypoth-
eses about potential physiologiucal or predictive significance  
of gene clusters. A case study of glioblastoma and astrocytoma 
subnetworks provides an example of the use of these tools in 
development of hypotheses in relation to glioma biology.

METHODS

Sample selection and correlation analysis 
The 18637Hu-dataset and the gene-by-gene pairwise matrix 
derived from it1 was used as the basis for this evaluation. 1,278 
CNS samples, 324 glioblastoma samples, and 185 astrocytoma 
samples were identified from the overall the 18637Hu-dataset 
using the visualization and analysis software for multiple-sam-
ple data, MetaOmGraph (MOG, http://www.metnetdb.org/
MetNet_MetaOmGraph.htm)16. The raw transcriptomics data 

representing each sample set were normalized by two types of 
data normalization: MAD and Mean100 (see Equation 1, for 
details). These data were used to calculate pairwise Pearson 
correlations within this dataset according to:                                                     

(Equation 1) 

 The matrix of glioblastoma samples is referred to as Pcorr.
Glio324.Mean100 for data normalized using mean 100, and 
PcorrGlio324.MAD for data normalized using a MAD-based 
scale normalization, and for astrocytoma data Pcorr.astroma185.
MAD and Pcorr.astroma185.Mean100. A set of regulons was 
derived from the 1,278 CNS samples according to Equation 1.

Selection of outliers
Two selection criteria were used to identify genes that represent 
gliocytoma outliers. A set of Pearson correlation coefficients 
was determined for the subset of samples used in this analysis. 
Selection Criterion 1: PcorrGlio324 >  0.8.2 (Pcorr is chosen ac-
cording to sample size); this method identifies 18,849 gene-
pairs with a Pearson correlation greater than 0.82. Selection 
Criterion 2: Only gene pairs with outlier scores (Oscore) of > 1 
were selected.
The Oscore is calculated as:

(Pcorr.Glio.Mean100)*[2-(Pcorr18637.Mean100-PcorrGlio324.
MAD)]
    (Equation 2)

 Similarly, using Pcorr.astroma185 >  0.8.2, the Oscore for as-
trocytoma is defined as:

(Pcorr.astroma185.Mean100)*[2-(Pcorr18637.Mean100-Pcorr.
astroma185.MAD)]
 (Equation 3)

 Pcorr18637.Mean100 represents the Pearson correlations of 
gene-pairs calculated using Mean100 normalized 18637Hu- 
dataset. The criteria for selecting gene-interactions of outlier-
network of glioblastoma are set as: Pcorr.glioma324.Mean100 
> 0.82 and Oscore. glioma > 1. Similarly, the criteria for astro-
cytoma are set as: Pcorr.astroma185.Mean100 > 0.70 and Os-
core.astroma > 0.6. Gene permutation analysis (according to 
Equation 1) was used to identify the functional overrepresenta-
tion for each of the resultant regulons.
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