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Abstract—An important challenge in cancer systems biology is
to uncover the complex network of interactions between genes
(tumor suppressor genes and oncogenes) implicated in cancer.
Next generation sequencing provides unparalleled ability to
probe the expression levels of the entire set of cancer genes and
their transcript isoforms. However, there are onerous statistical
and computational issues in interpreting high-dimensional
sequencing data and inferring the underlying genetic network. In
this study, we analyzed RNA-Seq data from lymphoblastoid cell
lines derived from a population of 69 human individuals and
implemented a probabilistic framework to construct biologically-
relevant genetic networks. In particular, we employed a
graphical lasso analysis, motivated by considerations of the
maximum entropy formalism, to estimate the sparse inverse
covariance matrix of RNA-Seq data. Reverse engineering the
network of genetic isoforms revealed a layer of genetic regulatory
complexity not exhibited by traditional microarrays. Gene
ontology, pathway enrichment and protein-protein path length
analysis were all carried out to validate the biological context of
the predicted network of interacting cancer gene isoforms.
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I.  INTRODUCTION

High-throughput sequencing has become an important
alternative to microarray assays, with RNA-Seq gaining in
recent popularity. RNA-Seq is more sensitive and has a larger
dynamic range [1] than traditional microarrays. Moreover,
RNA-Seq has low background noise, which enables it to
provide more information to detect allele-specific expression
and identify novel promoters, isoforms, novel exons and splice
sites [2]. As such, the development of RNA-Seq has become
an important tool to delineate the full complexity of
transcription across the genome.

Tumor suppressor genes (TSGs) and oncogenes form a
coordinated network of genes that respond to a wide variety of
genotoxic stresses in normal cells and tumors. These stress
responses are orchestrated via controlled levels of gene
transcription, and it remains a fundamental challenge in cancer
systems biology to uncover the entire network of
transcriptional regulation. We propose to utilize RNA-Seq data

to infer the cancer transcriptional network, and in doing so we
address several machine learning challenges that are incurred
when dealing with sparse noisy high-dimensional data.

A variety of statistical approaches have been applied to
reconstruct transcriptome networks, such as information-
theoretic methods [3] and relevance networks methods [4].
However, these reverse-engineering methods all focus on
quantifying the statistical correlations, as opposed to the direct
interactions, between each pair of genes in order to build a
genetic network. Inspired by concepts in statistical physics,
gene interactions were inferred by a different study through
the application of the maximum entropy method using
microarray expression training data [5]. This approach
illustrated that, under general assumptions, the elements of the
inverse covariance matrix provide an appropriate measure of
pairwise gene interaction, in contradistinction to correlation-
based methods that focus on just the covariance matrix itself.
We propose to utilize and build upon this formalism with
respect to the analysis of recent RNA-Seq data in the hopes of
uncovering a principled understanding of the underlying
cancer transcriptome network.

In genomic studies, the number of genes is typically much
larger than the number of samples, resulting in an
undersampled and noninvertible covariance matrix. To prevent
overfitting we can provide an estimate of the sparse inverse
covariance matrix using the graphical lasso framework [6].
The graphical lasso algorithm uses L1 regularization to control
the number of zeros in the inverse covariance matrix in order
to learn the structure in an undirected Gaussian graphical
model.

In this study, RNA-Seq data of 474 cancer-related genes
(known TSGs and oncogenes) and their corresponding
isoforms were obtained from 69 human cell line samples. The
processed sequencing dataset was then analyzed to infer and
understand the network of pairwise interactions amongst all
the genes. By working with RNA-Seq data, as opposed to
microarray expression values, we were also able to reverse
engineer the network of interactions between differing gene
isoforms, revealing an extra layer of genetic regulatory
complexity. To provide biological validation of the resulting
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predicted networks we carried out Gene Ontology (GO),
pathway enrichment and protein-protein path length analyses.

