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Reverse engineering approaches to constructing gene regulatory networks (GRNs) based on genome-wide mRNA
expression data have led to significant biological findings, such as the discovery of novel drug targets. However, the
reliability of the reconstructed GRNs needs to be improved. Here, we propose an ensemble-based network aggregation
approach to improving the accuracy of network topologies constructed from mRNA expression data. To evaluate the
performances of different approaches, we created dozens of simulated networks from combinations of gene-set sizes and
sample sizes and also tested our methods on three Escherichia coli datasets. We demonstrate that the ensemble-based
network aggregation approach can be used to effectively integrate GRNs constructed from different studies — producing
more accurate networks. We also apply this approach to building a network from epithelial mesenchymal transition (EMT)
signature microarray data and identify hub genes that might be potential drug targets. The R code used to perform all of
the analyses is available in an R package entitled “ENA”, accessible on CRAN (http://cran.r-project.org/web/packages/ENA/).
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Introduction

With the advent of high-throughput technologies such as
microarrays, next generation sequencing, and other state-of-the-
art techniques, huge datasets have been generated in a variety of
contexts (e.g., cancer and aging) in order to identify novel
biomarkers and drug targets [1]. However, the utility and
interpretation of those collected data remains challenging and
needs to be improved. Recently, reconstructions of gene regulatory
networks (GRNs) from high-throughput data have been widely
used to identify novel drug targets or therapeutic compounds [1—
4]. GRNs provide new information regarding gene-gene interac-
tions and how they work in networks to regulate cellular functions,
allowing for a systematic understanding of the molecular and
cellular mechanisms underlying specific biological functions and
processes [5-10]. For GRNs in particular, genes that have many
interactions with other genes (called “hub genes”) are likely to be
“drivers” of disease status, based on their GRN regulatory roles.
An analysis of hub genes is thus a promising approach for
identifying key tumorigenic genes for both basic and clinical
research [11-15].

Although accurate reconstruction of GRNs has proven valuable
to a myriad of areas throughout biomedical research, the method
remains only moderately satisfactory [7-10]. Researchers have
previously used approaches such as Bayesian Network- [16,17],
Correlation- [18], and Partial-Correlation-based ~approaches
[19,20], all of which have demonstrated various strengths and
weaknesses under different biological/simulation settings, with no
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one method excelling under all conditions [21]. Additionally,
leveraging gene expression data from multiple datasets to construct
gene networks is often difficult, due to discrepancies in microarray
platform selection as well as in normalization and data processing
techniques [22-24]. In this study, we propose an Ensemble-based
Network Aggregation (ENA) approach to integrate gene networks
derived from different methods and datasets, to improve the
accuracy of network inference.

For the construction of our ENA, we used a non-parametric,
mverse-rank-product method to combine networks reconstructed
from the same set of genes. The rank-product method, introduced
by Breitling et al [21,25,26], is effective for detecting differentially
expressed genes in microarray studies. Because the rank-product
method is both powerful and computationally efficient, it has now
been extended for use in other fields, such as RNA1 screening [27]
and proteomics [28]. Additionally, this method can be directly
related to linear rank statistics [29]. In this study, we show three
ways to leverage this approach to generate ensemble-based
networks: 1) samples in a dataset can be ‘“bootstrapped” to
reconstruct multiple networks out of a single original dataset using
a single reconstruction method, which can then be aggregated into
a more accurate and reproducible network; 2) networks produced
by various reconstruction methods can be aggregated into a single
network that is more accurate than the network provided by any
individual method; and 3) networks reconstructed from different
studies that contain the same genes can be combined into a single,
more accurate network, despite differences in platforms or
normalization techniques. Because this approach requires few
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resources, it can be applied efficiently to dozens or hundreds of
networks reconstructed on the same set of genes. We show here
that this approach has the ability to improve the accuracy of GRN
reconstruction in all three of the above-described applications,
based on simulated gene expression data as well as on Escherichia
coli (E. coli) datasets [30-33].

An important application of network reconstruction is to
identify hub genes in a network that might be biologically and
pharmaceutically interesting. When we applied ENA to micro-
array data that was previously used to delineate an epithelial-
mesenchymal transition (EMT) signature [34], we built a network
for the identification of hub genes that had been experimentally
validated to be EMT-relevant, thus representing potential drug
targets. Though our demonstration is focused on microarray data
for consistency purposes, ENA should be easily implemented in
the analysis pipeline of next-generation sequencing (NGS) data,
such as RNA-Seq. Cutting-edge technology enables the simulta-
neous measurement of millions of cellular data points and sheds
light on a brand-new pattern in drug discovery, where medication
is viewed in the context of pathways and networks rather than
individual proteins or genes [1]. In the near future, in combination
with patient-specific genomic profile and drug-target interaction
knowledge, GRNs could be used to facilitate both the prediction
and treatment of personalized therapy [2].

