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daTop-dowre approach of investigating a disease

Lab tests
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Taxonomic composition for culture negative samples
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Taxonomic composition for culture negative samples
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Systems Medicinentegrative systemkevel analytics for
iIndividualized treatments

Organism / Population

Tissue/ Organ

Molecular / Cellular
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Map of Disease Correlations

Correlationbased methods

AThey are simple and thus very attractive

2N Y K INATX
AL AV
A  Gene Coexpression Network
(Developing and Diseased Myocardium)

AThey tend to overestimate the number of true
connections

A So we need to use prior or expert information to
find testable hypotheses

Chan and.oscalzp2012, Circulation Research
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Grace Huang
PhD

Integration
function

Dynamic network

[ ] Transcription factor
A\ microRNA

Q) Other gene

Huang AthanassiouBenos 2011,NuclAcids Res
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Discovery of important network module in
|diopathic Pulmonary Fibrosis (IPF)




Downregulation of le¥d in IPF patients and in mice

Control IPF Control IPF
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Downregulation of le¥d in IPF patients and in mice

antagomir
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Pandit, Corcoran, ..., Benos, Kaminski, 2010, Am J Resp Critic Care Med
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Correlationswhat can and can not do

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

V Provide all variables possibly related to our target variable
AXand then some

X Generate mangfalse positivé edges
A In the previous example, T&Rand EMT were also correlated (pairwise) to7dt
A We needed prior biological knowledge to guide experiments

A Correlation vs causation l
A Causatiord, Correlation 250
A Correlationdoes notprove causation (intervening experiments)
A Example: smoking in tHs0s

© Benos lab / Univ of Pittsburgh 202019



Correlation does not (always) imply causation

AA physician in the 50s may have noticed

________________

Lung cancer <:> Tarstained fingers

These I1s n@ausallink between these variables!

© Benos lab / Univ of Pittsburg?0142019



Regression modelsshould be used with caution)

W T o - W T T @ W f W
REGRESSION MODEL CAUSAL MODEL
27N 7T 0.31 0.23
EN Fl CL EN —» FlI [«— CL
0176\ 0227 0.880 -0.48 0.86

PE

Coefficient not O: PE Model & fit:
p-value =0.0002 p-value =0.94

Data from:American Sociological Revi 4 vol4 .141-14
! lological Reviel@84 vol 49, pp 6 Slide modified from Richa®cheines
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Regressionsvhat can and can not do

V' They are intuitive and flexible
\/ Relatively fast to calculate
V Provide 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

A This may result in misleading coefficients




Some machine learning methods
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al[ aof | O :0vRdEdan avicarknatRa

VV Can model notlinear effects
V' Very good for classification purposes (given enough data)

XThey typically require large amounts of data
XInterpretabllity is not straightforward




Researcher dream analysis pipeline

LATENT CONFOUNDERS
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Overview of the talk

ADiscuss the probabilistic graphical models (PGMs) approal cowputarona

RESEARCH

A What PGMs are / does it matter what type of variables | have?
A How can we train them and interpret the resultsith caution!) R—
A How can we incorporate prior information

A Applications of graphical models in biomedical and clinical resea
A Clinical:Predicting lung cancer from ledose CT scan and clinical data | P
A Personalized mediciné& SNP that predicts response to chemotherapy |
A ClinicalDeterminants of longitudinal lung function decline in COPD patie

A Microbiome:Microbiota and clinical variables that predict culture positivity
In lung ICU patients

© Benos lab / Univ of Pittsburgh 202019




What PGMs are: some definitions

AAgraphconsists of a set of nodes (variables), some of which are connected
through edges
A Edge connections imply information transfer

A Two variables are connected when they have unique information for each other, not present
In any other variable

A Probabilistic graphical modgPGM) is a model of the data in which a graph
represents the conditional (in)dependencies between variables

A PGMs can be undirected or directed
A Undirected: easier to calculate, but contain FP edges

ACausal graphare directed acyclic graphs (DAGS)




History of PGMs and past successes A vt o

O Phospho-Lipids

O Perturbed in data

AThe development of PGMs started in r8ifls
AFirst books published in 2000 R

AApplication of Bayesian networks to infer gene
regulatory networks in yeast. [Friedman, Science, Inferring Cellular Networks
2004] Using Probabilistic Graphical Models

Nir Friedman

- - L]
ca usa l P rote I n = S I gn a ll ng sbe cellular networks from erates predictions of system behavior under
. ology. Probabilistic graph- different conditions (as reflected by obser-
Netwo rks De rlved from insights from the resulting vations) and illuminates the roles of various

