
CCSB	@	PVAMU
CRI	Center

Seungchan	Kim,	Ph.D.
Chief	Scientist	and	Executive	Professor
Electrical	and	Computer	Engineering

Director,	CCSB



Who	I	am

• Ph.D.	trained	at	TAMU	EE,	2001
• Post-doctoral	trainee	at	NIH,	2001	- 2003
• Faculty	at	TGen,	2003	– 2016
• Faculty	at	ASU,	2004	- 2011
• Chief	Scientist	and	Executive	Professor,	ECE
Director,	CCSB@PVAMU,	2017	- current



Computational	Systems	Biology

Computational Systems

Biology

Modeling	 and	analysis
Machine	learning	/	Data	science

Big	data

Holistic,	systems	view
Modeling	 of	biological	 systems	&	
processes

Developmental	biology
Neuroscience

Cancer
Agriculture



So,	exactly	what	does	CSB	do?



Cancer Cell

Article

Identification of Distinct Basal and Luminal
Subtypes of Muscle-Invasive Bladder Cancer with
Different Sensitivities to Frontline Chemotherapy
Woonyoung Choi,1 Sima Porten,1 Seungchan Kim,6 Daniel Willis,1 Elizabeth R. Plimack,7 Jean Hoffman-Censits,8

Beat Roth,1 Tiewei Cheng,1,5 Mai Tran,1,5 I-Ling Lee,1 Jonathan Melquist,1 Jolanta Bondaruk,3 Tadeusz Majewski,3

Shizhen Zhang,3 Shanna Pretzsch,1 Keith Baggerly,4 Arlene Siefker-Radtke,2 Bogdan Czerniak,3 Colin P.N. Dinney,1

and David J. McConkey1,5,*
1Department of Urology, University of Texas MD Anderson Cancer Center, Houston, TX 77030, USA
2Department of Genitourinary Medical Oncology, University of Texas MD Anderson Cancer Center, Houston, TX 77030, USA
3Department of Pathology, University of Texas MD Anderson Cancer Center, Houston, TX 77030, USA
4Department of Bioinformatics, University of Texas MD Anderson Cancer Center, Houston, TX 77030, USA
5The University of Texas-Graduate School of Biomedical Sciences (GSBS) at Houston, Houston, TX 77030, USA
6Computational Biology Division, Translational Genomics Research Institute, 445N, Fifth Street, Phoenix, AZ 85004, USA
7Department of Medical Oncology, Fox Chase Cancer Center, 333 Cottman Avenue, Philadelphia, PA 19111-2497, USA
8Department of Medical Oncology, Thomas Jefferson University Hospital, 1025 Walnut Street, Suite 700, Philadelphia, PA 19107, USA
*Correspondence: dmcconke@mdanderson.org
http://dx.doi.org/10.1016/j.ccr.2014.01.009

SUMMARY

Muscle-invasive bladder cancers (MIBCs) are biologically heterogeneous and have widely variable clinical
outcomes and responses to conventional chemotherapy. We discovered three molecular subtypes of
MIBC that resembled established molecular subtypes of breast cancer. Basal MIBCs shared biomarkers
with basal breast cancers and were characterized by p63 activation, squamous differentiation, and more
aggressive disease at presentation. Luminal MIBCs contained features of active PPARg and estrogen recep-
tor transcription and were enriched with activating FGFR3mutations and potential FGFR inhibitor sensitivity.
p53-like MIBCs were consistently resistant to neoadjuvant methotrexate, vinblastine, doxorubicin and
cisplatin chemotherapy, and all chemoresistant tumors adopted a p53-like phenotype after therapy. Our ob-
servations have important implications for prognostication, the future clinical development of targeted
agents, and disease management with conventional chemotherapy.