II. MATERIALS AND METHODS

A. Data Set Pre-Processing and Correction

RNA-Seq data were obtained from a recent study whereby
lymphoblastoid cell lines derived from a sample of 69 Yoruban
(African Hapmap population) individuals were sequenced on
the Illumina GAIl platform (details described in [2]).
Approximately 1.2 billion short reads were generated and
mapped to the hgl8 reference genome using TopHat (v1.3.3)
[7]. The mapping results were then further analyzed using
Cufflinks (v1.1.0) [8] with default parameters. The expression
level of each gene was defined using the FPKM (fragment per
kilobase of exon per million fragments mapped) values as
reported by Cufflinks.

Gene/isoform expression level is a noisy phenotype and a
wide range of external factors, such as batch effects, can
confound its measurement. We employed the recent Bayesian
PEER framework [9] to uncover the global effects of known
and hidden factors on gene/isoform expression level. After
estimating the confounding covariates in RNA-Seq expression
data, which we found to be surprisingly significant, we then
corrected the gene/isoform expression levels to obtain
modified point estimates of expression.

In this study, we initially focused on a catalogue of 474
known tumor suppressor genes (TSGs) [10-12] and oncogenes
[11, 13, 14]. Genes/isoforms with expression equal to zero
across all samples were removed, leaving 417 cancer genes,
and 1014 isoforms.

B. Entropy Maximization

What is the most general probabilistic network model that
captures the pairwise dependencies between genes/isoforms?
The maximum entropy framework provides a principled
answer to this question. Let the vector ¥ = (x;..xp) denote
the expression levels of the P genes/isoforms. Let p(X) denote
the probability distribution function, and N the total number of
samples. The most general and unstructured probability
distribution that captures the pairwise correlations is the one
that maximizes the entropy H = — Y._, p(X)Inp (X) [5], subject
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2 Ml-;-] Bj. M specifies the pairwise interaction terms and, in
the continuum limit, the correlation function is then simply
calculated to be the inverse of the elements of M, Ml-;-] =
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(yiyj) = {x;x;) — {x;){x;) = C;;. Thus the inverse covariance
matrix provides a principled measure of pairwise interaction
between genes. In the language of statistical physics, the
inverse covariance matrix represents the energy coupling
constants between the variables x; and x;.

C. Graphical Lasso

As discussed in the Introduction, the covariance matrix is
undersampled and thus is noninvertible. The graphical lasso
technique obviates this issue, sparsifying the inverse
covariance matrix M and preventing over-fitting. This
approach assumes that the FPKM observations of RNA-Seq
data follow a multivariate Gaussian distribution. Formally, the
inverse covariance matrix M is estimated by maximizing the
penalized log-likelihood [6],

logdet M — tr(QM) — plIM||;

where we have defined M = €~/ and Q is the empirical
covariance matrix of the data. p is a nonnegative tuning
parameter. ||[M||; is the L; norm, the sum of the absolute
values of the elements of M. When p is sufficiently large, the
estimate M will be sparse due to the lasso-type penalty on the
elements of M. In this study, we performed graphical lasso
analysis for a range of tuning parameters, and here we report
the results for p = 0.01, representing a suitable tradeoff
between sparsity and running time of the calculations.
Separate analyses were performed on both i) genes
(represented by the most common gene isoforms) and ii.) the
entire set of isoforms across all genes. Gene/isoform pairs with
the most significant interaction coupling constants (top 86
pairs among studied gene pairs, top 43 pairs among studied
isoform pairs) were selected to represent the underlying cancer
transcriptome network.

D. Gene Ontology (GO) and Pathway Enrichment Analysis

Fisher’s exact test was performed to determine which GO
terms are significantly overrepresented in the set of the
strongest interacting gene pairs in relation to the GO
background of the total 417 cancer genes. In our study,
overrepresented GO categories in biological process with p-
values less than 0.05 were considered significantly enriched.

Kyoto Encyclopedia of Genes and Genomes (KEGG) is an
online database integrating genomic, chemical, and systemic
function information [15]. Fisher’s exact test with a threshold
of 0.05 was performed to determine whether the top
interacting genes are significantly enriched in bimolecular
pathways as compared to the background of the total 417
cancer genes.