Materials and Methods

Overview of the inverse-rank-product network
aggregation approach

Reconstructed gene networks are often returned as a weighted
undirected graph G=(N,Q), where G is a reconstructed graph,
N={l1,...,n} is the set of vertices (genes) in the graph, and
Q=[w;] ijen 18 referred to as the adjacency matrix, in which w
represents the confidence score of the interaction between genes i
and j. A larger (absolute) value of w; indicates a stronger
interaction or higher confidence in the edge between genes i and j,
while @; =0 indicates no interaction or conditional independence
between genes i and j. Some techniques, such as Sparse PArtial
Correlation Estimation (SPACE) [19], return a sparse matrix in
which many of the possible interactions are 0; other techniques
return complete graphs in which all edges are assigned non-zero
weightings. Additionally, the distribution of w; can vary drastically
among reconstruction techniques. For this reason, aggregating
networks that were reconstructed using different techniques or
different datasets is challenging. However, the rank-based method
offers a non-parametric approach that does not depend on the
actual distribution of scores of edges derived from different
methods [35]. In this study, we used a rank-product method to
combine networks to overcome the problem of different distribu-
tions observed in this approach.

Specifically, suppose G={G*} is a set of networks constructed
on the same set of genes N, wherek={1,...,K} is the index of a
particular network. For each single network G¥=(N,Q), we

calculate 7%, the rank of (uf}'- for {i,jeN and i<j}. Since the

i
adjacency matrix Q of an undirected graph is symmetric, we only
need to calculate the rank of the N % (N —1)/2 elements in wy,
constituting the lower triangle (i<<j) of Q. In this study, we assign
the lower rank to the higher confidence interaction. For example,
the interaction with the highest confidence will have rank 1. This
operation is performed on each individual graph G* indepen-
dently. After the rank of rf; has been computed for each network

GF, we calculate the rank of a particular edge between genes i and
j in the aggregated network by taking the product of the ranks of
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K
the same edge across all networks in G, according to: 7 = kH rf}
=1

This function is iterated over all possible edges to construct the
aggregated network G=(N JFjj), in which the confidence scores of
the edges in the new network are based on the aforementioned
rank-product calculation.

This algorithm can be efficiently applied to large networks with
many reconstructed networks in G. The complexity of the
NI = IN|

algorithm is that O(K:|N|log(|N|)), 3

=O(N?)

elements must be sorted for each network in G*.

Three applications of our ENA approach

The initial application was to leverage the rank-product method
to “bootstrap” samples. Each time, we constructed the gene
network using a randomly selected subset of the available samples.
By repeating this process B times, we created a set G consisting of
B graphs, each reconstructed using only randomly selected
bootstrap samples in the dataset. For example, here is the
procedure to generate the bootstrapping network from a
microarray dataset designated MD:

MD'-G' ={N.Q"}>rl (for 1<i<j<n)
Bootstra ~
MD #') : : : — RankProduct—-G
MDB—GP={N Q%)% (for 1<i<j<n) 7

Of course, this bootstrapping procedure inflates the computa-
tional complexity of GRN reconstruction by several orders of
magnitude, as GRNs must be reconstructed B times rather than
just once. Because each graph in G can be reconstructed
independently, it is possible to take advantage of the “paralleliz-
ability” of these simulations by utilizing multiple cores or
computers, as we discuss below. Note also that the complexity of
GRN reconstruction does scale on the order of samples included,
so that each permuted GRN can be constructed slightly more
quickly than a single global GRN. For the reconstruction
techniques employed in this study, however, the performance
did not vary greatly based on the number of samples included.

