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Viper-KR*  
 
• Viper-KR applied to human tissue (obesity / adipose tissue) and cell 

culture transcriptome.  

 

• Data from the Translational Research Institute (TRI) for Metabolism 
and Diabetes, SBP-Florida Hospital (PI Steven Smith) 

 

• The results are promising: multiple computationally predicted gene 
targets were validated experimentally (7 out of 12) 
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Viper - Virtual Inference of Protein-activity by Enriched Regulon analysis 
(Mariano J. Alvarez, Federico Giorgi, Andrea Califano). KR – K-nearest 
neighbor and Random Forest. 



Overview 

• Pt1 - Introduction/Background 

 

• Pt2 - Resources 

– Public and proprietary data sources 

– Selected software and underlying algorithms 

 

• Pt3 – Example Service: Master regulator/driver predictions 

– Example models from in vitro and clinical studies 

– New gene/protein drivers for follow-up confirmation 

– Integration against knowledge repositories/other resources 

 

 

 



Pt1 - Introduction 



Bioinformatics 

• Major driver in current cancer research 

• Oftentimes an afterthought 

• *Should be the driver/guide for your 
studies! 

 

• Quest for drivers/controllers of disease 
– Not cancer-specific… conceptually any 

disease 

– Molecular signatures guiding disease 
processes and drug responses 

– Limited by type(s) of data & available samples 

 

NCI projects (2015) 



Major question today: 
 

What are the drivers of pancreatic cancer progression in 
gemcitabine-treated patients? 
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“Standing on two legs“ 
-A. Eroshkin 
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General framework for modeling (with opportunities & caveats): 
       Transcriptional network inference 



Machine learning: moving towards identifying 
drivers/controllers of processes & diseases 

  
• Naïve classic approach: 

– What are the best correlated interactors with my gene?   

 

  Pearson correlation (distance) 

               < Spearman correlation (rank)  

 < Mutual information (probability) 

 

• Supervised & unsupervised learning 
– Is some prior knowledge used to guide/train predictions? 

– Identify factors influencing overall data behavior (e.g. PCA/dimensional redu.) 

– Many options for modeling: 
• SVMs, flux models, neural nets, ODE/PDE, fuzzy logic clustering, MI/BN models, ABMs, etc.  -- 

 

• Network models: can represent results from these approaches (e.g. Viper) 

 



Networks & centrality 

• Assumption that ‘drivers’ are correlated with some disease phenotype 

• Often assumed to be ‘highly connected’ to other pathway elements 

• Hairball view… not interpretable! 

 

• Network lingo: 
– Node/circle : represents gene/protein/molecular entity in some dataset/database 

– Edge/line/arrow: represents some interaction or inference 

 

 

http://string-db.org/cgi/network.pl?taskId=2_rT3n5wjcWL 

Knowledge-based and/or  
data-driven? 



• Edges can represent either known or putative 
interaction 
– Depends on knowledge database and/or algorithm 

– Type of interaction or inference can vary: 

 

• **Know the interactions’ provenance 
– Also, experimental/biological context of 

interactions?  Instrumentation? 



Pt2 – Some computational resources 

 

 



Recommended tools (DIY!): 

https://www.bioconductor.org/ 

http://www.broadinstitute.org/cancer/software/genepattern/ 

http://www.cytoscape.org/ 

http://genomespace.org 

http://firebrowse.org/ 

D3.js (http://d3js.org)  

***Google it! – thousands of resources available on the web (Github also) 

http://basespace.illumina.com 
 

http://www.metaboanalyst.ca/ 

http://d3js.org/


New tools/services we offer 

• Computational pipeline for CRISPR/Cas9 knockout screens (our 
development) - from reads to “differentially affected sgRNA” 

• Viper-KR - identifies master regulator genes  

• MetaboAnalyst – integrative analysis of metabolic and genomic data 

• ChAMP - Methylation data analysis pipeline 

• Our tool: Sample Surfer* - selects samples (from a large gene 
expression data set) that are similar to a given gene/protein signature 

• Our tool: Regulattice* - interactive analysis environment to analyze 

regulatory modules identified through machine learning, e.g., 
visualization of VIPER results 

• FireBrowse - A simple and elegant way to explore cancer data. 

Bioinformatic Core Tools 



 
http://samplesurfer.burnham.org - intranet 

http://samplesurfer.SBPdiscovery.org - outside of SBP 

 

Bioinformatic Core Tools 
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selects samples (from 
a large gene 
expression data set) 
that are similar to a 
given gene/protein 
signature 

http://samplesurfer.burnham.org/
http://samplesurfer.sbpdiscovery.org/
http://samplesurfer.sbpdiscovery.org/


Godzik lab: How to measure host immune response from 
expression data? 