E. Protein-Protein Interactions

To examine if the gene pairs we identified were more
functionally relevant than background cancer genes, we
examined the protein-protein interactions for the gene pairs
using a protein-protein interaction database, Human Protein
Reference Database (HPRD) [16]. The functional relevance of
a gene pair can be evaluated by examining the shortest path
length between the two genes in the protein-protein interaction
network [17]. It is reasonable to expect that gene pairs with



higher interaction energy are expected to have shorter paths
between them in the protein-protein interaction network. To
make comparisons with correlations based methods we also
calculated the shortest protein-protein distance between highly
correlated gene pairs. The null distribution of network
distances was calculated from random sets of cancer genes.

ITII. RESULTS

A. RNA-Seq Analysis and Graphical Lasso

The most significant interaction terms were then used to
construct genetic networks and visualized using Cytoscape
version 2.8 [18]. Figure 1 represents the gene network with the
20 strongest interaction terms and Figure 2 shows the isoform
network with the strongest 15 isoform pairs. Interestingly, the
isoform network did not closely match the gene network,
indicating that most common isoforms do not represent the
most informative elements of the transcriptional network
amongst cancer-related genes.

B. Gene Ontology and Pathway Enrichment

Several GO categories were considered as significantly
enriched among the interacting genes with Fisher’s exact p-
value less than 0.05, compared to the background GO of the
entire set of cancer genes. In total, 21 categories were
recognized and the 7 most significant among them are shown
in Table 1.

Pathway enrichment analysis based on the KEGG pathway
database was carried out in this study. Significantly enriched
pathways with Fisher’s exact p-value less than 0.05 are listed
in Table 2.

C. Path Length Analysis

76 out of the 86 unique gene pairs with high interaction
couplings selected from the sparse inverse covariance matrix
were found to be present in the protein interaction database,
HPRD. We carried out a Monte Carlo permutation analysis,
comprising of 10,000 sets of 76 random gene pairs from the
417 cancer genes and computed their mean shortest path
lengths. The null distribution for mean shortest path lengths
was computed using a histogram of these values (see Figure
3). We found that the mean shortest path length (3.14) was
significantly shorter for the top pairs (p = 0.03) than the mean
of the null distribution. To compare this result with networks
inferred from traditional correlation-based approaches the
same procedure was applied to gene pairs selected from the
covariance matrix. The null distribution for mean shortest path
lengths is shown in Figure 4. Nevertheless, the mean shortest
path length (3.23) was not significantly shorter for the top
pairs (p = 0.17) than the mean of the null distribution. This
result was consistent with the prediction that the strongest
interacting gene pairs selected using our methodology are
more likely to be functionally related with each other
compared to the same number of top gene pairs selected from
elements of the covariance matrix.
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Figure 1. Inferred network of the strongest 20 pairwise cancer gene
interactions. Each gene was represented by its most common isoform.
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Figure 2. Inferred network of the strongest 15 pairwise cancer gene isoform
interactions.

TABLE 1. GENE ONTOLOGY ENRICHMENT RESULTS

-logo(P-
Term Genes Value)

. .. NRAS, HRAS, JUN, FOSL1, MYC,
GO0:0050890 cognition PTEN, AXIN1 2.62
GO:0007611 learning or - \1p g HRAS, JUN, FOSLI, PTEN 2.17
memory