The second application of the rank-product network merging
method was to reconstruct an aggregated GRN, based on the
output of multiple different reconstruction techniques. We have
observed that reconstruction techniques perform differently based
on different simulation settings [21], with no one method
outperforming the others on all metrics. Thus, we were interested
to see whether or not merging these GRNs would improve
performance. In this application, the set of graphs Gconsist of one
graph per network reconstruction technique employed. In our
analysis, we leveraged GeneNet [20], Weighted Correlation
Network Analysis (WGCNA) [18], and SPACE, creating a set of
three graphs which could then be aggregated. GeneNet and
SPACE are partial-correlation-based inference algorithms. Gene-
Net uses the Moore-Penrose pseudoinverse [36] and bootstrapping
to estimate the concentration matrix. The SPACE algorithm
creates a regression problem when trying to estimate the
concentration matrix and then optimizes the results with a
symmetric constraint and an L1 penalization, while WGCNA is
a correlation-based approach that can identify sub-networks using
hierarchical clustering. Conceptually, the aggregated graph should
place higher confidence on those edges that consistently rank
highly across the three methods and lower confidence on those
edges that ranked highly in only one graph. The following
procedure is used to derive the ensemble network, based on M
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different methods within the same dataset MD:

method
T G ={N.Q' o) (for 1<i<j<n)
MD : : : - RankProduct—>G
method M

. v
—— GM={NQY} >l (for 1 <i<j<n)

The final application evaluated in this study was in the merging
of networks constructed from different datasets. Historically, gene
expression datasets have been collected from various sites on
different microarray platforms with different procedures for tissue
collection, which creates incompatibilities and difficulties when
performing analyses on data from different datasets simultaneous-
ly. Because the rank-product method makes no assumptions about
the distribution of the data at any point, we employ it to combine
GRNs produced from different datasets, yielding a single
aggregated GRN which aims to capture the consistencies in
network topology from the GRNs produced on different datasets.
We thus derive the aggregated network from datasets MD',
MD?.... MD® as follows:

MD' -

G'={NQ'} - rl(forl<i<j<n)

: : : — RankProduct—>G
MDP - GP={NQ"} - rP(forl<i<j<n)”

Software

The code used to bootstrap samples and aggregate the resultant
networks was written in the R programming language. We created
an R Package entitled “ENA” and made it available on CRAN
(http://cran.r-project.org/web/packages/ ENA/index.html), from
which the compiled binaries, as well as all original source code, are
also available for download.

Because of the parallelization opportunities in this algorithm, we
ensured that our software would be able to distribute the
bootstrapping process across multiple cores and multiple nodes
using MPI [37]. Thus, if 150 CPU cores were available
simultaneously, a bootstrapping of 150 samples could run in
approximately the same amount of wall-clock time as a single
reconstruction using all the samples. The ENA package includes
robust documentation and (optionally) leverages the RMPI
package to allow for parallel execution of the bootstrapping
simulations, where such a computational infrastructure is avail-
able.

Additionally, we leveraged the Git revision control system via
GitHub (http://github.com) to control not only the R code
developed for the ENA package, but also all code, reports, and
data used in the aforementioned simulations and reconstruction
techniques; all of this code is freely available at https://github.
com/QBRC/ENA-Research. All the data analysis code used to
generate the results in this study was compiled into a single report
and can be reproduced easily using the knitr R package [38,39].
Due to the computational complexity involved in reconstructing
this quantity of gene regulatory networks, the execution may take
some time to analyze larger networks if the process is not
distributed across a large computing cluster.

Reproducibility

Our analysis code and results were structured in reproducible
reports, which are publicly available at https://github.com/
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QBRC/ENA-Research. The results in this study can be regener-
ated by a simple mouse click to make everything transparent to
researchers.

Results

Simulation

We first tested the ENA methods on a wide array of simulated
datasets. We simulated the gene expression datasets based on
previously observed protein-protein interaction networks [40,41]
from the human protein reference database (HPRD), while the
expression data were simulated from conditional normal distribu-
tions [42]. We extracted five different network sizes in an
approximately scale-free topology: 17 genes with 20 connections,
44 genes with 57 connections, 83 genes with 114 connections, 231
genes with 311 connections, or 612 genes with 911 connections by
varying the number of publications required for each connection.
For example, if we required each connection to be supported by at
least 7 publications (the most reliable connections), it resulted in a
very small network with 17 connections; while if we required each
connection to be supported by at least 3 publications, it led to a
very large network with 911 connections. For each network size,
we simulated datasets with differing numbers of samples (micro-
arrays): 20, 50, 100, 200, 500, and 1,000. Finally, we varied the
noise by setting the standard deviation of the expression values to
0.25, 0.5, 1.0, or 1.5. In total, we generated 120 datasets to cover
all possible arrangements of the above variables.