Courtesy: A. Leblanc, Godzik Lab 

 

Modified figure from Newman et al. Robust enumeration of cell subsets  
from tissue expression profiles. Nat Methods. 2015 12:453-7.  

or ESTIMATE, ssGSEA,  
PERT, Cssam, CellMix 

**Also noteworthy: Cancer3D for identifying cancer driver mutations (structural basis)  
and drug targeting (http://cancer3d.org) 

http://cancer3d.org/


Metabolomics basic example: 

Analytical methods in untargeted metabolomics: state of the art in 2015 
http://journal.frontiersin.org/article/10.3389/fbioe.2015.00023/full 





Human Metabolite DB: HMDB (www.hmdb.ca/downloads)  

Useful annotation source 
 
Rival identifier to PubChem ID, 
ChEBI, compound name, etc. 
 
Used in MetaboAnalyst 

http://www.hmdb.ca/downloads


• MetaCore & MetaDrug    (‘the right leg’) 
– Powerful tool for searching hubs, known/curated interactions across 

multiple biological scales/types, drug targeting, etc. 

– Great companion to predictions obtained from machine learning 

– Used to validate predictions from Viper/master regulator predictions 

 

• NextBio 

• IPA 
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Genomespace (DIY sandbox) 

• Many tools for next-gen data analyses (Broad Inst. & others) 

• Public data championed by TCGA and other sites 

• Personal workspace with 30+gb storage 

 

• Also, geWorkbench in GenomeSpace for AracNe 
– http://wiki.c2b2.columbia.edu/workbench/index.php/Home 

– Sometimes unstable/memory issues (Java-based) 

 

http://genomespace.org/ 
 

http://wiki.c2b2.columbia.edu/workbench/index.php/Home
http://wiki.c2b2.columbia.edu/workbench/index.php/Home
http://genomespace.org/
http://genomespace.org/


Search by gene or 
cancer type 

Download data directly (clickable image) 

Compare 2 analyses 
(SNP vs Expression) 
 
Clinical correlations 
 
Basic pathway  
analysis 

http://firebrowse.org/ 
 

Summary table 
(TCGA) 

http://firebrowse.org/
http://firebrowse.org/


Broad GDAC 



‘Significant’ results indicated with red dot 

Download 
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Drug information – BRCA dataset – not filtered by the FireBrowse tool! 

**Firebrowser is not context-specific** 



Evolving beyond Pearson corr. 
(‘the left leg’) 

• Pearson correlation 
– Linear up/down relationships, sensitive to outliers 

 

• Spearman correlation 
– Up/down relationships, less sensitive to outliers 
– Idea of monotonically increasing/decreasing 

 
• Mutual information 

– Deals with linear & nonlinear relationships 
– Depends on (joint) probability distributions of data 
– Pairwise MI (e.g. in AracNe) almost always used for inference 

 

• Bayesian network/belief-based model 
– Joint probabilities: e.g. P(A) = P(A|B)*P(B) 
– Similar to pairwise MI, but multiple controllers possible 
– More complicated: lots of ways to draw putative network 

 



1. Don’t use Pearson correlations! 
2. Stratify/select data based on PCA/clustering/etc. 
3. Maintain sufficient # of samples 

When Pearson/Spearman metrics work & when they fail: 

GOOD 

GOOD 

BAD 



BN/MI approaches identify nonlinear interactions and 
driver genes totally missed by Pearson/Spearman! 

Hodges et al.  2010. Bayesian network expansion identifies new ROS and biofilm regulators. PLoS ONE. 
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0009513 

**Combines term enrichment with 
nonlinear Bayesian network expansion 
(BN+1)  novel functional prediction 



AraCNe MI 

• Andrea Califano (Columbia U.) 

• Mutual information 
– MI = 0  no information, poor edge/int. 

– MI = 1  ~perfect correlation, excellent edge/int. 

• P-val approaches Inf. as MI  1 
– P-value used in filtering interactions. 

– Filtering needed for N^2-N possible pairwise interactions! 

http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1810318/ 



Viper 

 



Viper: 

• Identifies driver variables from a biological dataset 
 
• Input: Your data or publicly-available 

– Transcriptomics, Proteomics, Metabolomics, Drug Assay, etc. 
– Matrix-style format (tab-delimited, row & column identifiers) 

 

• Output: novel biological hypotheses  
– Master regulators 
– Implicated ‘regulatory module’ members 

 

• Requires two phenotypic groups  
 (e.g. cancer vs normal samples) 

– Can slice data from TCGA, CCLE, published drug assays, etc. 

