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άTop-downέ approach of investigating a disease
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Systems Medicine: integrative systems-level analytics for 
individualized treatments
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Correlation-based methods

ÅThey are simple and thus very attractive

ÅThey tend to overestimate the number of true 
connections
ÅSo we need to use prior or expert information to 

find testable hypotheses
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Chan and Loscalzo, 2012, Circulation Research

Chan and Loscalzo, 2012, Circulation Research



mirConnX: correlations with priors for miRNA:mRNAnetworks
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Discovery of important network module in 
Idiopathic Pulmonary Fibrosis (IPF)
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Downregulation of let-7d in IPF patients and in mice
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let-7d



Downregulation of let-7d in IPF patients and in mice
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Correlations: what can and can not do

VThey are easy to calculate and intuitive and can be very useful

VProvide all variables possibly related to our target variable

ÅΧand then some

XGenerate many έfalse positiveέ edges
ÅIn the previous example, TGF- a̡nd EMT were also correlated (pairwise) to let-7d
ÅWe needed prior biological knowledge to guide experiments

ÅCorrelation vs causation
ÅCausation ĄCorrelation
ÅCorrelation does not prove causation (intervening experiments)
ÅExample: smoking in the 50s

© Benos lab / Univ of Pittsburgh 2014-2019

let-7d



Correlation does not (always) imply causation

ÅA physician in the 50s may have noticed

© Benos lab / Univ of Pittsburgh 2014-2019

Lung cancer Tar-stained fingers

These is no causallink between these variables!

Smoking



© Benos lab / Univ of Pittsburgh 2014-2019

Slide modified from Richard Scheines

Regression modelsΧ (should be used with caution)

ὣ ‍ ‍ὼ ‐ ὣ ‍ ‍ὼ ‍ ὼ ‍ ὼ Ễ ‐

Data from: American Sociological Review, 1984, vol 49, pp. 141-146

Model õs fit:

p -value =0.94

EN FI CL

PE

-0.48 0.86

0.31 -0.23

CAUSAL MODEL

Coefficient not 0:

p -value =0.0002

EN FI CL

PE

-0.176 0.227
0.880

REGRESSION MODEL



Regressions: what can and can not do

VThey are intuitive and flexible

VRelatively fast to calculate

VProvide relative contributions of all predictors to the target variable

XIn practice, it is not easy to implement interactive terms on predictors when number 
of predictors is large
ÅThis may result in misleading coefficients

© Benos lab / Univ of Pittsburgh 2014-2019



Some machine learning methods
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a[ άōƭŀŎƪ ōƻȄέ ƳŜǘƘƻŘǎ: what can and can not do

VCan model non-linear effects

VVery good for classification purposes (given enough data)

XThey typically require large amounts of data

XInterpretability is not straightforward

© Benos lab / Univ of Pittsburgh 2014-2019
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Overview of the talk

ÅDiscuss the probabilistic graphical models (PGMs) approach
ÅWhat PGMs are  / does it matter what type of variables I have?

ÅHow can we train them and interpret the results (with caution!)

ÅHow can we incorporate prior information

ÅApplications of graphical models in biomedical and clinical research
ÅClinical:Predicting lung cancer from low-dose CT scan and clinical data

ÅPersonalized medicine:A SNP that predicts response to chemotherapy

ÅClinical:Determinants of longitudinal lung function decline in COPD patients

ÅMicrobiome:Microbiota and clinical variables that predict culture positivity 
in lung ICU patients

© Benos lab / Univ of Pittsburgh 2014-2019
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What PGMs are: some definitions

ÅA graphconsists of a set of nodes (variables), some of which are connected 
through edges
ÅEdge connections imply information transfer

ÅTwo variables are connected when they have unique information for each other, not present 
in any other variable

ÅProbabilistic graphical model (PGM) is a model of the data in which a graph 
represents the conditional (in)dependencies between variables
ÅPGMs can be undirected or directed

ÅUndirected: easier to calculate, but contain FP edges

ÅCausal graphs are directed acyclic graphs (DAGs)

© Benos lab / Univ of Pittsburgh 2014-2019
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History of PGMs and past successes

ÅThe development of PGMs started in mid-90s

ÅFirst books published in 2000

ÅApplication of Bayesian networks to infer gene 
regulatory networks in yeast. [Friedman, Science, 
2004]

ÅApplication of causal learning methods to 
proteomics data [Sachs et al, 2005]
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History of PGMs and past successes

ÅEric Schadtapplies causal graphs for identification 
of causal SNPs [Schadtet al, Nat Genet, 2005]
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PGM underlying assumption: a causal graph generates the data
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Nodes = variables
Edges = direct (causal) associations between variables



Graph adjacency learning using conditional independencies
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Properties and Drawbacks of Graphical Models

ÅThey can distinguish between direct and indirect effects

ÅThey are asymptoticallycorrect. 