CDC6, LZTS2, STK11, BRCA2,
G0:0022402 cell cycle SMAD3, AURKA, PTTGI, 1.96
process HMGA2, CCND1, CDKN2D, GFIl, '
MYC, PINX1
. . . NRAS, HRAS, CCNDI1, JUN,
i?(;gg%?fﬁlz‘?pome ' CDKN2D, BCL3, BRCA2, GFII, 1.92
FOSL1, MYC
GO0:0045596 negative
regulation of cell CCND1, LMO2, NME1-NME2, 1.89
. .. RHOA, TCL1A, SMAD3, GFI1
differentiation
GO0:0050877neurologica  NRAS, HRAS, JUN, FOSL1, MYC, 1.89
1 system process PTEN, AXIN1 ’
GO:0016055 Wnt CCNDI, LZTS2, FRAT2, WNTI 1,
receptor signaling AXINI 1.82
pathway
TABLE 2. KEGG PATHWAY ENRICHMENT RESULTS
Term Genes -\17(;%111(5)1) )
. CCND1, JUN, RHOA, SMAD3,
l;;;?;? nlg}:ft r}‘ltway FRAT2, WNT11, FOSLI, MYC, 3.70
’ RBX1, AXIN1
hsa04530:Tight NRAS, HRAS, RHOA, YES1, PTEN 1.74
junction
hsa05213:Endometrial ~ NRAS, HRAS, CCNDI1, MYC, PTEN, 1.60
cancer AXINI1, PIK3R2 :
hsa04350:-TGF-beta  ppy» RHOA, SMAD3, MYC, RBXI ~ 1.57

signaling pathway
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Figure 3. Null Monte Carlo distribution of shortest path lengths between gene
pairs. The vertical line indicates the mean value of shortest path lengths (3.14)
for the top interacting pairs selected from the sparse inverse covariance
matrix. p-value 0.03.
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Figure 4. Null Monte Carlo distribution of shortest path lengths between gene
pairs. The vertical line indicates the mean value of shortest path lengths (3.23)
for the top interacting pairs selected from the covariance matrix. p-value 0.17.

IV. DISCUSSION

Our study provides a comprehensive insight into the cancer
gene/isoform transcriptome network in lymphoblastoid cell
lines using RNA-Seq data, a powerful next generation DNA
sequencing platform. RNA-Seq is an emerging effective
method for transcriptome analysis and provides significantly
higher levels of transcript accuracy than traditional microarray
technology.

From the GO analysis results, we found many interacting
genes related to cell cycle processes, indicating that the
regulation of cell division requires strong cooperation between
cancer-related genes. Pathway enrichment results yielded
significant pathways including the Wnt signaling and the
TGF-beta signaling pathway, indicating that these pathways
need to be more tightly regulated than other cancer pathways.
The results for the mean protein-protein path length between
the predicted interacting genes lend further weight to the
biological relevance of the gene pairs. Together, all these
results demonstrate that the sparse inverse covariance method,
as motivated by the maximum entropy formalism, provides a
powerful framework to uncover biologically relevant network
models of RNA-Seq cancer data, based on pairwise
interactions. Our future work will apply the statistical
framework described in this paper to the whole genome, and
extend the analysis to higher-order interactions among genes.

ACKNOWLEDGEMENTS

This work was supported by the Simons Foundation [Y.C, B.F. and G.S.A]
and the Starr Cancer Consortium, 13-A123 [G.S.A.].

REFERENCES

[1] Z. Wang, M. Gerstein, and M. Snyder, "RNA-Seq: a revolutionary tool for
transcriptomics,”" Nat Rev Genet, vol. 10, pp. 57-63, Jan 2009.

[2] J. K. Pickrell, J. C. Marioni, A. A. Pai, J. F. Degner, B. E. Engelhardt, E.
Nkadori, et al., "Understanding mechanisms underlying human gene
expression variation with RNA sequencing," Nature, vol. 464, pp. 768-72,
Apr 12010.

[3] A. A. Margolin, I. Nemenman, K. Basso, C. Wiggins, G. Stolovitzky, R.
Dalla Favera, ef al., "ARACNE: an algorithm for the reconstruction of
gene regulatory networks in a mammalian cellular context," BMC
Bioinformatics, vol. 7 Suppl 1, p. S7, 2006.