INTRODUCTION

Bladder cancer progresses along two distinct pathways that
pose distinct challenges for clinical management (Dinney et al.,
2004). Low-grade non-muscle invasive (‘‘superficial’’) cancers,
which account for 70% of tumor incidence, are not immediately
life-threatening, but they have a propensity for recurrence that
necessitates costly lifelong surveillance (Botteman et al., 2003).
In contrast, high-grade muscle-invasive bladder cancers
(MIBCs) progress rapidly to become metastatic and generate

the bulk of patient mortality (Shah et al., 2011). Radical cystec-
tomy with perioperative cisplatin-based combination chemo-
therapy is the current standard of care for high-risk MIBC.
Treatment selection depends heavily on clinico-pathologic
features, but current staging systems are woefully inaccurate
and result in an unacceptably high rate of clinical understaging
and consequently inadequate treatment (Svatek et al., 2011).
Furthermore, cisplatin-based chemotherapy is only effective in
30%–40% of cases, and it is not yet possible to prospectively
identify the patients who are likely to obtain benefit (Shah

Significance

Using whole genomemRNA expression profiling, we identified threemolecular subtypes of muscle-invasive bladder cancer
(MIBC) that shared molecular features with basal and luminal breast cancers. Tumors in one of them expressed an active
p53 gene signature, and these ‘‘p53-like’’ MIBCs were consistently resistant to frontline neoadjuvant cisplatin-based com-
bination chemotherapy. Furthermore, comparison of matched gene expression profiles before and after chemotherapy
revealed that all resistant tumors expressed wild-type p53 gene expression signatures. Together, the data indicate that
‘‘p53-ness’’ plays a central role in chemoresistance in bladder cancer and suggest that it should be possible to prospectively
identify the patients who most likely will not benefit from neoadjuvant chemotherapy.
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Figure 1. Basal and Luminal Subtypes of Bladder Cancer
(A) Left:whole genomemRNAexpressionprofilingandhierarchical cluster analysis of a cohort of 73MIBCs.RNA from fresh frozen tumorswasanalyzedusing Illumina

arrays.RAS, TP53,RB1, and FGFR3mutationswere detected by sequencing and are indicated in the color bars below the dendrogram.Black,mutation; white, wild-

type;gray,mutationdatawereunavailable.Right:Kaplan-Meierplotsofoverall survival (p=0.098)anddisease-specificsurvival (p=0.028) in the three tumor subtypes.

(B) Expression of basal and luminal markers in the three subtypes. The heat maps depict relative expression of basal (left) and luminal (right) biomarkers. GSEA

analyses (below, left) were used to determine whether basal and luminal markers were enriched in the subtypes.

(C) Quantitative RT-PCRwas used to evaluate the accuracy of the gene expression profiling results. Relative levels of the indicated basal (red shades) and luminal

(blue shades) biomarkers measured by RT-PCR were compared to the levels of the same markers measured by gene expression profiling on RNA isolated from

macrodissected FFPE sections of the same tumors. Results are presented as relative quantitation (RQ) and the error bars indicate the range of RQ values as

defined by 95% confidence level. RT-PCR results are shown on top, DASL gene expression profiling results are shown below.

(D) Analysis of basal and luminal marker expression by immunohistochemistry. Results from two representative basal (left) and luminal (right) tumors as defined by

gene expression profiling are displayed. The scale bars correspond to 100 mm.

See also Figure S1.
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ABSTRACT

