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Translational medicine 

 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 

 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.  

 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 

 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 

 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 

 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.  

 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 

  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.  

 Move from laboratory experiments through 

clinical trials to point-of-care patient 

applications. 

 



Translational medicine 

 Examples of failed translational research 

abound in the pharmaceutical industry, such 

as the failure of anti-aβ therapeutics in 

Alzheimer‘s disease. Other problems arise 

from the widespread irreproducibility in the 

translational research literature. 



Why bioinformatics 

 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.  

 Collaboration, data sharing, data integration and 

standards are important.  

 Only by seamlessly structuring and integrating these 

data types will the complex and underlying causes and 

outcomes of illness 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 

 Translational research requires that information and 

data flow from hospitals, clinics and study 

participants in an organized and structured format, to 

repositories and laboratories.  

 Meeting the increased operational requirements of larger 

studies, with ever increasing specimen counts, larger 

and more complex systems biology data sets, and 

government regulations.  

 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 

 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 

 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 

including MATLAB, Mathematica, SPSS 

and SAS have built-in algorithms or add-on 

modules for neural network analysis and 

optimization. 



Computational approaches 

 Interaction 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 

 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). 

 

 



 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 

 High dimensional data generation and 

challenge:  

Genomics 

Transcriptomics 

Proteomics 

Metabolomics 

… 

 

 

 

 



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 



 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.  

 

 Personalized Therapy 

 

High-dimensional Biology  
for complex diseases 



Perumal Vivekanandan and OM V Singh. Expert Rev Proteomics, 5(1): 45-60, 2008. 









Xiaoping Liu, et al. Whole-exome sequencing reveals recurrent somatic mutation 

networks in cancer. Cancer Letters 340 (2013) 270–276 



Application: Class Prediction 

Subclass 

Treatment 

Prognosis 

… 

 



Translational medicine 
-personalized medicine, individual therapy 

 The goal of personalized treatment of 

patients is to get “the right drug to the right 

patient with the right dose”. 

Ulrich Kruse1, Marcus Bantscheff1, Gerard Drewes1, Carsten Hopf1,2* 

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 

 



 precise knowledge of the molecular classes  

 

 effective blockade of specific pathways 

 

  well designed clinical trials 

 

The conjunction to implement personalized 

medicine (each individual patient classified to 

the right groups-the right treatment). 

Translational 



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. 



Isha Kapoor, et al. Proteomics approaches for myeloid leukemia drug discovery. Expert 

Opin. Drug Discov. (2012) 7(12):1165-1175  



Recurrence 

Treatment 

Customized 

predictive 

systems 

4 types of 

predictors 

Prognosis 

Development 



Application: Drug Discovery 

Drug target 

Drug repositioning 

Network drug 

 



Examples 

 Breast cancer:Brca1/2 mutations-

prophylactic surgery；Her-2 overexpressing-

Herceptin 

 Non-small cell lung cancer：EGFR mutation 

positive-EGFR tyrosine kinase inhibitor-

Iressa.  

 



 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. 

 Anti-signaling transduction, anti-angiogenesis. 

 Advanced renal cancer( and hepatocellular cancer, 

melanoma, tested on more than 20 malignancies). 

 

 Cocktails of multi-target therapy 

 

 



Francisco Azuaje. Drug interaction networks: an introduction to translational and clinical 

applications. Cardiovascular Research (2013) 97, 631–641 











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 









A Savonarola, et al. Pharmacogenetics and pharmacogenomics: role of mutational analysis in anti-

cancer targeted therapy. The Pharmacogenomics Journal (2012) 12, 277 -- 286 







Biomarker Discovery 

Prediction Modeling 

Network Analysis 

Work Cases 



Biomarker resource 

 Jun Wu, Qingchao Qiu, Lu Xie, Joseph Fullerton, 

Jian Yu, Yu Shyr, Alfred L George Jr and Yajun Yi. 