ÅThe output graph can be used for predictive models

ÅThey have some non-realistic assumptions(but they can be relaxed)

ÅVariables are either all continuous or all discrete
ÅAll common causes are measured (no latent confounders)
ÅAll continuous variables should be normally distributed
ÅThere are no cycles in the graph

ÅAdditional considerations
ÅRelatively slow (heuristics are needed)
ÅParameter setting
ÅIncorporating priors

© Benos lab / Univ of Pittsburgh 2014-2019
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Edge prediction accuracy in DAGs (100 nodes, Gaussian)
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Researcher dream analysis pipeline
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piMGM: MGM with prior information

DATA GENERATING 
GRAPH
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5 {1,3, 100%}
{5,4,90%}

{6,7, 80%}
{4,7, 95%}

Goals
1. Estimate Reliability of each άexpertέ
2. Construct a properly weighted combined prior
3. Learn an informed undirected model using this prior

Slide adapted from Vineet Raghu, Benos Lab
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piMGM Correctly Evaluates the Reliability of Experts

Vineet Raghu

© Benos lab / Univ of Pittsburgh 2014-2018

Slide courtesy of Vineet Raghu, Benos Lab
Manatakis*, Raghu*, Benos, 2018, Bioinformatics. 



piMGMOvercomes Unreliable Priors

Experts Give Prior for Real Edges Experts Give Prior for Any Edge
Vineet Raghu

© Benos lab / Univ of Pittsburgh 2014-2018

Slide courtesy of Vineet Raghu, Benos Lab
Manatakis*, Raghu*, Benos, 2018, Bioinformatics. 



¦ǎŜ άŜȄǇŜǊǘ ŜǾŀƭǳŀǘƛƻƴέ ŀǎ ŀ ǿŀȅ ǘƻ ŜǾŀƭǳŀǘŜ ǇŀǘƘǿŀȅ ǎƛƎƴƛŦƛŎŀƴŎŜ

ÅUse the expert evaluation method to:
ÅIdentify active pathways in disease (by evaluating edgepresence)

ÅLearn high confidence gene-gene interactions

ÅExample: breast cancer (TCGA), ER+ and ER- cases

© Benos lab / Univ of Pittsburgh 2014-2018

Pathway p-value 
(ER+)

p-value 
(ER-) Reference

Glutathione Metabolism 0.507 0.091 (Lien, et al., 2016)

Glycolysis 0.000 0.129 (Schramm, et al., 2010)

Neurotrophin signaling 0.702 0.074 (Patani, et al., 2011)

Notch signaling 0.000 0.223 (Hossain, et al., 2017)

Pentose Phosphate 0.025 0.239 (Cha, et al., 2017)

B Cell Receptor signaling 0.141 0.004 (Hill, et al., 2011)

Insulin signaling 0.098 0.384

T cell receptor signaling 0.507 0.058

Manatakis*, Raghu*, Benos, 2018, Bioinformatics. 



VpiMGM can accurately determine the reliability of prior information sources on 
simulated and real data

VpiMGM is resilient to unreliable priors when learning network structure

VThe benefits of using prior information to learn network structure are greatest in 
high-dimensional, low sample size cases

© Benos lab / Univ of Pittsburgh 2014-2018

Summary of piMGMresults

Manatakis, D.*, Raghu, VK.*, and Benos, PV, 2018, Bioinformatics. 
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Overview of the talk

ÅDiscuss the probabilistic graphical models (PGMs) approach
ÅWhat PGMs are  / does it matter what type of variables I have?

ÅHow can we train them and interpret the results (with caution!)