To test the effect of integrating networks derived from different
datasets, we generated three different datasets of 200 samples each
from the 231-gene networks with noise values (standard deviation
of the distribution of gene expression) of 0.25, 1, and 2. We used
the methods described above to reconstruct three networks (one
from each dataset) and then aggregated those networks. For
comparison, we also combined all three datasets into a single
dataset containing these 600 samples and then reconstructed a
single network from this larger dataset.

The performance of methods in this setting can be represented
by a Receiver Operating Characteristic (ROC) Curve, which plots
the True Positive Rate against the False Positive Rate, demon-
strating the performance of the method at all relevant edge
confidence score thresholds. The performance of a method can be
quantified by calculating the Area Under the ROC Curve (AUC).
The greater the AUC, the better the performance of the method
represented. A perfect reconstruction would have an AUC of 1,
while a random guess would obtain an AUC of 0.5. An alternative
approach to evaluating gene regulatory network reconstruction is
the Area Under the Precision Recall curve (AUPR). In a precision
recall curve, recall (also known as sensitivity) is plotted against
precision (positive predictive value).

ENA of bootstrapping samples

We found that bootstrapping samples can increase the accuracy
of network inference. In our study, we randomly selected 70% of
all samples and rebuilt networks and repeated the abovementioned
process more than 100 times for each dataset to get the
bootstrapping results. For example, the networks reconstructed
from the dataset on the 231-gene network with a noise value of
0.25 can be compared to demonstrate variations in performance
(Figures 1 and 2).

Figure 1 (left) shows that by bootstrapping samples using the
SPACE algorithm, the AUC of the reconstructed network can
improve from 0.748 to 0.816. In order to evaluate the precision of
ENA, we also plotted the Precision-Recall Curve (Figure 1, right);
the area under the precision-recall curve improved from 0.249 to
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Figure 1. Receiver Operating Characteristic (ROC) curves and the Precision Recall Curve both demonstrate the performance of the
SPACE algorithm on the 231-gene network with 20 samples and a noise value of 0.25 when performing a single iteration (i.e., “‘non-
bootstrapped”) or bootstrapping the dataset using the Ensemble Network Aggregation approach. In this case, the Area Under the ROC
Curve (AUQ) of the non-bootstrapped SPACE method was 0.748, while that of the bootstrapped SPACE method was 0.816. The Area Under the
Precision-Recall (AUPR) curve also improves from 0.249 (SPACE) to 0.273 (bootstrapping).

doi:10.1371/journal.pone.0106319.g001

0.273. Figure 2 shows the degree of AUC improvement with each
iteration of bootstrapping in SPACE, WGCNA and GeneNet with
sample sizes of 20, 50 and 100 (left, middle and right panels). As
shown in this figure, the bootstrapping method increases the
performance of SPACE substantially, improves GeneNet slightly
(when the number of microarrays is small), but does not noticeably
mmprove the performance of WGCNA. The AUC improvements
for different sample sizes and different network sizes are plotted in
Figures S1-S4 in File S1. From these figures, we can see that
SPACE benefits from bootstrapping in 80% of all simulated
networks and in 89% of “large” network simulations. Figure 3
shows the average performance increase achieved by bootstrap-
ping SPACE on different network sizes. The improvement
increases as the network size increases. Based on this evidence,
we suggest employing the bootstrapping approach when using the
SPACE algorithm, but not when using the others evaluated in this
study.

ENA of different methods

Aside from optimizing individual reconstruction techniques, we
found that combining different network reconstruction techniques
that were executed on the same dataset also has the power to
significantly improve the accuracy of the reconstructed networks.
Using the dataset from the 83-gene network with 200 samples and
a noise value of 0.25, we evaluated the comparative performance
of each reconstruction technique, as well as that of the aggregated
network. Figure 4 shows that the aggregated network outper-
formed all of the individual constituent reconstruction techniques.

We also observed this trend to hold true across most of the
datasets (Figure S5 and Figure S6 in File S1) that we tested: the
aggregated method typically outperformed any single reconstruc-
tion technique. This is especially beneficial in scenarios in which
the top-performing individual network reconstruction technique
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may vary based on the context, e.g., some methods perform well
on larger networks, while others excel in datasets containing few
samples. Thus, to have an aggregation technique that consistently
outperforms or matches the best performing individual method
eliminates the need to choose a single reconstruction technique
based on the context.

In addition, we compared our method with the method used in
Marbach et al. The result (Figure S8 in File S1) indicates the
proposed ENA method performs better in the simulation settings.

