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Translational medicine
«. 007

e Translational medicine is a discipline within
biomedical and public health research that
aims to improve the health of individuals and
the community by “translating” findings
Into diagnostic tools, medicines, procedures,
policies and education.

Wikipedia. Last updated on April 29, 2014



Traditional categorization
-

e Basic research (fundamental or pure research) is
more speculative and takes a long time to be applied
In any practical context. Basic research often leads
to breakthroughs or paradigm-shifts in practice.

e Applied research is research that can have an
Impact in practice in a relatively short time but often
represents an incremental improvement to current
processes rather than delivering radical
breakthroughs.



Translational research
« 00000077

e Translational research is engineering
research that aims to make findings from
basic science useful for practical applications
that enhance human health and well-being. It
IS practiced in fields such as environmental
and agricultural science, as well as the

health, behavioral, and social sciences. Other
terms: translative research, translational science.
( Also: participative science and participatory action research.)

Wikipedia. Last updated on April 29, 2014


http://en.wikipedia.org/wiki/Engineering_research
http://en.wikipedia.org/wiki/Engineering_research
http://en.wikipedia.org/w/index.php?title=Participative_science&action=edit&redlink=1
http://en.wikipedia.org/wiki/Participatory_action_research

Translational medicine
«. 007

e Translational medicine is a rapidly growing
discipline in biomedical research and aims to
expedite the discovery of new diagnostic
tools and treatments by using a multi-
disciplinary, highly collaborative,

“bench-to-bedside” approach.




Translational medicine
«. 007

e The National Institutes of Health (NIH): focus on
cross-functional collaborations (between researchers
and clinicians); leveraging new technology and
data analysis tools; and increasing the speed at
which new treatments reach patients.

e In December 2011, The National Center for
Advancing Translational Science (NCATS) was
established within the NIH: “transform the
translational science process so that new
treatments and cures for disease can be
delivered to patients faster.”



Translational medicine
«. 007

e Applying knowledge from basic science is a
major stumbling block in science, partially
due to the compartmentalization within
science. Hence, translational research is
seen as a key component to finding practical
applications, especially within healthcare.

e Move from laboratory experiments through
clinical trials to point-of-care patient
applications.



Translational medicine

e Examples of failed translational research
abound in the pharmaceutical industry, such
as the failure of anti-af3 therapeutics in
Alzheimer ‘s disease. Other problems arise
from the widespread irreproducibility in the
translational research literature.



Why bioinformatics
S

e Translational research requires a knowledge-driven
ecosystem, in which constituents generate, contribute,
manage and analyze data available from all parts of
the landscape. A continuous feedback loop to accelerate
the translation of data into knowledge.

e Collaboration, data sharing, data integration and
standards are important.

e Only by seamlessly structuring and integrating these
data types will the complex and underlying causes and
outcomes of iliness be revealed, and effective prevention,
early detection and personalized treatments be realized.



http://en.wikipedia.org/wiki/Ecosystem
http://en.wikipedia.org/wiki/Data_integration

Why bioinformatics
S

e Translational research requires that information and
data flow from hospitals, clinics and study
participants in an organized and structured format, to
repositories and laboratories.

e Meeting the increased operational requirements of larger
studies, with ever increasing specimen counts, larger
and more complex systems biology data sets, and
government regulations.

e Most informatics systems today are inadequate to handle
the tasks of complicated operations and contextually in
data management and analysis.



http://en.wikipedia.org/wiki/Laboratories

Computational approaches
-

e Statistical inference (biomarker selection)

Classical Statistical Inference incorporates no prior information
and assumes independent variables; the approach is used at all
systems levels and underlies the primary tools, such as Student’s t
test. In contrast, Bayesian Statistical Inference does incorporate
prior information as well as handle interdependent variables. The
Bayesian “conditional probability” approach is used in genetic data
analysis, clinical research and diagnostic medicine; complex
Bayesian analyses use Markov Chain Monte Carlo (MCMC)
computational methods.

Mary F. McGuire, et al. Computational Approaches for Translational Clinical Research in
Disease Progression. J Investig Med. 2011 August ; 59(6): 893-903.



Common statistical software includes R
(http://www.r-project.org/), Spotfire
S+(http://spotfire.tibco.com/products/s-
plus/statistical-analysis-software), SPSS
(www.spss.com), and SAS (www.sas.com).
OpenBUGS is open-source software for
Bayesian analysis using MCMC methods
(http://www.openbugs.info/w/).



Computational approaches
-

e Class prediction: Mechanistic approaches
(machine learning)

An artificial neural network (ANN) is a mathematical
model that mechanistically learns nonlinear patterns
from a set of observations and then infers the optimal
function that describes those observations. ANNs can
train classifiers, approximate functions, filter and cluster
data, and direct robotics.

SVM: support vector machine



Standard mathematical and statistical software
iIncluding MATLAB, Mathematica, SPSS

and SAS have built-in algorithms or add-on
modules for neural network analysis and

optimization.



Computational approaches
-

e |[nteraction inference: Graphical approaches

Cascades of molecular interactions can be represented
as directed graphs and use computational methods
from graph theory to explore pathways within the graph.
Graph theory is supported by extensive computational
methods from mathematics and computer science that
are used for analysis of static and dynamic systems.



1. A Bayesian network is a probabilistic graphical model
constructed as a directed acyclic graph (DAG) with nodes
representing variables and edges representing the conditional
dependencies between the nodes. process modeling and
diagnostic reasoning. must satisfy the local Markov property -
each node is conditionally independent of its non-descendents

2. Generalized Bayesian Networks (GBN), can model cyclic
networks for use in translational systems biology.

3. software packages for Bayesian networks: Python library Pebl ;
Petri Net Toolboxes (MATLAB)

4. Pathway databases: IPA



Computational approaches
-

e Model inference: Deterministic approaches

Deterministic approaches depend on initial states and chosen
parameters.

Differential equations are the primary methods of deterministic
dynamic analysis, and are mostly used at the molecular and
cellular levels because they are computationally intensive at higher
levels. Ordinary differential equations (ODES) model dynamic
changes in items, such as protein concentrations, over one
Independent variable whereas partial differential equations model
simultaneous changes over two or more independent variables
(MATLAB).



e Matrix algebra can be applied from molecular to organism
levels. Stoichiometric matrices are used for flux-balance
analysis (FBA) of metabolic biochemical reaction networks.
Unlike differential equation approaches, FBA, the key
assumptions are that the system is homeostatic with a
balanced system of energy production and consumption and
that the metabolites are “well stirred” so that Gillespie’s
Algorithm can be used. generate signaling networks from
sparse time series of observed data, has potential for analysis
of signaling pathways in disease progression. (MATLAB. Code
for Gillespie’s Algorithm: R)



Application: Biomarker Identification
-

e High dimensional data generation and
challenge:

Genomics
Transcriptomics
Proteomics
Metabolomics
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High-dimensional Biology
for complex diseases

e The term “high-dimensional biology”(HDB) Is
the integration of genomics, transcriptomics,
proteomics and metabolomics in a biological
sample with the goal of understanding the

physiology or molecular mechanism of
disease.

e Personalized Therapy
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Application: Class Prediction
-

Subclass
Treatment
Prognosis



Translational medicine
-personalized medicine, individual therapy

e The goal of personalized treatment of
patients is to get “the right drug to the right
patient with the right dose”.