ÅHow can we incorporate prior information

ÅApplicationsof graphical models in biomedical and clinical research
ÅClinical:Predicting lung cancer from low-dose CT scan and clinical data

ÅPersonalized medicine:A SNP that predicts response to chemotherapy

ÅClinical:Determinants of longitudinal lung function decline in COPD patients

ÅMicrobiome:Microbiota and clinical variables that predict culture positivity in 
lung ICU patients

© Benos lab / Univ of Pittsburgh 2014-2019
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Applications of CausalMGMin (Bio)Medicine

ÅEarly disease diagnosis
ÅLung cancer detection (LDCT scans +  comorbidities)

ÅIdentifying biomarkers indicative of treatment response and 
alternative treatments
ÅMelanoma chemotherapy (multi-omics data)

ÅIdentifying factors affecting disease progression
ÅFEV1 decline in COPD patients (clinical variables)

ÅDisease diagnosis
ÅPneumonia detection in ICU (microbiome + clinical data)

© Benos lab / Univ of Pittsburgh 2014-2019
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Factors determining malignancy of a lung nodule from 
low-dose CT scan and clinical data

© Benos lab / Univ of Pittsburgh 2014-2019

In collaboration with:

David Wilson MD

Vineet Raghu

JiantaoPu PhD



Low dose CT scan screening reduces lung cancer mortality

© Benos lab / Univ of Pittsburgh 2014-2019

Å Follow-up CTs
Å Unnecessary invasive biopsies 
Å with potential serious complications

Å Anxiety
Å Increased healthcare costs 



Pittsburgh Lung Screening (PLuSS) cohort

© Benos lab / Univ of Pittsburgh 2014-2019

A. Training 
Lung cancer 

(n = 50)

Benign nodules 

(n = 42)
t ǾŀƭǳŜϞ

Male, n (%) 25 (50) 28 (67) 0.162

Age (years), mean (SD) 63.6 (7.1) 65.2 (6.9) 0.261

Current smoker, n (%) 32 (64) 19 (45) 0.111

Pack-Years, mean (SD) 60.35 (24.11) 61.81 (22.81) 0.766

Years since quit smoking, mean (SD) 1.52 (2.88) 3.25 (3.95) 0.020

Nodule size in diameter (mm), mean (SD) 13.43 (6.14) 9.74 (6.69) 0.007

Nodule number, n (%) ° 0.203

Solid 28 (56) 34 (81)

Non-solid/mixed 22 (44) 8 (19)

Vessel number, mean (SD) 9.22 (9.48) 2.26 (2.21) <0.0001

B. Validation  (PLuSS-X)
Lung cancer 

(n = 44)

Benign nodules 

(n = 82)
t ǾŀƭǳŜϞ

Male, n (%) 23 (52) 48 (59) 0.626

Age, mean, years (SD) 65.23 (9.62) 66.93 (7.54) 0.313

Current smoker, n (%) 37 (84) 36 (44) <0.0001

Pack-Years, mean (SD)* 49.41 (22.79) 49.49 (22.0) 0.985

Years since quit smoking, mean (SD) 0.477 (1.50) 3.037 (4.33) <0.0001

Nodule size in diameter (mm), mean (SD) 18.86 (7.12) 11.57 (5.76) <0.0001

Nodule number, n (%) ° 0.981

Solid 28 (78) 54 (68)

Non-solid/mixed 8 (22) 25 (32)

Vessel number, mean (SD) 18.57 (5.21) 3.02 (3.98) <0.0001

Raghu, et al, 2019, Thorax, in print

n=92 n=126



LCCM: a CausalMGM-based lung cancer predictor from low-
dose CT scan data

© Benos lab / Univ of Pittsburgh 2014-2019
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Model No. of 
Features

AUC (95% CI) p-value Features Used

MGM-FCI-MAX 
features

3
0.882 

(0.789, 0.975)
- Smoking: Years Quit

Radiographic: Nodule Count, Vessel Number

Brock Full Features 8
0.792 

(0.699,0.885)

0.16 Demographics: Age, Sex, Family History Ca
Comorbidities: Emphysema
Radiographic: Nodule Size, Nodule Type, Nodule Location, 
Nodule Count

Brock Parsimonious 
Features

3
0.700 

(0.607,0.793)
0.01 Demographics: Sex

Radiographic: Nodule Location, Nodule Size

Bach Features 5
0.722 

(0.629,0.815)
0.02 Demographics: Age, Sex

Smoking: Cigarettes Per Day, Smoke Duration, Years Quit

PLCO Features 10
0.5613 

(0.412,0.701)

<0.001 Demographics: BMI, Education, Family History Ca, Race
Comorbidities: Ca History, COPD
Smoking: Duration, Intensity, Smoking Status, Years Quit