AApplication of causal learning metht wyiiparameter single-Cell Data  r s s miis St &

abilities are illustrated by noise, variability in the biological system,

proteomics data [Sachs et al, 2005]

Douglas A. Lauffenburger,'t Garry P. Nolan?+

Machine learning was applied for the automated derivation of causal influ-
ences in cellular signaling networks. This derivation relied on the simultaneous
measurement of multiple phosphorylated protein and phospholipid components
in thousands of individual primary human immune system cells. Perturbing these
cells with molecular interventions drove the ordering of connections between
pathway components, wherein Bayesian network computational methods auto-
matically elucidated most of the traditionally reported signaling relationships
and predicted novel interpathway network causalities, which we verified ex-
perimentally. Reconstruction of network models from physiologically relevant
primary single cells might be applied to understanding native-state tissue signal-
ing biology, complex drug actions, and dysfunctional signaling in diseased cells.

© Benos lab / Univ of Pittsburgh 202019




History of PGMs and past successes

AEricSchadiapplies causal graphs for identificatic:- ..
of causal SNPS¢hadtet al, Nat Genet2005

lishing Group http:/www.nature.com/naturegenetics

ARTICLES

nature

gCIlCUCS

An integrative genomics approach to infer causal
associations between gene expression and disease

Eric E Schadt!, John Lamb!, Xia Yang?, Jun Zhu!, Steve Edwards!, Debraj GuhaThakurta!, Solveig K Sieberts!,
Stephanie Monks?, Marc Reitman?, Chunsheng Zhang!, Pek Yee Lum', Amy Leonardson!, Rolf Thieringer,
Joseph M Metzger, Liming Yang®, John Castle!, Haoyuan Zhu!, Shera F Kash’, Thomas A Drake®,

Alan Sachs! & Aldons J Lusis?

A key goal of biomedical research is to elucidate the complex network of gene interactions underlying complex traits such as
common human diseases. Here we detail a multistep procedure for identifying potential key drivers of complex traits that integra-
tes DNA-variation and gene-expression data with other complex trait data in segregating mouse populations. Ordering gene expres-
sion traits relative to one another and relative to other complex traits is achieved by systematically testing whether variations in
DNA that lead to variations in relative transcript abundances statistically support an independent, causative or reactive function
relative to the complex traits under consideration. We show that this approach can predict transcriptional responses to single gene-
perturbation experiments using gene-expression data in the context of a segregating mouse population. We also demonstrate the
utility of this approach by identifying and experimentally validating the involvement of three new genes in susceptibility to obesity.

© Benos lab / Univ of Pittsburg?0142019
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PGM underlying assumption: a causal graph generates the date

DATA GENERATING DATA (OBSERVED) LEARNED GRAPH
GRAPH

Nodes = variables
Edges = direct (causal) associations between variables

© Benos lab / Univ of Pittsburg?0142019




Graph adjacency learning using conditional independencies

© Benos lab / Univ of Pittsburgh 202019



Properties and Drawbacks of Graphical Models

AThey can distinguish between direct and indirect effects
AThey areasymptoticallycorrect.
AThe output graph can be used for predictive models

AThey have sompon-realistic assumptiongut they can be relaxed)
A Variables are either all continuous or all discrete €mmm Sedgewiclet al, 2016 2019
A All common causes are measured (no latent confounciqums Raghwet al, ACM SIGKDID17
A All continuous variables should be normally distributed
A There are no cycles in the graph

A Additional considerations

A Relatively slow (heuristics are needed#mmmm Sedgewiclet al, 2016, 2019
A Parameter setting — Raghu, Poon, Benos, ACM SIGROI3B Raghtet al, ACM SIGKDZD19

A Incorporating priors 4= \anatakis Raghu, Benog018

© Benos lab / Univ of Pittsburg?0142019




Edge prediction accuracy in DAGs (100 nodes, Gaussian)

Avgl%diacency Alpha/Penalty Discount - Sample Size: 10000 varSize: 100 Auigaﬁdjacency Alpha/Penalty Discount - Sample Size: 100 varSize: 100
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Researcher dream analysis pipeline

K \ LATENT GONFOUNDERS
PRIOR KNOWLEDGE 0 7 5;) M-FA-MAX

MULTI-SCALE DATA

Hypothesis

= Y Y eneration
o L xifin °

> demogaphés APPICATIONS
Labtess Integrated (e N\

|
| '. sdection
= ! ‘!“ imaging . :;&;\
clnicd tests . .
\ j Diea® mechansms
\ / Patient stratification/ / Mblecular pethways

k Oucome predictions )