Ulrich Krusel, Marcus Bantscheffl, Gerard Drewes1, Carsten Hopfl,2*
Chemical and pathway proteomics: Powerful tools for oncology drug discovery
and personalized health care. MCP Papers in Press. Published on August 1, 2008 as

Manuscript R800006-MCP200



e precise knowledge of the molecular classes

Translational

e effective blockade of specific pathways

e well designed clinical trials

The conjunction to implement personalized
medicine (each individual patient classified to
the right groups-the right treatment).



Issue

Uncertainty of the results
of the classifiers are rarely
revealed to the oncologist

Potential solutions

* Confidence intervals of
the results should be
displayed

¢ Results from positive
and negative controls
derived from engineered
samples should be
displayed

* Oncologists should be
cross trained in
molecular biology and
computational biology to
exert a critical judgment
on the results

Clinical
oncology

Computational biology
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Issue

Molecular data derived from current sampling standards
are highly context specific (intratumoral heterogeneity,
treatment effect, host effect, etc.)

Potential solutions

* Emergence of technologies allowing for dynamic
sampling (circulating DNA, CTCs, functional imaging)

Issue

Preprocessing a unique
sample is challenging

Potential solutions

* Use of reference or
housekeeper features

* Use of universal or
control samples as
reference to be processed
simultaneously to the
patient sample

' Molecular

biology

Charles Ferte, et al. Impact of Bioinformatic Procedures in the Development and Translation of
High-Throughput Molecular Classifiers in Oncology. Clin Cancer Res; 19(16); 4315-25. 2013 AACR.
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Customized
predictive
systems

Fig. 1. Customized predictive systems for
outcome of hepatocellular  carcinoma
patients. BCLC, Barcelona clinic liver cancer
staging system; CLIP, Cancer of the Liver
ltalian  Program; HCC,  hepatocellular
carcinoma; JIS, Japan integrated staging;
TNM, tumor node metastasis.
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Application: Drug Discovery
S

Drug target
Drug repositioning
Network drug



Examples
-

e Breast cancer:Brcal/2 mutations-
prophylactic surgery; Her-2 overexpressing-
Herceptin

e Non-small cell lung cancer: EGFR mutation
positive-EGFR tyrosine kinase inhibitor-
Iressa.



e Sorafenib (Nexavar): multi-tyrosine kinase (VEGFR2,
PDGFR, c-Kit receptors, FLT-3 ) and -serine kinase
(B-RAF, p38, Raf-1) inhibitor, The first multi-target
drug approved by FDA.

e Anti-signaling transduction, anti-angiogenesis.

e Advanced renal cancer( and hepatocellular cancer,
melanoma, tested on more than 20 malignancies).

e Cocktails of multi-target therapy
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Information sources

f- Drug response molecular profiles\
* Drug labelinserts
= Scientific literature
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= Annotated drug databases
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Knowninteraction

Drugs induce similar molecular profiles

Drugs have similar side effects

Physical interaction
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Experimentally validated physical
interaction

Protein
B

Protein
A

Computationally predicted
association

Drugis associated with specific adverse drug effect
Target

Drug activates target

Target

Druginhibits target



T able |

Key information resources for the generation and

analysis of drug—target interaction networlks

Resource

Description

wWebsite

DrugBank

MAMNTRA

My-DTome

PharmGEKB

SIDER

STITCH
STRING

SuperTarget

Associations between drugs, genes
and diseases

Pharmacological information about
drugs and their interactions

Drug—drug interactions derived
from computational analysis of
gene expression

Drug—target interactions in human
myocardial infarction

Impact of genomic variation on
drug response, drug—target
interaction information

Drug—ADE associations inferred
from patient data

Drug—target interaction database

Known and computationally
predicted protein interactions

Drug—target interaction database

MWW
broadinstitute.
org/cmap

wrwnw . drugbank.ca

Mantratigem.it

whanwy My -dtome. lu

wrww . pharmgkb.org

sideeffects.embl.de

stitch.embl.de
string-db.org

insilico.charite.de/f
supertarget
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Table 5.1 Molecular subsets of NSCLC tumors with adenocarcinoma histology and clinically

relevant mutations/translocations

Mutation/translocation Lung cancer consortium Sequist et al.
K-RAS mutation 25 % 24 %
EGFR mutation 23 % 13 %
ALK rearrangement 6 % 5 %
BRAF mutation 3 % 2 %
PIK3CA mutation 3 % 4 %
MET amplification 2 % -
Her-2 mutation 1 % <l %
MEK-1 mutation 0.4 % -
N-RAS mutation 0.2 % I %
AKT-1 mutation 0 % -

B-catenin mutation —
IDHI mutation —

-2

Y
< | %

The second column depicts data from the Lung Cancer Mutation Consortium. which utilizes mul-

tiplexed assay for K-RAS, EGFR, HER-2, BRAF, PIK3CA, AKTI, MEKI, and N-RAS along with
FISH for ALK rearrangement and MET amplification (n=830, enrollment ongoing) [40]. The third
column depicts data from 552 patients with NSCLC tested with multiplexed PCR-based assay

(SNaPShot) along with FISH for ALK translocation [126]

N. Maltsev et al. (eds.), Systems Analysis of Human Multigene Disorders, Advances 15

In Experimental Medicine and Biology 799, DOI 10.1007/978-1-4614-8778-4 2,

© Springer Science+Business Media New York 2014



Table 5.3 Alterations in targetable oncogenic pathwawys in
squamous-cell lung cancer

PIZK/AKT pathway alterations Freguency
PTEMN 15 9%
PIK3CA 16 9
AKTI1 <1 9
AKT2 4 Yo
AKT3 16 9
STK11 2 Yo
TSC1 3 9%
TSC2 3 9%
RTEK/RAS pathway alterations Freguency
EGFR o 9%
ERBB2 4 Yo
ERBB3 2 Yo
FGFR1 7T Yo
FGFR2 3 9%
FGFR3 2 Yo
K-RAS 3 Y%
H-RAS 3 9%
N-RAS <1 9
RASAI1 4 Yo
NF1 11 <%
BRAF 4 Yo