 

• Recommended minimum 10 samples/group 
– Possible to do ~3 samples, but likely no discriminatory power 

 

 



Viper Pipeline Overview: 

1. Data acquisition & preprocessing 
 

2. Prediction of interactions (AracNe) 
 

3. Compute gene signatures (paired T test) 
 

4. Generate regulons (Viper) 
 

5. Prioritize master regulators (random forest/KNN) 
 

6. Validation/support (Metacore, NextBio, other 
provenance) 
 

7. Advanced visualization & reporting  
        (Regulattice, Metacore, Cytoscape, D3.js, etc.) 
---- 
   Optional:  
 Protein expression prediction (viper) 
 PEx signature matching to samples  
                            (Sample Surfer) 



“Suggestions” 

1. Let your data guide the hypothesis. 

1. 2-group comparison for Viper 

2. Regression recommended for >2 groups 

 

2. Small & homogenous datasets are often 
detrimental to biological inference. 

1. Variability = helpful for machine learning 

2. Recommended min. 5-10 samples per phenotypic group 

 

 

 



GSEA Viper/MARINa 

<email: ahodges@sbpdiscovery.org> 
©2015 SBP  
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Like GSEA, but repeated for every candidate MR (e.g. all genes) 



Part 3 - Examples 

 



Comparisons (so far): 

• Breast cancer analysis 
– **chip details 

– RNAseq analysis 

• RPKM processed (standard format) 

– Comparison of 2 drugs & patient 
responses 

• Tamoxifen 

• Cytoxan 

 

• Glioblastoma (Petrus/Vuori lab) 

• Skeletal muscle (TRI) 
– Good vs poor ATP utilizers 

– Caloric restriction study 

– 5-drug analysis 

• Pancreatic cancer 
– RNAseq analysis 

• RSEM processed (*different!) 

– Comparison of responders vs 
progressive disease 

• Both were treated with gemcitabine 

 

 

• Lung cancer 
– Microarray & RNAseq 

– Comparing early vs late stage 



Typical scenario: 

1. Pre-treat/normalize/batch correct/log transform as needed 

 

2. Filter genes based on coefficient of variation, low abundance 

 

3. Fold-change filtering & ANOVA 

 

4. Run AracNe mutual information on the data 
– Compute interactome/set of possible molecular interactions 

 

5. Run Viper (including student’s T test for signature) 

 

6. Assess results 
– Filter regulons based on NES, p-value, &/- FDR 

– Check enrichment of Master Regulators 

– Check regulon behavior 



Pancreatic cancer analysis 

 

Method: 

• 183 Illumina Hiseq V2 samples from TCGA 

• RSEM – processed (non-RPKM) 

• Used normalized version of gene data 

• Selected all samples of patients treated with gemcitabine 

• Compare responders and non-responders in Viper: 
– “Complete response” (16) vs “Clinical progressive disease” (20) 

– **another group, partial responders, show distinct differences vs both 

 

 

 



Gemcitabine 

MetaCore compound/structure search 
http://portal.genego.com 
 

Target: RRM2B 
*Anti-neoplastic drug* 





https://tcga-data.nci.nih.gov/tcga/dataAccessMatrix.htm?mode=ApplyFilter 



Drug & phenotype information RNAseq data (lvl3, RSEM) 



IFFO2_126917

SLC24A4_123041

ADRB3_155

EMR4P_326342

CLEC12B_387837

EMR3_84658

C6orf97_80129

CLEC12A_160364

CYP27A1_1593

TXNIP_10628
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Initial Viper results: 
 



Pancreatic Cancer 
Top result: tumor suppressor perturbed in pancreatic 

cancer! 

significantMRs Tfmode(MR) 
# genes in 

regulon NES p.value FDR 

TXNIP_10628 1.8265 34 3.67 0.000241 0.033 

CYP27A1_1593 0.773951 46 2.89 0.00386 0.199 

CLEC12A_1603
64 -0.415 34 2.85 0.00436 0.199 

C6orf97_80129 -0.08728 38 2.75 0.006 0.206 

EMR3_84658 -1.08802 39 2.51 0.012 0.329 

IFFO2_126917 0.952298 31 -2.29 0.022 0.469 

CLEC12B_3878
37 -1.23522 48 2.13 0.033 0.469 

EMR4P_32634
2 -0.74868 59 2.09 0.037 0.469 

ADRB3_155 -1.04984 34 2.07 0.038 0.469 http://www.ncbi.nlm.nih.gov/pmc/
articles/PMC4116588/figure/F2/ 



Rank Master 
Regulator 

Name Chr Biological Role(s) 

1 TXNIP Thioredoxin 
interacting protein 

1q2
1.2 

Inhibits antioxidative function of thioredoxin; regulates 
cellular metabolism and ER stress; tumor suppressor 