LCCM outperforms existing lung cancer predictors (cross-validation)

© Benos lab / Univ of Pittsburgh 2014-2019

Raghu, et al, 2019, Thorax, in print

Predictors 
Coefficient  

(95% CI) 
p-value 

Years since quit smoking -0.178 (-0.349, -0.007) 0.041 

Number of Vessels 0.238 (0.074, 0.510) 0.009 

Number of Nodules -0.203 (-0.325, -0.081) 0.001 

Model Intercept 1.053  

   

 



LCCM outperforms existing lung cancer predictors (external cohort)

© Benos lab / Univ of Pittsburgh 2014-2019

Raghu, et al, 2019, Thorax, in print

p = 0.018

p < 0.01



LCCM can help reduce unnecessary follow up screenings

© Benos lab / Univ of Pittsburgh 2014-2019

28%

Raghu, et al, 2019, Thorax, in print



aŀƪƛƴƎ ǎƻƳŜ ƴƻƛǎŜΧ
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What we learned from the LCCM study?

ÅVasculature around a nodule and total number of 
nodules are important discriminants of nodule status

ÅLCCM in the future may help reduce unnecessary follow 
up screens for 28% of the benign nodule subjects

© Benos lab / Univ of Pittsburgh 2014-2019

28%
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A SNP that predicts response to chemotherapy and 
suggests new combination therapy

© Benos lab / Univ of Pittsburgh 2014-2019

Hussein TawbiMD

AJ Sedgewick PhD

In collaboration with:

Disclosure:
US Patent Application No. 15/524,242, filed May 3, 2017



DNA methylation

mRNA expression

DNA polymorphism

ÅMetastatic melanoma Pittsburgh cohort

ÅSubjects:
Å69 subjects

ÅDemographics and response to TMZ 
treatment

ÅData acquisition from tumor:
ÅGene expression

ÅmiRNA expression

ÅDNA methylation

ÅSNP assay (selected SNPs)

© Benos lab / Univ of Pittsburgh 2014-2019

Identify cancer chemotherapy biomarkers
Hussein TawbiMD

p=10-5

Abecassis*, Sedgewick*, Χ, Benos¶, Tawbi¶, 2019,  Sci Rep, 9:3309
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p=0.03 p=0.01 p=0.02

DNA damage DNA damage DNA replication inhibitionMethod of action

AJ Sedgewick PhD

Alkylating agents induce the strongest changes in drug 
sensitivity between carriers/non-carriers

AbecassisϝΣ {ŜŘƎŜǿƛŎƪϝΣ ΧΣ .Ŝƴƻǎ¶, Tawbi¶, 2019,  Sci Rep, 9:3309



ÅThe PARP1 SNP is directly related to improved DNA damage repair
ÅImproved DNA damage repair Č worse response to chemotherapy

ÅTesting:
Treat cells with PARP inhibitor (PARPi) Č do SNP cells require lower doses of 
alkylating agent than WT cells?   (lower IC50)

© Benos lab / Univ of Pittsburgh 2014-2019

Hypothesis (testable)
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PARP-1 inhibition increases chemo efficiency to cell lines 
with the SNP
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ÅThe PARP1 SNP is directly related to improved DNA damage repair
ÅImproved DNA damage repair Č worse response to chemotherapy

ÅTesting:
Treat cells with PARP inhibitor (PARPi) Č do SNP cells require lower doses of 
alkylating agent than WT cells?   (lower IC50)

ÅResult:

A PARP1 SNP may be suitable for patient stratification and deciding 
optimal therapeutic intervention
ÅSNP carriers Č combination therapy w/ FDA-approved olaparib

Åwt patients Č no PARP1 inhibitor

© Benos lab / Univ of Pittsburgh 2014-2019

Hypothesis (testable)



What we learned from the PARP1 study?

ÅPARP1 SNP rs1805407 is linked to poor response to 
chemotherapy

ÅPARP1 inhibitors and alkylating agents act synergistically on 
SNP carrier cell lines

ÅPARP1 inhibitors make SNP carrier cell lines more sensitive to 
chemotherapy, indicating potential new therapeutic strategy

© Benos lab / Univ of Pittsburgh 2014-2019



Determinants of longitudinal lung function decline in 
COPD patients

© Benos lab / Univ of Pittsburgh 2014-2019

In collaboration with:

Frank SciurbaMD

Ivy ShiKristina Buschur