© Benos lab / Univ of Pittsburg?0142019




PIMGM: MGM with prior information

Goals
1. Estimate Reliability of eadkexpert
DATA GENERATING 2. Construct a properly weighted combined prior
GRAPH 3. Learn an informed undirected model using this prior

{5,7, 95%)
{1,6,90%}

{6,7, 80%)} {1,3,100%}
{4,7, 95%} {5,4,900}

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

1000 Samples

0T b,

> g 8
E 0.75 .5;
2 050-
E 0.251

000{R?= 0.7974341

0.00 0.25 0.50 0.7 1.00
T

Pricr Reliability

Vineet Raghu

200 Samples
1.001 .-_ . oo}
0.75- -
0.50 1
0.25-
0.00-R*=0.8190244

0.00 0.23

Number of Edges (Log Scale) _

3 4 5 6

0.50
T

Manatakig, Raghu*, Beno018 Bioinformatics
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Slide courtesy of Vineet Raghu, Benos Lab



PIMGMOvercomes Unreliable Priors

. . . . Vineet Raghu
Experts Give Prior foReal Edges Experts Give Prior foAny Edge
1 1
B Cacle I Oracle
I Cracle One Lambda I Orzcle One Lambda
0.9 || EEESTERPS 09 | STEPS
|| sTARS I sTARS
[ piMGM, (5 Reliable Experts) [ 1piMGM, (5 Reliable Experts)
0.8 [ IpiMGM, (3 Reliable Experts) 0.8 [ IpiMGM, (3 Reliable Experts)
[ piMaM, (1 Reliable Expert) [ |piMGM, (1 Reliable Expert)
o 07 o
(=] (=]
] L]
%) 5]
L 06 W
0.5
0.4
0.3

0% Prior 10%: Prior 30%: Prior B80%: Prior . 0% Prior 10% Prior 30% Prior B0 Prior

Manatakig, Raghu*, Beno018 Bioinformatics
Slide courtesy of Vineet Raghu, Benos Lab
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AUse the expert evaluation method to:

UA2YE

A 1dentify active pathways in disease (by evaluagdgepresence)

A Learn high confidence gergene interactions

AExample: breast cancer (TCGA), ER+ anchE&s

0.507 0.091 (Lien, et al., 2016)
0.000 0.129 (Schramm, et al., 2010)
0.702 0.074 (Patanij et al., 2011)
0.000 0.223 (Hossain, et al., 2017)
0.025 0.239 (Cha, et al., 2017)
0.141 0.004 (Hill, et al., 2011)
0008 0.384

0507 0053

Manatakig, Raghu*, Beno018 Bioinformatics

© Benos lab / Univ of Pittsburg?0142018
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Summary opiIMGMresults

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

V piIMGM s resilient to unreliable priors when learning network structure

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

gMehgtakis, D.*, Raghu, VK.*, and Benos,2B¥8 Bioinformatics
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Overview of the talk

ADiscuss the probabilistic graphical models (PGMs) approaf coveutariona

RESEARCH

A What PGMs are / does it matter what type of variables | have?
A How can we train them and interpret the resultsith caution!)
A How can we incorporate prior information

A Applicationsof graphical models in biomedical and clinical resear
A Clinical:Predicting lung cancer from ledose CT scan and clinical data | v
A Personalized mediciné& SNP that predicts response to chemotherapy
A ClinicalDeterminants of longitudinal lung function decline in COPD patie

A Microbiome:Microbiota and clinical variables that predict culture positivity
lung ICU patients

© Benos lab / Univ of Pittsburgh 202019




Applications oCausalMGMnh (Bio)Medicine

BMI ean nensiy_ ‘u:,f;n'm‘ ©
Emphyygns ‘I ‘ |$;y ‘;:;“ g;:c
AEarly disease diagnosis 2 s P &=
A Lung cancer detection (LDCT scans + comorbidities) Q\LQ %&”ﬁ?ﬁfﬁ.gj ooooo
aaaaaaaaa \‘l’”ﬁ““ﬁ‘“ &=
e ] e @6 aomz
Aldentifying biomarkers indicative of treatment response ... .- s L e
alternative treatments w7 o
A Melanoma chemotherapy (muitmics data) P
TS8K3
NEU3 CXCR6

CD2BP2 MEI2

ADisease diagnosis
A Pneumonia detection in ICU (microbiome + clinical data)




In collaboration with:

Vineet Raghu

Factors determining malignancy of a lung nodule from
low-dose CT scan and clinical data