ENA of different datasets

Finally, we found the ENA approach to work very well when
attempting to integrate various datasets, especially among
heterogeneous datasets containing different distributions of
expression data. After generating three datasets from the 231-
gene network, each with 200 samples and noise values of 0.25, 1,
and 2, we reconstructed each network using bootstrapped SPACE,
GeneNet, and WGCNA, and then aggregated the resultant
networks into a single network for each of the three datasets.
We then used the ENA approach to consolidate these three
networks into a single network representing the underlying
network behind the three distinct datasets. We also compared
this approach to the alternative of simply merging all three
datasets into a single 600-sample dataset and using the same
approach to reconstruct a single network. As shown in Figure 5,
the proposed ENA approach outperformed the alternative
approach of simply combining the expression data into a single
dataset. Reconstructing on each dataset independently produced
AUCs of 0.96, 0.96, and 0.89 from noise values of 0.25, 1, and 2,
respectively. “Naively” merging the datasets by combining them
into one large dataset yielded an AUC of 0.96. The network
aggregation approach, however, yielded the best performance,
with an AUC of 0.98.
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Figure 2. Comparison of the Area Under the Curves (AUCs) of the re-constructed networks from the 231-gene network with a noise
value of 0.25 and different sample sizes (20, 50 or 100) for SPACE (a.), GeneNet (b.), and WGCNA (c.). In these plots, the y-axis shows the
performance of the reconstructed network, measured by the AUCs; a horizontal line is drawn to represent the AUC of the non-bootstrapped
reconstruction (a single reconstruction using all available samples). The x-axis represents the number of iterations in the bootstrapping process.
Points below the horizontal line represent a loss in accuracy of the reconstructed networks, and points above the horizontal line represent a gain of

AUC (i.e., an increase in model performance).
doi:10.1371/journal.pone.0106319.g002

Evaluating ENA approach in E. coli datasets

We then tested the ENA approach on three Escherichia coli (E.
coli) datasets: 1) the Many Microbe Microarrays Database
(“M3D”) [30] containing 907 microarrays measured under 466
experimental conditions using Affymetrix GeneChip E. coli
Genome arrays; 2) the second dataset (“Str”) of expression data
from laboratory evolution of E. coli on lactate or glycerol
(GSE33147) [31], which contains 96 microarrays measured under
laboratory adaptive evolution experiments using Affymetrix E. coli
Antisense Genome Arrays; and 3) the third dataset [32,33] (“BC”)
containing 217 arrays measuring the transcriptional response of E.
coli to different perturbations and stresses, such as drug treatments,
UV treatments and heat shock. The RegulonDB database [43,44],
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which contains the largest and best-known information on
transcriptional regulation in E. coli, was thus used as a “gold
standard” to evaluate the accuracy of the variously constructed
networks.

We were able to obtain similarly positive results by employing
these approaches on the E. coli data (Figure 6). Bootstrapping and
aggregating the three methods on each dataset independently
produced AUCs of 0.574, 0.616, and 0.599 for the BC, Str, and
MD3 datasets respectively. By merging the three networks
produced on each dataset using ENA, we were able to produce
a network with an AUC of 0.655, larger than the AUC of any
network produced by any of the datasets independently. Because
the performance of ENA in the real dataset was evaluated based
on our current biological knowledge, which may only be a partial
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doi:10.1371/journal.pone.0106319.g003

truth, the overall network reconstruction accuracy observed in the
real dataset was much lower than those in the simulated datasets,
where the full truth was known. On the other hand, simulated data
might also partially reflect the true situation by simplifying aspects
of an over-complicated biological process. However, the ENA
approach consistently improved the network reconstruction
accuracy in both simulated and real datasets.

Network reconstruction via ENA to identify potential

drug targets

Network reconstruction of gene expression data helps identify
hub genes that might be novel drug targets because of their role in
engaging multiple molecules, a process that has been used to
identify gene sets predictive of benefit for adjuvant chemotherapy
in non-small-cell lung cancer [13]. Here we applied ENA to a
dataset consisting of 76 genes from 54 non-small-cell lung cancer
(NSCLC) cell lines that were previously identified to comprise an
epithelial-mesenchymal transition (EMT) “signature” for NSCLC
[34]. This signature consisted of genes whose expressions were
either positively or negatively correlated with at least 1 of 4
putative EMT markers, including E-cadherin (CDHI), vimentin
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(VIM), N-cadherin (CDH2) and/or fibronectin 1 (FNI), and
followed a bimodal distribution pattern across the cell lines [34].