Web-based Interrogation of Gene Expression 

Signatures Using EXALT. BMC Bioinformatics, 

2009, 10:420 

 Ying He, Menghuan Zhang, Yuanhu Ju, Zhonghao 

Yu, Daqing Lv, Han Sun, Weilan Yuan, Fei He, 

Jianshe Zhang, Hong Li, Jing Li, Rui Wang-Sattler 

Yixue Li, Guoqing 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 

 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 

Suppresses the Invasive-Metastatic Cascade in Hepatocellular Carcinom.Journal of 

Experimental Medicine. 2013, 210(4):789-803. doi: 10.1084/jem.20120153.  

 Han Sun, Xiaobin Xing, Jing Li, Fengli Zhou, Yunqin Chen, Ying He, Wei Li, Guangwu Wei, 

Xiao Chang, Jia Jia, Yixue Li*, Lu Xie*. Identification of Gene Fusions from Human Lung 

Cancer Mass Spectrometry Data. BMC Genomics. 2013, 14(Suppl 8):S5) 

doi:10.1186/1471-2164-14-S8-S5. 

 J Zhou, J Wu, B Li, D Liu, J Yu, X Yan, S Zheng, J Wang, L Zhang, L Zhang, F He, Q Li, 

A Chen, Y Zhang, X Zhao, Y Guan, X Zhao, J Yan, J Ni, M A Nobrega, B Löwenberg, 

R Delwel, P J M Valk, A Kumar, L Xie, D G Tenen, G Huang and Q-f Wang. PU.1 is 

essential for MLL leukemia partially via crosstalk with the MEIS/HOX pathway. Leukemia. 

Advance online publication 21 January 2014; doi: 10.1038/leu.2013.384. 

 

 

 



Work case 1: RNA level cancer biomarker 

 

 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? 

 EXALT was developed to enable comparisons of 

microarray data across experimental platforms, 

different laboratories, and multiple species. 

 

 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: 

Input keywords 



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

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. 



 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. 

 

 The search engine is time-effective and user-friendly 

to  biologists and clinicians.  

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



Wark case 2: Protein level cancer biomarker 

 



 

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

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


DATABASE CONTENTS 

 In the current release, dbDEPC contains information on 4092 

differentially expressed proteins (DEPs) in 20 different 

human cancer types and 18 subtypes. dbDEP 1.0 dbDEPC 2.0 

differentially 

expressed proteins 

(DEPs)  

1803 4092 

Cancer types 15 20 (18 subtype) 

MS experiments 65 331 

Publications 47 241 



Cancer Type Subtype * 

lung adenocarcinoma 
non-small cell lung carcinoma  
small cell lung carcinoma 

hepatocellular carcinoma  
hepatitis C virus 
hepatitis B virus 

breast cancer  breast ductal carcinoma 

pancreatic carcinoma pancreatic ductal adenocarcinoma 

leukemia  

chronic myeloid leukemia 
chronic lymphocytic leukemia 
acute myeloid leukemia 
acute lymphoblastic leukemia 

thyroid cancer  
papillary thyroid carcinoma 
follicular thyroid carcinoma 
follicular thyroid adenoma 

skin cancer * 
melanoma 
non-melanoma 

brain tumor * neuroblastoma 

head and neck cancer * 
oral cancer 
oral premalignant lesions 

gastric cancer 
colorectal cancer 
prostate cancer 
esophageal cancer 
cervical cancer 
ovarian cancer 
renal cell carcinoma * 
lymphoma * 
sarcoma * 
testicular cancer * 
gall bladder cancer * 

Table 1 Human cancer 
types in dbDEPC 2.0 
 
* marked the new 
human cancer types and 
subtypes in dbDEPC 2.0. 



Data content additions 

(C) Increasing number of 

experiment datasets in each 

cancer. 



experimental descriptions 

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% 



 



We also provide a 

downloadable zip file 

containing two files, which 

can be imported by 

Cytoscape. 





 A possible scenario of how dbDEPC could benefit 

cancer studies. 

 find the differentially expressed proteins in metastatic breast 

cancer. 
metastasis breast cancer 

you can see 24 

experiments 



 Further, you want the samples to be human tissues. 