Percentage of samples (n=178) with alterations in the PI3K/
RTEK/RAS pathwavys, as obtained by the Cancer Genome Atlas
Research Network, through whole-exome sequencing and
whole-transcriptome expression profiles. Alterations are defined
by somatic mutation, homozyvgous deletion, high-level, focal
amplification, and in some cases by significant up- or downregu-
lation of gene expression (AKT3, FGFR1, PTEN) [131]



Table 5.4 Molecular tumor board
Name Age PS Stage Histology EGFR ALK K-RAS ROS-I MET Other Rx

IM 42 0 TIB NSCLC + crizotinib
RH 67 | A SCCA FGFRI Phase |
GW 5 0 IV NSCLC + erlotinib
EC % I IV NSCLC + Phase 11
HS 63 2 ES SCLC Pt/VP-16

A sample representation of molecular tumor board from the thoracic oncology program at the
University of Chicago

PS performance status, E-§ extensive stage, EGFR activating epidermal growth factor receptor
mutation, ALK anaplastic lymphoma kinase fusion, ROS-I reactive oxygen species-1 transloca-
tion, FGFRI fibroblast growth factor receptor | amplification, Rx proposed treatment, Pt/VP-16
platinum-etoposide chemotherapy



Table 5.2 Mechanisms of acquired resistance to EGFR tyrosine kinase
inhibitor-directed therapies

T790M and rare second-site mutations 60 %
Unknown—includes epithelial to mesenchymal transformation 30 %
Small-cell transformation 6 %
MET amplification 4 %
Percentages are based on aggregate data from the two largest re-biopsy
series to date (Arcila et al., n=99, and Sequist et al., n=37) [53, 132,

[33]. Small-cell transformation includes cases with histologic change to
neuroendocrine differentiation. MET amplification represents cases

without coexisting EGFR T790M




EGFR-ligand

|

Cell cycle activation, cell growth, proliferation and survival

A Savonarola, et al. Pharmacogenetics and pharmacogenomics: role of mutational analysis in anti-
cancer targeted therapy. The Pharmacogenomics Journal (2012) 12, 277 -- 286



Table 2. Mutation frequency of K-ras, BRAF, EGFR, c-KIT and PDGFRx
genes obtained from overall pharmacogenetic studies in our
laboratory

Frequency of

Disease Gene Portion of gene analyzed mutation
NSCLC EGFR Exons 18, 19, 20, 21 12.0%
MCRC K-ras Exons 1, 2 44 4%
BRAF Exon 15 3.9%
GIST c-KIT Exons 9, 11, 13, 17 34.2%
PDGFRx Exons 12, 14, 18 5.3%

Abbreviations: EGFR, epidermal growth factor receptor;

GIST, gastrointestinal stromal tumor; mCRC, metastatic colorectal cancer;
NSCLC, non-small cell lung cancer; PDGFRa, platelet-derived growth
factor receptor o.

All molecular analyses are performed using direct sequence analysis (ABI
3130 Genetic Analyzer-Applied Biosystems) and all detected sequence
variants are confirmed in duplicate experiments, using independently-
extracted DNA samples.




Tahle 1.

pharmacogenetics/ucm083378.htm)

Most common pharmacogenomic biomarkers for selection of cancer therapy (http://www.fda.gov/drugs/scienceresearch/researchareas/

Clinical PGx Therapeutic agent Original approval Mutation-predicted therapeutic
application biomarker Type of mutation (brand) Active ingredient (FDA application no.) response
NSCLC EGFR Tumor- Iressa (astrazeneca) Gefitinib 5 May 2003 (NDA Response to Gefitinib and Erlotinib
activating EGFR 021399) in presence of EGFR-activating
mutations Tarceva (OSI Erlotinib 18 November 2004 mutations
(exons 18-21) Pharms) Hydrachloride (NDA 021743) Resistance to Gefitinib in presence
of T790M mutation
ALK EML4-ALK Xalcori (Phzer) Crizotinib 26 August 2011 Response to Crizotinib in presence
rearrangement (NDA 202570) of EML4-ALK rearrangement
(chr 2p23) Resistance to Crizotinib in presence
of C1156Y and L1196M mutations
mCRC K-ras Tumor- Erbitux (Imclone) Cetuximab 12 February 2004 Response to Cetuximab and
activating K-ras (BLA 125084) Panitumumab in absence of K-ras-
mutations Vectibix (Amgen) Panitumumab 27 September 2006 activating mutations
(mainly exon 1) (BLA 125147)
GIST PDGFRz PDGFRx Gleevec (Novartis) Imatinib 18 April 2003 (NDA Good response to Imatinib in presence
mutations Mesylate 021588) of c-KIT mutations in exon 11
(exons 12,14,18) Partial response to Imatinib in
presence of ¢-KIT mutations in exon 9
Resistance to Imatinib in presence of
¢-KIT mutations in exons 13 and 17,
PDGFRx mutations (especially exon
18), acquisition of secondary
mutations in the kinase dormain
c-KIT Oncogenic c-KIT
mutations
(exons 9, 11, 13,
17)
Sutent (CPPI CV) Sunitinib Malate 26 January 2006 Response to Sunitinib in presence
(NDA 021938) of ¢-KIT mutations in exon 9
Metastatic BRAF Mutation V600E Zelboraf (Hoffmann Vermurafenib 17 August 2011 Response to Vemurafenib in presence
melanoma La Roche) (NDA 202429) of BRAF mutation V&00E

Resistance to Vemurafenib in presence
of reactivation of the MAPK pathway
or PDGFRp

overexpression

Abbreviations: ALK, protein kinase B-alpha; EGFR, epidermal growth factor receptor; EML4, echinoderm microtubule-associated protein-like 4; FDA, Food and
Drug Administration; GIST, gastrointestinal stromal tumor; K-ras, Kirsten murine sarcoma virus 2; MAPK, mitogen-activated protein kinase; mCRC, metastatic
colorectal cancer; NSCLC, non-small cell lung cancer; PDGFRz, platelet-derived growth factor receptor o.



Work Cases

Biomarker Discovery
Prediction Modeling
Network Analysis



Biomarker resource
« /7

e Jun Wu, Qingchao Qiu, Lu Xie, Joseph Fullerton,
Jian Yu, Yu Shyr, Alfred L George Jr and Yajun Y.
Web-based Interrogation of Gene Expression
Signatures Using EXALT. BMC Bioinformatics,
2009, 10:420

e Ying He, Menghuan Zhang, Yuanhu Ju, Zhonghao
Yu, Daging Lv, Han Sun, Wellan Yuan, Fei He,
Jianshe Zhang, Hong LI, Jing Li, Rui Wang-Sattler
Yixue Li, Guoging Zhang* and Lu Xie*. dbDEPC 2.0:
updated database of differentially expressed proteins
In human cancers. Nucleic Acids Research. 2011,
1-8. doi:10.1093/nar/gkr936.