Opverall, we attempted to identify hub genes clinically interesting
for NSCLC treatment. We thus employed multiple methods to
build GRN networks and combined them via ENA. As shown in
Figure 7, we identified three major nodes. Of these, ZEBI, which
had the highest degree in the resulting ENA network, is a well-
known EMT activator and tumor promoter that represses
stemness-inhibiting microRNAs [45] and mediates the loss of E-
cadherin expression to allow cell detachment [46]. MARVELD3 is
known as a tight junction molecule and has been shown to be
downregulated during Snail-induced EMT [47]. Finally, EPHAI,
the first member of the erythropoietin-producing hepatocellular
(Eph) family of receptor tyrosine kinases, was recently shown to
potentially play a role in carcinogenesis and the progression of
several cancer types [48]. EPHAI is also frequently mutated in
NSCLC patients, along with other known “driver” mutations
[49].

Discussion

The ability to aggregate networks using the rank-product
merging approach has proven to be a valuable contribution in
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reconstructing gene regulatory networks — and likely in other
fields, as well. By bootstrapping a single dataset using a single
approach such as SPACE, we were able to significantly improve
the performance of the algorithm. By aggregating the networks
produced by different reconstruction techniques on a single
dataset, we were able to consistently match or outperform the
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Figure 5. The ROC curves of different approaches to recon-
struct the gene network based on three simulated datasets.
The ENA approach outperformed the alternative approach of simply
combining the expression into a single dataset and individual network
with increasing noise of 0.25, 1, and 2. AUCs of all five approaches are
0.98, 0.96, 0.96, 0.96, and 0.89 respectively.
doi:10.1371/journal.pone.0106319.g005
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best-performing technique for that dataset, regardless of fluctua-
tions in the performance of any one algorithm. By aggregating
networks constructed independently on different datasets captur-
ing similar biological environments, we were able to reconstruct
the network more accurately than would be possible using any one
dataset alone. So far, the study of integration of gene regulatory
networks has been continuously advancing. Both Marbach D. et
al. 2012 [50] and Hase T. et al. 2013 [51] have devised methods
for integrating gene regulatory networks. The former is based on
integration through rescoring gene-gene interaction according to
average ranks across multiple methods, while the latter is focused
on combining the confidence of each gene-gene interaction by
multiple algorithms through leveraging the diversity of the
different techniques. ENA is able to integrate networks from
multiple algorithms. In addition, ENA performs bootstrapping
within single dataset and also takes advantage of integrating
multiple datasets to improve the performance. In this study, we
showed that when integrating bootstrapped samples, different
algorithms and data sets could achieve the best performance
(Figure 6).

It is likely that SPACE was the only method to show consistent
and significant improvement from bootstrapping because the
SPACE algorithm models gene regulation using linear regression;
as a result, the network construction problem is converted to a
straightforward variable selection problem. In SPACE, the
variable selection problem 1is solved by sparse regression
techniques with a symmetric constraint. By solving all the
regression models simultaneously, SPACE attempts to accrue the
globally optimized results. However, due to the instability in
variable selection [52] caused by collinearity in the data, the
networks constructed by SPACE are sensitive to sampling. A small
change in the samples selected may lead to a relatively large
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change in the network structure. As a result, the networks
constructed from bootstrapping samples are relatively “indepen-
dent”, which leads to greater accuracy in the aggregated network.

As a sample application, we applied our approach to an EMT
signature data set, successfully building a gene regulatory network
and identifying hub genes with interesting therapeutic and
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Figure 7. Network reconstruction (based on a previous epithelial-to-mesenchymal transition gene signature) [34] via ENA identifies
potential drug targets for non-small-cell lung cancer (NSCLC). Microarray data from 54 NSCLC cell lines were analyzed using four different
methods and the results integrated via ENA. Identified hub genes ZEB1, MARVELD3 and EPHAT have interesting clinical implications as novel drug
targets. Node color and size are proportional to the degree of connectivity (i.e., the number of edges connecting each node).
doi:10.1371/journal.pone.0106319.g007
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pharmacological implications (Figure 7). Our discovery has also
been experimentally validated in previous literature. Ingenuity
Pathway Analysis (IPA) (http://www.ingenuity.com/products/
ipa) is a pathway and network database based on curated
literatures. When we used IPA to analyze our data, ZEBI was
identified as a hub gene, which confirmed our discovery using the
ENA approach. Additionally, predicted interactions such as the
CDH1-CDH3 interaction and the CLDN4-GRHL2 interaction
were also confirmed (Figure S7 in File S1). While here we showed
results only from microarray data analyses, ENA can also be
conveniently applied to next-generation sequencing techniques
such as RNA-Seq. Thus, combining individualized genomic
profiles with the reconstruction of gene regulatory networks might
facilitate personalized therapy (possibly using “hub genes” as
therapeutic targets).