Identifying differential features between conditions
is a popular approach to understanding molecular
features and their mechanisms underlying a
biological process of particular interest. Although
many tests for identifying differential expression
of gene or gene sets have been proposed, there
was limited success in developing methods for
differential interactions of genes between conditions
because of its computational complexity. We
present a method for Evaluation of Dependency
DifferentialitY (EDDY), which is a statistical test for
differential dependencies of a set of genes between
two conditions. Unlike previous methods focused on
differential expression of individual genes or correl-
ation changes of individual gene–gene interactions,
EDDY compares two conditions by evaluating the
probability distributions of dependency networks
from genes. The method has been evaluated and
compared with other methods through simulation
studies, and application to glioblastoma multiforme
data resulted in informative cancer and glioblastoma
multiforme subtype-related findings. The comparison
with Gene Set Enrichment Analysis, a differential
expression-based method, revealed that EDDY
identifies the gene sets that are complementary to
those identified by Gene Set Enrichment Analysis.
EDDY also showed much lower false positives than
Gene Set Co-expression Analysis, a method based
on correlation changes of individual gene–gene inter-
actions, thus providing more informative results.
The Java implementation of the algorithm is
freely available to noncommercial users. Download
from: http://biocomputing.tgen.org/software/EDDY.

INTRODUCTION

Since the emergence of high-throughput genomic profiling
techniques, numerous statistical methods gained high
popularity in biomedical studies to assess diverse
features in biological samples. One of such statistical
approaches is identifying variables with differential
patterns between different conditions, where genomic
entities (such as genes or proteins) are often modeled as
target variables. Such methods can vary based on the
definition of differentiality or what a target feature of
comparison is, but the general idea is comparing
probability distributions of a target feature across given
conditions.
The simplest case of identifying differentiality is

differential expression of a single gene, where each gene
is independently tested for differential expression. There
have been many studies with this approach of independent
tests for individual genes. For comprehensive reviews of
single gene test approaches see (1). The main drawback of
single-gene test approaches is that they focus on individual
genes instead of a set of genes, while a set of interacting
genes constitutes a functional module in many biological
systems. For this reason, a more beneficial approach is
testing differentiality for a set of genes between conditions.
Considering that a joint probability distribution of a set

of variables can provide more comprehensive view of
underlying process, an ideal method to test differentiality
of a set of genes between conditions is comparing the joint
probability distributions of their activity levels. However,
this ideal approach is not practical in many real situations
owing to the complexity of the model to represent the joint
probability distribution and the lack of available data to
infer such complex models with sufficient reliability. For
this reason, most of the methods to test the differentiality
of a set of genes rely on heuristic approaches by focusing
on specific features in the set of genes rather than
considering the complete joint probability distributions.

*To whom correspondence should be addressed. Tel: +1 602 3438715; Fax: +1 602 2865563; Email: dolchan@tgen.org
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KNOWLEDGE-ASSISTED APPROACH TO IDENTIFY PATHWAYS WITH 
DIFFERENTIAL DEPENDENCIES* 
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We have previously developed a statistical method to identify gene sets enriched with 
condition-specific genetic dependencies. The method constructs gene dependency 
networks from bootstrapped samples in one condition and computes the divergence 
between distributions of network likelihood scores from different conditions. It was shown 
to be capable of sensitive and specific identification of pathways with phenotype-specific 
dysregulation, i.e., rewiring of dependencies between genes in different conditions. We 
now present an extension of the method by incorporating prior knowledge into the 
inference of networks. The degree of prior knowledge incorporation has substantial effect 
on the sensitivity of the method, as the data is the source of condition specificity while 
prior knowledge incorporation can provide additional support for dependencies that are 
only partially supported by the data. Use of prior knowledge also significantly improved 
the interpretability of the results. Further analysis of topological characteristics of gene 
differential dependency networks provides a new approach to identify genes that could 
play important roles in biological signaling in a specific condition, hence, promising 
targets customized to a specific condition. Through analysis of TCGA glioblastoma 
multiforme data, we demonstrate the method can identify not only potentially promising 
targets but also underlying biology for new targets.  
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DIFFERENTIAL PATHWAY DEPENDENCY DISCOVERY ASSOCIATED WITH DRUG 
RESPONSE ACROSS CANCER CELL LINES * 
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The effort to personalize treatment plans for cancer patients involves the identification of drug treatments that can 
effectively target the disease while minimizing the likelihood of adverse reactions. In this study, the gene-expression 
profile of 810 cancer cell lines and their response data to 368 small molecules from the Cancer Therapeutics Research 
Portal (CTRP) are analyzed to identify pathways with significant rewiring between genes, or differential gene 
dependency, between sensitive and non-sensitive cell lines.  Identified pathways and their corresponding differential 
dependency networks are further analyzed to discover essentiality and specificity mediators of cell line response to 
drugs/compounds. For analysis we use the previously published method EDDY (Evaluation of Differential 
DependencY). EDDY first constructs likelihood distributions of gene-dependency networks, aided by known gene-
gene interaction, for two given conditions, for example, sensitive cell lines vs. non-sensitive cell lines.  These sets of 
networks yield a divergence value between two distributions of network likelihoods that can be assessed for 
significance using permutation tests.  Resulting differential dependency networks are then further analyzed to identify 
genes, termed mediators, which may play important roles in biological signaling in certain cell lines that are sensitive 
or non-sensitive to the drugs.  Establishing statistical correspondence between compounds and mediators can improve 
understanding of known gene dependencies associated with drug response while also discovering new dependencies.  
Millions of compute hours resulted in thousands of these statistical discoveries.  EDDY identified 8,811 statistically 
significant pathways leading to 26,822 compound-pathway-mediator triplets.  By incorporating STITCH and STRING 
databases, we could construct evidence networks for 14,415 compound-pathway-mediator triplets for support. The 
results of this analysis are presented in a searchable website to aid researchers in studying potential molecular 
mechanisms underlying cells’ drug response as well as in designing experiments for the purpose of personalized 
treatment regimens. 
                                                             