Individual biomarkers
« /7

Zhuang G, Brantley-Sieders DM, Vaught D, Yu J, Xie L, Wells S, Jackson D, Muraoka-
Cook R, Arteaga C, Chen J. Elevation of receptor tyrosine kinase EphA2 mediates
resistance to trastuzumab therapy. Cancer Research. 2010 Jan 1; 70(1):299-308.

Zhong-Hua Tao, Jin-Liang Wan, Ling-Yao Zeng, Lu Xie, Hui-Chuan Sun, Lun-Xiu Qin, Lu
Wang, Jian Zhou, Zheng-Gang Ren, Yi-Xue Li, Jia Fan, Wei-Zhong Wu. miR-612
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Work case 1: RNA level cancer biomarker

e Web-based Interrogation of Gene Expression Signatures Using
EXALT. Jun Wu, Qingchao Qiu, Lu Xie...Yi Y BMC Bioinfomatics;
2009, 10:420



What Can EXALT Do?
«a  /////]

e EXALT was developed to enable comparisons of
microarray data across experimental platforms,
different laboratories, and multiple species.

e EXALT allows investigators to use gene expression
signatures (also referred to as gene sets) to query a
large formatted collection of microarray results.



EXALT Now Supports:

GEO signature database and human cancer SigDB including almost
2000 datasets and more than 27,000 signatures. Here is an example
of signature homology search:

List Signatures and data set by matching slznature name

lS 1gDB Online Search

\
il _ _
4 MNatching Siznature Cutoff (%) : |1EI "I Search for Homologous Signatures

ol ails [T

SeaprList Signature Triplets by sigID ails

il alls
sigGenell dirCode SCOTe

EF . .. alls

P Dowm in ER positive 9. 52 —

EF pep Up in BR positive  15. 44 ails

= EF MARCES Down in ERE positive B, 97 alls

3f:1 FF ELP1 Ip in EE positive 15, 72 ails

; EEWIBG Ip in ERE positive 10, 06 s

Cliclk the follawing button to walidate user login and dowmload the signatures file,
EFHsCaSis 902, txt, with & sigfens recoreds from exalt db and save it to user hard driver. aills

I Dovmload this =zignature I -




Or you can upload a gene list to investigate whether these genes
co-exist in signatures derived from other experiments

Natching Signature

search Species:
CutofE®) P B 2
50 ~] i - . -29.5 0 295

.................. Uﬁ

S

Enter vour query gene Mouse =i

Fat tamonifen treated primarybreast cancer wsuntreated primaryhreast cancer
syvmbols here: Tamoxifen treated v Untreated from Sotirom et al EEJIC imnonnes 2008

| 48h Dhpost ws 48h Bhpost from Peron et al BMC Genoues 2007

My _ | ER negative vs ER. positive from Sotirion et al EMC Genormizs 2008
FTEN

The colors in the heat map represents the direction of the differential gene
expression within a given signature (red for up, green for down, and black for
a missing match), and color intensities reflect the confidence levels of
differential expression. From this analysis, profile suggests that MYC and
PTEN both up-regulated in Tamoxifen treated breast cancer, and both down-
regulated in ER- vs ER+ breast cancer.



e Compared with GeneAtlas, Oncomine or other
current available tools, EXALT enables the
identification of homologous data sets sharing similar
expression profiles by comparing signatures, which
can return more meaningful results.

e The search engine is time-effective and user-friendly
to biologists and clinicians.

http://seq.mc.vanderbilt.edu/exalt/exaltHome.aspx



Wark case 2: Proteln level cancer biomarker

Nucleic Acids Research Advance Access published November 16, 2011
Nucleic Acids Research, 2011, 1-8
doi:10.1093nar/gkr936

dbDEPC 2.0: updated database of differentially
expressed proteins in human cancers

Ying He'?, Menghuan Zhang?3, Yuanhu Ju? Zhonghao Yu*, Daging LvZ, Han Sun’,
Weilan Yuan®, Fei He? Jianshe Zhangz, Hong Li'2, Jing Li, Rui Wang-Sattlerq,
Yixue Li'2, Guoging Zhang®* and Lu Xie%*

'Key Laboratory of Systems Biology, Chinese Academy of Sciences, Shanghai 200031, 2Shanghai Center
for Bioinformation Technology, Shanghai 200235, *Department of Bioinformatics and Biostatistics, Shanghai
Jiaotong University, Shanghai 200240, P. R. China, “Research Unit of Molecular Epidemiology, Helmholtz
Zentrum Miinchen, Neuherberg 85764, Germany and ®Biomedical Engineering for School of Life Sciences
and Technology, Tongji University, Shanghai 200092, P. R. of China



protein cancer MS experment

http://lifecenter.sgst.cn/dbdepc/index.do

profile network

upload

News

o dbDEPC 2.0 is released to public...

e Find association DEPC through a ...

e The profile function has a new ...

e Advanced function was achieved ...

e Datasets were expanded in dbDEPC...

e Text mining method facilitated ...

e Read more...

Statistics

Protein: 4029

k3

Cancer (Subtype): 20 (18)
MS Experiments: 331

e Literature: 241

Citation

Hong Li, Ying He, Guohui Ding, Chuan Wang,
Lu Xie, and Yixue Li. dbDEPC: A Database of
Differentially Expressed Proteins in Human

Welcome to dbDEPC 2.0

a database of Differentially Expressed Proteins in Human Cancer

Vergion 2 data update

331 MS experiments and 4029 DEPs

This version contains 4029 DEPs across 20
cancers with additional 18 subtypes, curated
from 331 MS experiments.

Among the 4029 DEPs, 5% proteins were
validated by low throughput assays, such as
immunoblotting, westemn blotting analyais, etc.

Four main analysis types

According to the experimential design, datasets
were classified into four categories, namely

Treatment comparision.