To make ENA implementation user-friendly for the biological
research community, we provide a publically available R package
to allow others to use these techniques on their own datasets. By
leveraging the MPI framework, we were able to run the
bootstrapping process in parallel across many cores and nodes,
drastically reducing the amount of time it takes to run such
analyses. We include in this package a function that can permute
random networks and perform ENA in order to better estimate the
significance of any particular connection observed in a network.
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This function can be used to reduce a continuous, complete graph
to an unweighted graph that includes only statistically significant
edges.

Finally, we went to great lengths to ensure that all of our
analysis would be as reproducible as possible by collating our
analysis code into reproducible reports — most of which can be
regenerated at the click of a button — and making all of these freely
available online at https://github.com/QBRC/ENA-Research.
We feel that this transparency is an important but uncommon step
in the scientific process and hope that other researchers may begin
incorporating such practices into their own investigations to foster
more open, collaborative research.

Supporting Information

File S1 Supplementary Figures (Figure S1-S8).
DOCX)

Author Contributions

Conceived and designed the experiments: JA RZ GX YX. Performed the
experiments: RZ JA GX YX. Analyzed the data: RZ JA GX YX.
Contributed reagents/materials/analysis tools: JA RZ GX YX. Wrote the
paper: RZ JA GX YX.

20. Schifer J, Strimmer K (2005) An empirical Bayes approach to inferring large-
scale gene association networks. Bioinformatics 21: 754-764.

21. Allen JD, Xie Y, Chen M, Girard L, Xiao G (2012) Comparing statistical
methods for constructing large scale gene networks. PLoS One 7: €29348.

22. Allen JD, Wang S, Chen M, Girard L, Minna JD, et al. (2012) Probe mapping
across multiple microarray platforms. Brief Bioinform 13: 547-554.

23. Liu J, Huang J, Ma S (2013) Incorporating network structure in integrative
analysis of cancer prognosis data. Genet Epidemiol 37: 173-183.

24. Ma S, Huang J, Song X (2011) Integrative analysis and variable selection with
multiple high-dimensional data sets. Biostatistics 12: 763-775.

25. Breitling R, Armengaud P, Amtmann A, Herzyk P (2004) Rank products: a
simple, yet powerful, new method to detect differentially regulated genes in
replicated microarray experiments. FEBS Lett 573: 83-92.

26. Breitling R, Herzyk P (2005) Rank-based methods as a non-parametric
alternative of the T-statistic for the analysis of biological microarray data.
J Bioinform Comput Biol 3: 1171-1189.

27. Birmingham A, Selfors LM, Forster T, Wrobel D, Kennedy CJ, et al. (2009)
Statistical methods for analysis of high-throughput RNA interference screens.
Nat Methods 6: 569-575.

28. Wiederhold E, Gandhi T, Permentier HP, Breitling R, Poolman B, et al. (2009)
The yeast vacuolar membrane proteome. Mol Cell Proteomics 8: 380-392.

29. Koziol JA (2010) Comments on the rank product method for analyzing
replicated experiments. FEBS Lett 584: 941-944.

30. Faith JJ, Driscoll ME, Fusaro VA, Cosgrove EJ, Hayete B, et al. (2008) Many
Microbe Microarrays Database: uniformly normalized Affymetrix compendia
with structured experimental metadata. Nucleic Acids Res 36: 866-870.

31. Fong SS, Joyce AR, Palsson BO (2005) Parallel adaptive evolution cultures of
Escherichia coli lead to convergent growth phenotypes with different gene
expression states. Genome Res 15: 1365-1372.

32. Sangurdekar DP, Srienc F, Khodursky AB (2006) A classification based
framework for quantitative description of large-scale microarray data. Genome
Biol 7.

33. Xiao G, Wang X, Khodursky AB (2011) Modeling Three-Dimensional
Chromosome Structures Using Gene Expression Data. ] Am Stat Assoc 106:
61-72.

34. Byers LA, Diao L, Wang J, Saintigny P, Girard L, et al. (2013) An epithelial-
mesenchymal transition gene signature predicts resistance to EGFR and PI3K
inhibitors and identifies Axl as a therapeutic target for overcoming EGFR
inhibitor resistance. Clin Cancer Res 19: 279-290.