* This work was supported in part by the National Cancer Institute, National Institutes of Health [1U01CA168397] and a grant 

from Dell, Inc. via its Legacy of Good program that seeks to put technology and expertise to work where it can do the most for 
people and the planet. 

† D. Mahendra and H. Tran were supported by the Helios Education Foundation through the Helios Scholars at TGen summer 
internship program in biomedical research at the Translational Genomics Research Institute in Phoenix, AZ. 
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CCSB	@	PVAMU

• Why	PVAMU
– Chancellor's	Research	Initiative	provides	resource

• PI:	Dr.	Lijun Qian (ECE)	for	the	proposal

• Director:	Dr.	Seungchan	Kim	(ECE)

– College	of	Engineering	leads	the	initiative

– Its	proximity	to	Texas	Medical	Center	provides	

numerous	potential	collaborators



CCSB	@	PVAMU

• Dry	lab	+	Wet	lab	within	the	center
– Wet	lab	is	critical	for	validation	of	novel	
hypothesis	generated	by	computational	analysis

• Leading	edge	research
– Recruit	top-notch	scientists	and	engineers
– Train	graduate	students
– Develop	collaboration



CCSB	@	PVAMU	under	Construction

Molecular	biology	lab

NGS	lab

Dry	lab	&	Conference	room



Training	Future	Computational	Biologists

• Bioinformatics	concentration	for	
undergraduate	and	graduate	students

• Research	Experience	for	Undergraduate	(REU)
• Bioinformatics	/	Computational	Biology	
training	for	graduate	students



Developing	Collaboration

• Local
– Texas	Medical	Center	(Baylor,	M.D.	Anderson	Cancer	
Center)

– Texas	A&M	University
• State-Wide

– Baylor,	Scott	&	White	Research	Institute	(Dallas)	
• Nation-wide

– TGen
– USC
– NIH/NCI
– U.	Pittsburgh



CCSB	@	PVAMU	Collaboration	(State-wide)
5/20/2017 CCSB@PVAMU Collaboration
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CCSB	@	PVAMU	Collaboration	(Nation-wide)5/20/2017 CCSB@PVAMU Collaboration
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CCSB @ PVAMU Collaboration

University of Pittsburgh School of Medicine
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CCSB	@	PVAMU

• Questions?