Head and Neck Cancer [T

Ovanan Cancer [
Pancreatic Carcinoma
Prostate Cancer [
Renal Cell Carcinomas
Sarcoma

Skin cancer

Yesticular Cancer

Normal vs. Cancer, Cancer vs. Cancer, Metastasis study,



http://lifecenter.sgst.cn/dbdepc/index.do

DATABASE CONTENTS
<

e Inthe current release, dbDEPC contains information on 4092
differentially expressed proteins (DEPs) in 20 different

differentially
expressed proteins
(DEPSs)

Cancer types
MS experiments
Publications

dbDEP 1.0
1803

15
65
47

dbDEPC 2.0
4092

20 (18 subtype)
331
241



Cancer Type

lung adenocarcinoma

hepatocellular carcinoma

breast cancer

pancreatic carcinoma

- leukemia

thyroid cancer

skin cancer *
brain tumor *
head and neck cancer *

gastric cancer
colorectal cancer
prostate cancer
esophageal cancer
cervical cancer
ovarian cancer
renal cell carcinoma ”
lymphoma *
sarcoma ”

testicular cancer *
gall bladder cancer *

Subtype *

non-small cell lung carcinoma
small cell lung carcinoma
hepatitis C virus

hepatitis B virus

breast ductal carcinoma

pancreatic ductal adenocarcinoma
chronic myeloid leukemia
chronic lymphocytic leukemia
acute myeloid leukemia
acute lymphoblastic leukemia
papillary thyroid carcinoma
follicular thyroid carcinoma
follicular thyroid adenoma
melanoma

non-melanoma
neuroblastoma

oral cancer

oral premalignant lesions

Table 1 Human cancer
types in dbDEPC 2.0

* marked the new
human cancer types and
subtypes in dbDEPC 2.0.




Data content additions
«_«_ 7

C

Brain Tumoar [
Breast Cancer I__e__a?
Cervical Cancer _ 15
Colorectal Cancer [ ]| g
Esophageal Cancer [ 4
Gall Bladder Cancer || 4
Gastric Cancer [ HRRNEG—— -
Head and Neck Cancer |:.
Hepatocelular Carcinomia E_ 57
Leukemia [ RN |7
Lung Adenocarcinoma [ [N -<

Lymphoma [l 5
Ovarian Cancer |:- 18

Pancreatic Carcinoma 14
Prostate Cancer [ ] ¢
Renal Cell Carcinoma .
Sarcoma 7
Skin cancer [ &

Testicular Cancer || 1
Thyroid Cancer [_] 5

(C) Increasing number of
experiment datasets in each
cancer.



experimental descriptions

Mormal vs. Cancer

43% tissue
13% cell line

Cancer vs, Cancer
6% tissue
3% cell line

Treatment
2% tissue
Metastasis 22% cell line
3% tizsue
8% cell line

According to the experimental
designs, all datasets could be
categorized into four types of
studies:

normal vs. cancer
comparison: 56%
cancer vs. cancer comparison:
9%

cancer metastasis studies:
11%

treatment research:24%
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We also provide a
downloadable zip file
containing two files, which

s can be imported by
QIE582Q9VF |
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e A possible scenario of how dbDEPC could benefit
cancer studies.

Experiment Results

e et JNELASIASIS..... breast cancer

Design: | Metastasis IZ| Cancer Mame: | Breast Cancer IZ|
Sample Type: | please select |L| Sample Size: | please select |L|
Organism: | please select |Z| Mass-Spectrometry:
Search-Engine: Quantification: | please select IZ|

Please select experiments in the check box, and then view the differentially expressed proteins (DEPs); Or select two to three experiments to view the DEPs

intersection among these experiments.

[View Proteins ] [ Intersection

Cancer

[F] ExplD Design Sample Control Sample Case
Name

Metastasizs human MDA-ME-435 breast cancer cell line highly metastatic variant of human MDA-ME-435 breast cancer cell line
HER-2/neu- tive b t MDA-ME-231 and MCF-

Metastasis nelu negative breast cancer | an HER-2/neu-positive breast cancer (ET474 and SKEr3 cell line)
104 cell line)
low-grade breast primary tumor tissues without

Metastasiz = * = low-grade breast primary tumor tissues with metastases
metastases
low-grade b tpri i H ithout

Metastasis 0\«\;grta © breast primary tumor tissues withou low-grade breast primary tumor tissues with metastases in lymph node
metastases

&67MR({The &7NR cancer cell line can form primary tumor  168FARN|cells of the 16BFARM line disseminate from mammary fat pads and
Metastasiz but no tumor cells can be detected in any distant tissues can be detected in lymph node but are rarely detectable in lung indicating
including blood, lymph nodes and the lungs) that they are unable to accomplish extravasation effectively)

67NR(The 67TMR 1L i fi i t
{The caneer et ing can form primary tumer 4T07(cells of the 4T07 cells are able to spread to the lungs but cannot

Metastasis but no tumor cells can be detected in any distant tissues K . .
establish visible metastatic nodules)

including blood, lymph nodes and the lungs)

67MR{The 67MR 1Lt fi i t
{The S RS S T 4T1{cells of the 4T1 lines are able to complete all steps of metastasis and

Metastasis but no tumor cells can be detected in any distant tissues L. . X .
form visible metastatic nodules in the lungs efficiently)

including blood, lymph nodes and the lungs)
cerebrospinal fluid of control and breast carcinoma cerebrospinal fluid of breast carcinoma with Leptomeningeal Metastasis

Metastasis
without Leptomeningeal Metastasis individuals individuals

13

36

40

41

0

43

58

40

you can see 24
experiments



Experiment Results

Please select conditions to filter the experiment results. . = eS -

eight experiments would
meet sucilcriteria.

Design: |Metastasi5 IZ| Cancer Hame: | Breast Cancer IZ|

—— TR Tissues s

Organism: | Homo sapiens |Z| v ' | |
omo SapTens
Search—Engine:| Quantification: n

focusing on

Please select experiments in the check box, and then view the differentially expressed proteins (DEPs); Or select two to three experiments to view the DEPs b reaSt Can Cer

in mong these experiments. H
Cvieweroteins jmmm V| ew prote| ns concerning

lymph node
ExplD Cancer Name Design Sample Control Sample Case f ‘-

EXP00052 Breast Cancer Metastasis low-grade breast primary tumor tissues without metastases low-grade breast primary tumor tissues with metastases 3 4 metastases, yOU

! de b t pri t ti ith metast; i
EXP00053 Breast Cancer Metastasis low-grade breast primary tumor tissues without metastases owrBrade breast primary tmer Hssuss with metastases in 13 6 Select three

lymph node
. cerebrospinal fluid of control and breast carcinoma cerebrospinal fluid of breast carcinoma with eX e rl m e nts
EXPO006T B t C Metastasis 3 1
e without Leptomeningeal Metastasis individuals Leptomeningeal Metastasis individuals p
EXP000Y5 Breast Cancer Metastasis Tumors That Have Mot Metastasized to the Lymph Modes  Tumors That Have Metastasized to the Lymph Modes 229 (EXPOOOQS,
tients developed distant metastases within three-yea

EXP00099 Breast Cancer Metastasis breast cancer tissue samples :}:llm:up =3 ntme watmn Hhres r 1 2 EX P002 13 an d