[4] A. J. Butte, P. Tamayo, D. Slonim, T. R. Golub, and I. S. Kohane,
"Discovering functional relationships between RNA expression and
chemotherapeutic susceptibility using relevance networks," Proc Natl
Acad Sci U S 4, vol. 97, pp. 12182-6, Oct 24 2000.

[5] T. R. Lezon, J. R. Banavar, M. Cieplak, A. Maritan, and N. V. Fedoroff,
"Using the principle of entropy maximization to infer genetic interaction
networks from gene expression patterns," Proceedings of the National
Academy of Sciences of the United States of America, vol. 103, pp. 19033-
19038, Dec 12 2006.

[6] J. Friedman, T. Hastie, and R. Tibshirani, "Sparse inverse covariance
estimation with the graphical lasso," Biostatistics, vol. 9, pp. 432-41, Jul
2008.

[7] C. Trapnell, L. Pachter, and S. L. Salzberg, "TopHat: discovering splice
junctions with RNA-Seq," Bioinformatics, vol. 25, pp. 1105-11, May 1
2009.

[8] C. Trapnell, B. A. Williams, G. Pertea, A. Mortazavi, G. Kwan, M. J. van
Baren, et al., "Transcript assembly and quantification by RNA-Seq
reveals unannotated transcripts and isoform switching during cell
differentiation," Nat Biotechnol, vol. 28, pp. 511-5, May 2010.

[9] O. Stegle, L. Parts, R. Durbin, and J. Winn, "A Bayesian framework to
account for complex non-genetic factors in gene expression levels greatly
increases power in eQTL studies," PLoS Comput Biol, vol. 6, p.
€1000770, May 2010.

[10]P. A. Futreal, L. Coin, M. Marshall, T. Down, T. Hubbard, R. Wooster, et
al., "A census of human cancer genes," Nat Rev Cancer, vol. 4, pp. 177-
83, Mar 2004.

[11]L. Zender, W. Xue, J. Zuber, C. P. Semighini, A. Krasnitz, B. Ma, et al.,
"An oncogenomics-based in vivo RNAi screen identifies tumor
suppressors in liver cancer," Cell, vol. 135, pp. 852-64, Nov 28 2008.

[12]C. J. Sherr, "Principles of tumor suppression," Cell, vol. 116, pp. 235-46,
Jan 23 2004.

[13]L. T. Lam, R. E. Davis, V. N. Ngo, G. Lenz, G. Wright, W. Xu, et al.,
"Compensatory IKKalpha activation of classical NF-kappaB signaling
during IKKbeta inhibition identified by an RNA interference sensitization
screen," Proc Natl Acad Sci U S A4, vol. 105, pp. 20798-803, Dec 30 2008.

[14]G. Lenz, G. Wright, S. S. Dave, W. Xiao, J. Powell, H. Zhao, et al.,
"Stromal gene signatures in large-B-cell lymphomas," N Engl J Med, vol.
359, pp. 2313-23, Nov 27 2008.

[15]M. Kanehisa, S. Goto, M. Hattori, K. F. Aoki-Kinoshita, M. Itoh, S.
Kawashima, et al., "From genomics to chemical genomics: new
developments in KEGG," Nucleic Acids Res, vol. 34, pp. D354-7, Jan 1
2006.

[16]S. Peri, J. D. Navarro, R. Amanchy, T. Z. Kristiansen, C. K. Jonnalagadda,
V. Surendranath, et al., "Development of human protein reference
database as an initial platform for approaching systems biology in
humans," Genome Res, vol. 13, pp. 2363-71, Oct 2003.

[17]R. Bell, A. Hubbard, R. Chettier, D. Chen, J. P. Miller, P. Kapahi, et al.,
"A human protein interaction network shows conservation of aging
processes between human and invertebrate species," PLoS Genet, vol. 5,
p. 1000414, Mar 2009.

[18]M. E. Smoot, K. Ono, J. Ruscheinski, P. L. Wang, and T. Ideker,
"Cytoscape 2.8: new features for data integration and network
visualization," Bioinformatics, vol. 27, pp. 431-2, Feb 1 2011.