2 CYP27A1 Cytochrome P450 
family 27 subfamily A 
member 1 

2q3
5 

Monooxygenase, catalyzing reactions in drug 
metabolism, cholesterol/steroid/lipid synthesis, 
mitochondrial protein 

3 CLEC12A C-type lectin domain 
family 12 member A 

12p
13.2 

Negative regulator of granulocyte and monocyte 
function 

4 C6orf97 Coiled-coil domain 
containing 170 

6q2
5.1 

**susceptibility locus in breast cancer (GWAS 
implicated) 

5 EMR3 
(ADGRE3) 

Adhesion G protein-
coupled receptor E3 

19p
13.1 

TM7 transmemberane protein; granulocyte marker; 
mediator: invasive variation in glioblastoma 

6 IFFO2 Intermediate 
filament family 
orphan 2 

1p3
6.13 

Allergic diseases 

7 CLEC12B C-type lectin domain 
family 12 member B 

12p
13.2 

Inhibitory receptor on myeloid cells 

8 EMR4P 
(ADGRE4P) 

Adhesion G protein-
coupled receptor E4, 
pseudogene 

19p
13.3 

Encoded protein not yet detected, thought to be 
soluble vs surface exprs’d 

9 ADRB3 Adrenoceptor beta 3 8p1
1.23 

Regulation of lipolysis and thermogenesis; mediates 
catecholamine-induced activation of adenylate cyclase 
via G proteins 



Implications of parameter selection: sample size, 
p-val filtering, data heterogeneity,  

ANOVA p-value 
(feature filter) 

0.05 0.05 0.05 0.01 0.01 0.01 

AracNe p-value 
(interaction filter) 

1E-2 1E-5 1E-7 1E-2 1E-5 1E-7 

NES p-value 
(regulon filter) 

0.05 0.05 0.05 0.05 0.05 0.05 

# Interactions 
inferred 

(interactome) 

915,585 190,330 66,770 4,932 810 210 

# Regulons @ 
p<.05 cutoff (viper) 

64 47 17 9 0 0 

Median # 
features/regulon 

532 92 59 38 0 0 

“Sweet spot” 
“Too stringent” 

“Too loose” 

Knowledge- 
matched 



Random Forest – impute most important regulon 
members for TXNIP 

• VarImpPlot – also used in MetaboAnalyst 

• Random forest imputation per regulon 

Right: important driver  
candidates 

Left: less supported  
regulon members 



http://regulattice.burnham.org 
http://regulattice.sbpdiscovery.org  (external)    
Both require login/account access 

http://regulattice.burnham.org/
http://regulattice.sbpdiscovery.org/


 



Master Regulator Enrichment in MetaCore 
Viper with no ANOVA, AracNe p-value 1e-7 



Bioplex interaction browser: 
http://wren.hms.harvard.edu/bioplex/browseInteractions.php 



Summary 

• Recommended multiple tools/resources for transcriptomics, proteomics 
and metabolomics analyses 

 

• Showed information-based metrics (MI/BN) are more descriptive than 
Spearman/Pearson in complex datasets 

 

• Presented viper analysis, one of several approaches to predict 
drivers/controllers guiding phenotype changes 

 

• Applied Viper to understanding why pancreatic cancer progresses despite 
gemcitabine treatment 

 

• Repeat the procedure for other phenotypes/cancers/samples? 
– Need your feedback/requests here! 
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NIH Projects funded in 2015: Wordcloud based on titles 



All NIH projects (2015) NCI projects (2015) 



TCGA major variables – clinical info 
(available in the Biotab annotation set) 

• bcr_patient_uuid – patient id:  max = 23, min = 1  - match vs microarray 

• bcr_patient_barcode – shortened form of patient id (TCGA id) 

• bcr_drug_uuid – extended barcode (like *_patient_uuid) 

• bcr_drug_bacrcode – drug barcode (also TCGA- id) 

• form_completion_date 

• pharmaceutical_therapy_drug_name* - common drug name 

• clinical_trial_drug_classification – most n/a or not available 

• pharmaceutical_therapy_type – most are chemo, followed by hormone or 
immunotherapy, etc. 

• Pharmaceutical_tx_started_days_to  

• …. 

 



Bioplex interaction browser: 
http://wren.hms.harvard.edu/bioplex/browseInteractions.php 

 
• Only 1 direct protein interaction identified for TXNIP (AP-MS) 



MetaCore enrichment of Master Regulators 
(2 cutoffs for p-values) 



 



 



MitoCarta Provenance 
(Known mitochondrial proteins) 

From Human.MitoCarta2.0.xls file, 1st tab.  2nd tab is filtered 1158 human genes 