Breast Cancer (breast Serum samples from patients with lymph node-negative Serum samples from patients with lymph nodepositive Ex P002 15)
EXP00213 . Metastasis . ) . 13 9

ductal carcinoma) invasive ductal carcinoma of the breast [IDCB-LMN(-)] invasive ductal carcinoma of the breast [IDCBLM{+)]

Breast Cancer (breast Metastasi Serum samples from patients with lymph node-negative Serum samples from patients with lymph nodepositive

EXPO0215
I ductal carcinoma) invasive ductal carcinoma of the breast [IDCB-LMN(-)] invasive ductal carcinoma of the breast [IDCELM{+]]

tissues from breast cancer without Leptomeningeal C5F|cerebrospinal fluid) samples of breast cancer with
EXP00313 Breast Cancer Metastasis ) P s ‘ . P ) i P
metastasis (LM) Leptomeningeal metastasis (LM)



, all differentially expressed proteins identified in three
periments are provided as a downloadable tab separate text file, in this case,
4 proteins altogether.

‘Validated” tag, the user can see that only eight proteins were validated by
aditional biochemical assays.

protein cancer MS experment profile network upload
»
o o

Differentially Expressed Proteins List

All Validated Not validated

UniProt ID  Organism Description Cancer Name Design Diff Ratio ExplD
000293 HUMAMN Chloride intracellular channel protein 1 Breast Cancer Metastasis Down EXPO009%5
075083 HUMAMN ‘WD repeat-containing protein 1 Breast Cancer Metastasis Down EXP000%5
PO1011 HUMAN Alpha-1-antichymotrypsin Ereast Cancer (breast ductal carcinoma) Metastasis Up EXPO0213
POZ774 HUMAMN Vitamin D-binding protein Ereast Cancer (breast ductal carcinoma) Metastasis  Up EXP00215
PO7339 HUMAN Cathepsin D Breast Cancer Metastasis Down EXP00095
P1379 HUMAMN Plastin-2 Breast Cancer Metastasis Down EXPO0095
P50454 HUMAN Serpin H1 Breast Cancer Metastasis  Up EXP000%5
008380 HUMAN Galectin-3-binding protein EBreast Cancer (breast ductal carcinoma) Metastasis Up EXPO0215

Copyright 72008-2011 Bioinformatics Center, Shanghai Institutes for Biological Sciences, Chinese Academy of Sciences. All rights reserved.
This page was last updated 2011-06-30 | The pages work well with Internet Explorer 8 ,Firefox 3.5+ ,Google Chrome ,Safari.

View detail protein annotation information




Experiment Results

Please select conditions to filker the experiment results.

Design: |Metastasis |E| Cancer Name: | Breast Cancer El
Sampe Topes s [ E—
Organism: | Homo sapiens El Mass-Spectrometry: | |

Search-Engine: | Quantification: | please select n

Please select experiments in the check box, and then view the differentially expressed proteins (DEPs); Or select two to three experiments to view the DEPs
intersection among tl riments.

[View proteins | | ntersection] View experiments comparison

ExplD Cancer Hame Design Sample Control Sample Case f ‘
EXP00052 Breast Cancer Metastasis low-grade breast primary tumor tissues without metastases low-grade breast primary tumor tissues with metastases 3 4
I de b t pri t al ith metastases i
EXP00053 Breast Cancer Metastasis low-grade breast primary tumor tssues without metastases low-ira ed reast pmary tumor Gssues with me n 13 &
lymph node
cerebrospinal fluid of control and breast carcinoma cerebrospinal fluid of breast carcinoma with
| EXPO00&T B tC Metastasis 3 1
e without Leptomeningeal Metastasis individuals Leptomeningeal Metastasis individuals
EXP000%5 Breast Cancer Metastasis Tumors That Have Not Metastasized to the Lymph Nodes Tumors That Have Metastasized to the Lymph Nodes 22 19
tients developed distant metastases within thi
EXP000%% Breast Cancer Metastasis breast cancer tissue samples =y x= nkme Rl s 1 2
follow-up.
Ereast Cancer (breast . Serum samples from patients with lymph node-negative Serum samples from patients with lymph nodepositive
EXPO0213 Metastasi 13 9
ductal carcinoma) = invasive ductal carcinoma of the breast [IDCE-LMN(-]] invasive ductal carcinoma of the breast [IDCELN{+)]
EXPO0215 Breast Cancer (breast Metastasis Serum samples from patients with lymph node-negative Serum samples from patients with lymph nodepaositive B8
ductal carcinoma) invasive ductal carcinoma of the breast [IDCB-LN{-]] invasive ductal carcinoma of the breast [IDCBLN{+]]
EXPO0313 Breast Cancer Metastasis tissues frlom breast cancer without Leptomeningeal [SFlcereblrospinal fluid) s.lamples of breast cancer with 5 ’
metastasis (LM) Leptomeningeal metastasis (LM)

focusing on breast cancer concerning lymph node metastases, you select
three experiments (EXP00095, EXP00213 and EXP00215)



mparison

Venn Diagram of DEPs Overlap in Different Experiments

Up expressed DEPs Down expressed DEPs

EXPDO0OSS EXPO0O213 EXPOO0S5 EXPO0O213

0
00

EXFOO215 o]

the three experiments come up with two venn-diagrams showing the
intersection of up-regulated and down-regulated proteins
respectively in these experiments.

*Protein numbers that were identified by multiple experiments can be
seen, such as, one up-regulated protein was identified by two studies
(EXP0O0095 and EXP00213), etc.



Associated DEPs network
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Citation by other papers
S

e major protein bioinformatics databases and
resources that are relevant to comparative
proteomics research.

e dbDEPC is a curated database that contains over
4000 protein entries, from 331 experiments across
20 types of human cancers. The database may be
used to search for particular proteins to determine
their range of expression and changes as may be
related to genomic aberrations. Information is
provided pertaining to experimental design, and
tools are available for filtering and for network
analysis.