Tissues 

Homo sapiens 

eight experiments would 

meet such criteria.  

focusing on 

breast cancer 

concerning 

lymph node 

metastases, you 

select three 

experiments 

(EXP00095, 

EXP00213 and 

EXP00215) 

View proteins 



•“View Proteins” button, all differentially expressed proteins identified in three 

experiments are provided as a downloadable tab separate text file, in this case, 

94 proteins altogether. 

•“Validated” tag, the user can see that only eight proteins were validated by 

traditional biochemical assays. 

 

View detail protein annotation information 



  

focusing on breast cancer concerning lymph node metastases, you select 

three experiments (EXP00095, EXP00213 and EXP00215) 

View experiments comparison 



•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 

(EXP00095 and EXP00213), etc.  

View experiments comparison 



DEPs association 

network tool  



Citation by other papers 

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

 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. 

 
WIREs Syst Biol Med 2012, 4:327–337. doi: 10.1002/wsbm.1169 



Prediction Modeling 

 Wenxi Li#, Lu Xie#, Xianghuo He#, Jinjun Li#, Kang Tu, Lin 

Wei , Jun Wu, Yong Guo, Xi Ma, Pingping Zhang, Zhimei Pan, 

Xin Hu, Yingjun Zhao, Haiyang 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.  

 Lin Wei, Baofeng Lian, Yuannv Zhang, Wei 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 

 



 Tao Huang , Kang Tu, Yu Shyr, Chao-Chun Wei, 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.  

 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): 

e12726. doi:10.1371/journal.pone.001272 

 



Work case 3: Prognosis prediction 

 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).  



 some of these differentially expressed 

miRNAs were related to the clinical factors of 

HCC patients.  

 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.  

 

 



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



miRNA expression correlated with clinical features 



Prognostic clinical features 



Prognosis by single miRNA 

Prognosis by single miRNA + cirrhosis 



Work case 4: treatment prediction 

 Tao Huang , Kang Tu, Yu Shyr, Chao-Chun 

Wei, 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.  



 Gene expression profiles—subtypes of patients—

response to therapy—choice of therapy 

 

 Time series gene expression profiles—prediction of 

therapy response 

Personalized Medicine 



Data Source 
 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 0 (pretreatment) and 28.   

JOURNAL OF VIROLOGY, Apr. 2007, p. 

3391–3401 



Time-dependent diagnostic model 
 

 

 The main idea of our model is to fully utilize 

gene expression profiles before and during 

treatment to predict the final treatment outcome. 





Classifier : C4.5  

Simplified predictor: Day 1 classifier 



The Leave-one-out cross-validation results of  

all patients, AA patients and CA patients on day 1 

 All patients AA patients CA patients 

 
Predicted 

Good 

Predicted 

poor 
 

Predicted 

Good  

Predicted 

poor  
 

Predicted 

Good 

Predicted 

poor 

Actual 

Good 
28 8 

Actual 

Good 
16 3 

Actual 

Good 
17 0 2×2 Table 

Actual 

poor 
8 14 

Actual 

poor 
4 5 

Actual 

poor 
0 13 

Accuracy 72.4% 75% 100% 

 

* Good means good response, poor means poor response. 

所有病人 黑人 白人 

疗效预测准确率 



Function Module: network analysis 

 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  

 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. 

 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.  

 



 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 

 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 

 

http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://www.sciencedirect.com/science/journal/15709639
http://dx.doi.org/10.1016/j.bbapap.2013.06.002


Work case 5: regulatory network 

 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.  





miRNA-

target 

genes 

miRNA-mRNA datasets 

TF-target 

genes 

Degraded 

targets 

TF 

mediators 

miRNA-initiated 

regulatory network 

Functional 

analysis 

Step-wise 

linear 

regression 

model 

Hypothesis 

test 

method 



53 miRNA-perturbed mRNA expression profiling datasets 



miRNA1 

One miRNA initiated 

regulatory network 



 

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. 

 



This article is part of a Special Issue entitled: Computational Proteomics, 

Systems Biology & Clinical Implications. 

 

Work case 6: protein interaction network 















Thank you for your attention 