35. Lim J, Lee S, Choi H (2006) Information loss from censoring in rank-based
procedures. Statistics & Probability Letters 76: 1705-1713.

36. Penrose R (1954) A Generalized Inverse for Matrices; 1954. pp. 406-413.

37. Gabriel E, Fagg GE, Bosilca G, Angskun T, Dongarra JJ, et al. (2004) Open
MPI: Goals, Concept, and Design of a Next Generation MPI Implementation.
Proceedings, 11th European PVM/MPI Users’ Group Meeting. Budapest,
Hungary. pp. 97-104.

38. Xie Y (2013) knitr: A Comprehensive Tool for Reproducible Research in R. In:
Stodden V, Leisch F, Peng D, editors. Implementing Reproducible Computa-
tional Research: Chapman and Hall/CRC.

November 2014 | Volume 9 | Issue 11 | e106319


http://www.ingenuity.com/products/ipa
http://www.ingenuity.com/products/ipa
https://github.com/QBRC/ENA-Research

39.
40.

41.

42.

43.

44.

Xie Y (2013) Dynamic Documents with R and knitr: Chapman and Hall/CRC.
Mishra GR, Suresh M, Kumaran K, Kannabiran N, Suresh S, et al. (2006)
Human protein reference database—2006 update. Nucleic Acids Res 34: 411—
414.

Peri S, Navarro JD, Kristiansen TZ, Amanchy R, Surendranath V, et al. (2004)
Human protein reference database as a discovery resource for proteomics.
Nucleic Acids Research 32: D497-D501.

Pan W, Lin J, Le CT (2002) How many replicates of arrays are required to
detect gene expression changes in microarray experiments? A mixture model
approach. Genome Biol 3.

Gama-Castro S, Salgado H, Peralta-Gil M, Santos-Zavaleta A, Muiiiz-Rascado
L, et al. (2011) RegulonDB version 7.0: transcriptional regulation of Escherichia
coli K-12 integrated within genetic sensory response units (Gensor Units).
Nucleic Acids Res 39: 98-9105.

Salgado H, Martinez-Flores I, Lopez-Fuentes A, Garcia-Sotelo JS, Porron-
Sotelo L, et al. (2012) Extracting regulatory networks of Escherichia coli from
RegulonDB. Methods Mol Biol 804: 179-195.

. Wellner U, Schubert J, Burk UC, Schmalhofer O, Zhu F, et al. (2009) The

EMT-activator ZEB1 promotes tumorigenicity by repressing stemness-inhibiting
microRNAs. Nat Cell Biol 11: 1487-1495.

PLOS ONE | www.plosone.org

10

46.

47.

48.

49.

50.

52.

Ensemble-Based Network Aggregation

Schmalhofer O, Brabletz S, Brabletz T (2009) E-cadherin, beta-catenin, and
ZEB] in malignant progression of cancer. Cancer Metastasis Rev 28: 151-166.
Kojima T, Sawada N (2012) Regulation of tight junctions in human normal
pancreatic duct epithelial cells and cancer cells. Ann N'Y Acad Sci 1257: 85-92.
Peng L, Wang H, Dong Y, Ma J, Wen J, et al. (2013) Increased expression of
EphA1 protein in prostate cancers correlates with high Gleason score. Int J Clin
Exp Pathol 6: 1854-1860.

Maki-Nevala S, Kaur Sarhadi V, Tuononen K, Lagstrom S, Ellonen P, et al.
(2013) Mutated Ephrin Receptor Genes in Non-Small Cell Lung Carcinoma
and Their Occurrence with Driver Mutations-Targeted Resequencing Study on
Formalin-Fixed, Paraffin-Embedded Tumor Material of 81 Patients. Genes
Chromosomes Cancer.

Marbach D, Costello JC, Kuffner R, Vega NM, Prill R], et al. (2012) Wisdom of
crowds for robust gene network inference. Nat Methods 9: 796-804.

. Hase T, Ghosh S, Yamanaka R, Kitano H (2013) Harnessing diversity towards

the reconstructing of large scale gene regulatory networks. PLoS Comput Biol 9:
¢1003361.

Breiman L (1996) Heuristics of Instability and Stabilization in Model Selection.
The Annals of Statistics 24: 2350-2383.

November 2014 | Volume 9 | Issue 11 | e106319