WIRESs Syst Biol Med 2012, 4:327-337. doi: 10.1002/wsbm.1169



Prediction Modeling
-

e Wenxi Li#, Lu Xie#, Xianghuo He#, Jinjun Li#, Kang Tu, Lin
Wel , Jun Wu, Yong Guo, Xi Ma, Pingping Zhang, Zhimei Pan,
Xin Hu, Yingjun Zhao, Halyang Xie, Guoping Jiang, Taoyang
Chen, Jianneng Wang, Shusen Zheng, Jing Cheng, Dafang
Wan, Shengli Yang, Yixue Li, Jianren Gu. MicroRNA
Signatures in Hepatocellular Carcinoma Diagnostic and
Prognostic Implications. International Journal of Cancer,
2008, 123(7):1616-1622.

e Lin Wei, Baofeng Lian, Yuannv Zhang, Wel LI, Jianren Gu,
Xianghuo He*, Lu Xie*. Application of microRNA and mRNA
expression profiling on prognostic biomarker discovery for
hepatocellular carcinoma. BMC Genomics. 2014, 15(Suppl
1):S13 doi:10.1186/1471-2164-15-S1-S13



e Tao Huang, Kang Tu, Yu Shyr, Chao-Chun Wel, Lu
Xie* and Yi-Xue Li*. The prediction of interferon
treatment effects based on time series microarray
gene expression profiles. Journal of Translational
Medicine, 2008, 6:44.

e Cai Y-D*, Huang T, Feng K-Y, Hu L, Xie L*. (2010) A
Unified 35-Gene Signature for both Subtype
Classification and Survival Prediction in Diffuse
Large B-Cell Lymphomas. PLoS ONE 2010, 5(9):
el2726. doi:10.1371/journal.pone.001272



Work case 3: Prognosis prediction
-

e microRNAs profiles of 78 matched
cancer/noncanerous liver tissues from HCC
patients and 10 normal liver tissues. 69
MIRNAs were differentially expressed
between hepatocellular carcinoma (HCC)
and corresponding noncancerous liver
tissues (N). The set of differentially
expressed miRNAs could distinctly classify
HCC, N and normal liver tissues (NL).



e some of these differentially expressed
MIRNASs were related to the clinical factors of
HCC patients.

e high expression of hsa-miR-125b was
correlated with good survival of HCC patients.
overexpression of miR-125b in HCC cell line
could suppress cell growth and
phosporylation of Akt.



e w8 e e w8 o mom w mee e m o m aee mmm e e —

TARLE 1- A SET OF 10 mifNAs WHICH COULD DISCRIMINATE HCC VERSUS RONCANCEROUS LIVER (W) VERSUS NORMAL LIVER (KL} (¢ < 0.05

BN Chmmosome Liog matios of miBN As expression
’ location Hoet gene HCCve N HCCw.NL  Nug NL Relevance to cancet

hsamiR-101  1pd.l Intergenic -0958 2236 1278  LC,CLL,BC, HCC
hsa-miR-148a  7pl52 Intergenic -0483 1363  -0880 PCBC
hsa-miR-181a 0g333 NRAAL 0438 1.314 0876 PG
hsa-rmR-214 1g24.3 DNM3 —.383 0.787 1.170
hsamiR221  Xpll3 Intergenic 1570 2704 1133 C(LLCC,PAC,SC,PG, PTC, PC, BC
ha-miR222  Xpll3 Iiergenic 1405 2389 098  PG,HCC PTC,PC,BC,CLL
hsa-miR-25 Tq22.1 MCM7 (1.941 1.764 (1.823 PTC, PC, PAC, 5C, PG, PC,BC
hsamiR-20c 1322 Intergenic -0694 —189%4  —1200 CLL.PTC,PC, BC
hsamiR-34a  1p36.2 Inter genic 0480 1480 1001  CLL,.CC

hsamiR424  xq263  OTTHUMTO0000058372  —0472  —1817  —1345

BC, breast cancer; CC, colorectal cancer; CLL, chronic lymphocytic leukemia; HCC, hepatocellular carcinoma; LC, lung cancer; PA, pitui-
tary adenomas; PAC, pancreatic cancer; PC, prostate cancer; PG, pimary glioblastoma; PTC, papillary thyroid carcinoma; 5C, stomach cancer.

10 miRNASs to discriminate HCC vs Non-tumor vs Normal liver




TABLE I - MICRORN As CORRELATED WITH DIFFERENT CLINICO-PATHOLOGICAL FEATURES OF HOC PATIENTS

E 0 of miRNAS Metastasiz Cirthosis HEW
Mo Yes P value My Yes prvalue Negative Positive Pvalue

hsa-miR- 106a Low High 0.006

hsa-miR- 106b Low High 0.000

hsa-miR-17-5p Low High 0.007

hsa-miR-194 Low High 0.000

hsa-miR-25 Low High 0.000

hsa-miR-296 Low High 0.004 Low High 0.014

hsa-miR-30d Low High 0.000

hsa-miR-92 Low High 0.003

hsa-miR-93 Low High 0.000

hsa-miR-%9b Low High 0.020

hsa-miR-202 High Low 0.013

hsa-miR-424 High Low 0.042

hsa-miR-516-3p High Low 0.023

hsa-miR-98 High Low 0.000

hsa-miR-122a High Low 0.044 Low High 0.002
hsa-miR-210 High Low 0.035
hsa-miR- 103 High Low 0.004

MIiRNA expression correlated with clinical features




TABLE HI - MULTIVARIATE COX HAZARD REGRESSION ANALYSIS FOR PROGNOSTIC FACTORS

Variate Subset Hazard ratio (95% confidence interval) pvalue
Sex Male/female 1.373(0.614-3.071) (.440
Age =30f<50 0.951 (0.486-1.863) (0. 880
AFP =400/ <400ug/l 1.OBS (0.599-1.963) 0.790
Cirrhosis Yesmo 2821 (1.409-5.647) 0.003
ABsAg Posttivenegative 0. 0.330-1.799) 0.550
Alcohol abuse Yesmo 0481 (0.207-1.118) 0.089
hsa-miR-125h High/low 0.562 (0.307-1.027) 0.061

Prognostic clinical features




a hsa-miR-125b, hazard ratio =1.787(1.020,3.133),

pvalue=0.043 (37:38) b hsa-miR-125b + citrhasis, hazard ratio=2.060(1.380,3.070),
pvalue=0.00039(18:37:20)
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Work case 4: treatment prediction
-

e Tao Huang, Kang Tu, Yu Shyr, Chao-Chun
Wel, Lu Xie* and Yi-Xue Li*. The prediction
of interferon treatment effects based on time
series microarray gene expression profiles.

Journal of Translational Medicine, 2008,
6:44.



e (Gene expression profiles—subtypes of patients—
response to therapy—choice of therapy

e Time series gene expression profiles—prediction of
therapy response

— OO0

Personalized Medicine

ean of expression value




Data Source

e In Milton W. Taylor’'s study, 33 African-American (AA)
and 36 Caucasian American (CA) patients with chronic

HCV genotype 1 infection received pegylated interferon

and ribavirin therapy.

HG-U133A GeneChip was used to analyze the global
gene expression in peripheral blood mononuclear
cells (PBMC) of all the patients on days 0
(pretreatment), 1, 2, 7, 14, and 28 (GsE7123).

HCV RNA levels were assessed by a quantitative
PCR-based assay on day O (pretreatment) and 28.

JOURNAL OF VIROLOGY, Apr. 2007, p.
3391-3401



Time-dependent diagnostic model
-

e The main idea of our model is to fully utilize
gene expression profiles before and during
treatment to predict the final treatment outcome.
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The Leave-one-out cross-validation results of

all patients, AA patients and CA patients on day 1
B A =A PN

All patients AA patients CA patients
Predicted Predicted Predicted Predicted Predicted Predicted
Good poor Good poor Good poor
Actual Actual Actual
2X 2 Table 28 8 16 3 17 0
Good Good Good
Actual Actual Actual
8 14 4 5 0 13
poor poor poor
Accuracy 72.4% 75% 100%
7 20T 0 A R

* Good means good response, poor means Poor response.



Function Module: network analysis
-

e Kang Tu, Hui Yu, Youjia Hua, Yuan-Yuan LI, Lei Liu*, Lu Xie*,
Yixue Li*. Combinatorial network of primary and secondary
microRNA-driven regulatory mechanisms. Nucleic Acids
Research, 2009, 37 (18): 5969-5980

e Hui Yu, Kang Tu, Yi-Jie Wang, Jun-Zhe Mao, Lu Xie*, Yuan-
Yuan Li*, Yi-Xue Li*. Combinatorial Network of Transcriptional
Regulation and microRNA Regulation in Human Cancer. BMC
Systems Biology. 2012, 6:61 doi:10.1186/1752-0509-6-61.

e Lingyao Zeng, Jian Yu, Tao Huang, Huliang Jia, Qiongzhu
Dong, Fei He, Weilan Yuan, Lunxiu Qin, Yixue Li*, Lu Xie*.
Differential combinatorial regulatory network analysis related to
venous metastasis of hepatocellular carcinoma. BMC
Genomics. 2012, 13(Suppl 8):S14.
http://www.biomedcentral.com/1471-2164/13/S8/S14.



e Tao Huang, Lei Liu, Qi Liu, Guohui Ding, Eugene Tan, Zhidong
Tu, Yixue Li, Hongyue Dai*, Lu Xie*. The role of hepatitis C
virus in the dynamic protein interaction networks of
hepatocellular cirrhosis and carcinoma. International Journal
of Computational Biology and Drug Design 2011, 4(1): 5-1

e Weilan Yuan, Tao Huang, Jian Yu, Lingyao Zeng, Baofeng Lian,
Qinwen He, Yixue Li, Xiaoyan Zhang*, Fengli Zhou*, Lu Xie*.
Comparative analysis of viral protein interaction networks in
Hepatitis B Virus and Hepatitis C Virus infected HCC.
Biochimica et Biophysica Acta (BBA) - Proteins and
Proteomics. Available online 14 June 2013
http://dx.doi.org/10.1016/j.bbapap.2013.06.002
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http://dx.doi.org/10.1016/j.bbapap.2013.06.002

Work case 5: regulatory network
S

e Kang Tu, Hui Yu, Youjia Hua, Yuan-Yuan Li,
Lei Liu, Lu Xie*, Yixue Li*. Combinatorial
network of primary and secondary
microRNA-driven regulatory mechanisms.
Nucleic Acids Research, 2009,
doi:10.1093/nar/gkp638.
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Table 1. Targets of miRMNA-induced degradation and TF mediators of miRMNA-triggered regulation, summanzed for each of 53 MPGE datasets

Dataset mikMNA Cell line Time K-S test  Degraded TF mediators Shuffling
group point Pwalue  targets P-value
GDS18E5E miR-1 Hela 1z 1.2e-15 91 ETS1, CREB1, YY1 0
24 47215 107 TFAPZA, CREB1, YY1, SREBFI1 0
miR-124 12 LEe-12 109 GLIF 0.04
24 f.Se-22 132 MLLT?, NEX6.1 003
miR-373 1z 9.7e05 17 MYCMN 003
24 4.0 12 MNFEYA, TALL, TFAPY, KLFI12 0

GDS2657  miR-124 Hep(i2
53 miRNA-perturbed mRNA expression profiling datasets

NRICIT, BACH2, IRFI

24 1.3-73 166 AHR®, RREBI 0
32 6.2e—64 329 AHR", SP1°, EGR1, RELA", RREBI, 0
MNERIC1, 5P2
T2 2250 X2 CREB1, 5P1, ETS1, MLLT7, SP2 0
120 11e—19 144 AHR", 5P17, MLLT7 0
GSEMTY let-Tad AS40 Mot known  1.1e-2 1 PAXE HOXAL BACH2 BEGER3I, MYC 002
GSERRIE  let-To HCT116 Dicer—/— #2 24 [ 211 MYC 003
milR-142 10 5. Te-08 82 MEF2A 008
24 44222 77 MFATC3, MEF2A 004
mik-1{ f 3 4e-35 234 - -
10 £e—34 158 FOX 12 003
24 f.lle—51 246 EGR2 007
miB-147 10 32206 1 FOXIz* 004
24 THe—15 0 - -
miR-15a B 1.3e-13 0 HOXCE, TBP, POUIFZ, FOXCI 001
10 £.3e-51 224 - -
14 T.2e-25 i POLUIE2 00z
24 319230 T8 WT1 006
mik-15hb 14 2226 i} FOXCl 006
24 4 he—37 69 FOX (1 007
mik-16 i 23223 B3 - -
14 26229 181 - -
14 5940 0 BACH2 011

24 L1e-20 46 _ -

L T T T R | C G T ] T - I =l L L e B s o s o1 e
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the regulatory cascades triggered by the miR-34, let-7, miR-17 and miR-1 families
may be linked together to form a tumor-related regulatory network.



Work case 6: protein interaction network
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on gene expression data. However network level comparison combining viral-human interaction o Ks
and dysfunctional protein interaction network for HBV and HCV-HCC has rarely been done before %/
work we did some pioneer job in construction of HBV/HCV viral dysfunctional network in HCC, in hope of in-
vestigating viral infection impact on the change of genome expression and eventually, the development of
HCC. We found that HBx, the main HBV viral
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Table2

Characteristics of the dysfunctional netwark of HBV/HCV-infected HCC.

Nodes  Edges  The KEGG enrichment of Hub nodes
dysfunctional nodes
Dysfunctional network of 359 625 (el cycle, DNA replication MKI67, BIRCS, CCNBI,
HBV-infected HCC (DKN3, MELK, PRCT
Dysfunctional network of 391 663 Focal adhesion, ECM-receptor TOP2A, KIF20A, CNBI,
H(V-infected HCC Interaction, chemokine MMP2, CCL19, KIF4A, [TGA9

signaling pathway, complement and coagulation
cascades, arachidonic acid metabolism
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