Feasibility of lung cancer prediction from low-dose CT scan and smoking factors using
causal models
Vineet K. Raghu'-2, Wei Zhao?, Jiantao Pu?, Joseph K. Leader?, Renwei Wang*, James Herman?,
Jian-Min Yuan*®, Panayiotis V. Benos!?*, David O. Wilson’

Thorax

'Department of Computer Science, University of Pittsburgh, Pittsburgh, PA

2Department of Computational and Systems Biology, University of Pittsburgh, Pittsburgh, PA
3Department of Radiology, University of Pittsburgh, Pittsburgh, PA

4UPMC Hillman Cancer Center, Pittsburgh, PA

SDivision of Hematology, Oncology, Department of Medicine, University of Pittsburgh, Pittsburgh, PA
*Department of Epidemiology, Graduate School of Public Health, University of Pittsburgh, Pittsburgh, PA
Division of Pulmonary, Allergy and Critical Care Medicine, School of Medicine, University of Pittsburgh,
Pittsburgh, PA

*Corresponding author
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Low dose CT scan screening reduces lung cancer mortality

The NEW ENGLAND
JOURNAL o MEDICINE

ESTABLISHED IN 1812 AUGUST 4, 2011 VOL. 365 NO.5

Reduced Lung-Cancer Mortality with Low-Dose Computed
Tomographic Screening

The National Lung Screening Trial Research Team*

ABSTRACT

BACKGROUND
The aggressive and heterogeneous nature of lung cancer has thwarted efforts to The members of the writing team (who
reduce mortality from this cancer through the use of screening. The advent of low- 2'¢ "?L‘?ﬁt i"f tht‘:] A,PI:E”‘_*ti") Zosume re-
. sponsibilr 'or the Integrity o e article.
fflose h.ellcal co.mpflte(_i tomography (CT) altered the landscape of lung-cancer screen- Afidress re);rmt requesi tz Dr. Christine
ing, with studies indicating that low-dose CT detects many tumors at early stages. D. Berg at the Early Detection Research
The National Lung Screening Trial (NLST) was conducted to determine whether Group, Division of Cancer Prevention,
. . . National Cancer Institute, 6130 Execu-
screening with low-dose CT could reduce mortality from lung cancer.

tive Blvd., Suite 3112, Bethesda, MD
20892-7346, or at bergc@mail.nih.gov.

RESULTS

The rate of adherence to screening was more than 90%. The rate of positive screen-
ing tests was 24.2% with low-dose CT and 6.9% with radiography over all three
rounds. A total of 96.4% of the positive screening results in the low-dose CT group
and 94.5% in the radiography group were false positive results. The incidence of
lung cancer was 645 cases per 100,000 person-years (1060 cancers) in the low-dose
CT group, as compared with 572 cases per 100,000 person-years (941 cancers) in
the radiography group (rate ratio, 1.13; 95% confidence interval [CI], 1.03 to 1.23).
There were 247 deaths from lung cancer per 100,000 person-years in the low-dose
CT group and 309 deaths per 100,000 person-years in the radiography group,
representing a relative reduction in mortality from lung cancer with low-dose CT
screening of 20.0% (95% CI, 6.8 to 26.7; P=0.004). The rate of death from any cause
was reduced in the low-dose CT group, as compared with the radiography group,
by 6.7% (95% CI, 1.2 to 13.6; P=0.02).

CONCLUSIONS
Screening with the use of low-dose CT reduces mortality from lung cancer. (Funded

by the National Cancer Institute; National Lung Screening Trial ClinicalTrials.gov
number, NCT00047385.)

A Followup CTs
A Unnecessary invasive biopsies
A with potential serious complications
A Anxiety
A Increased healthcare costs

© Benos lab / Univ of Pittsburg?0142019



Pittsburgh Lung ScreenirfgLuSscohort

o Lung cancer
A. Training N=92 ( = 50)

25 (50)

Age (years), mean (SD) 63.6 (7.1)
Current smoker, n (%) 32 (64)
PackYears, mean (SD) 60.35 (24.11)
Years since quit smoking, mean (SD) 1.52 (2.88)
NI [FCRSPLR N EINEICTA () MUEEUNE]  13.43 (6.14)
Nodule number, n (%)

Solid 28 (56)

Non-solid/mixed 22 (44)
Vessel number, mean (SD) 9.22 (9.48)

Raghu, et aR019 Thoraxjn print

Benign nodules . - Lung cancer| Benign nodule .
t Il B. Validation PLUSX) n=126 t O
(n=42) (n =44) (n=82)

28 (67) 0.162 Male, n (%)

65.2 (6.9) 0.261 Age, mean, years (SD)
19 (45) 0.111 Current smoker, n (%)
61.81 (22.81) 0.766 PackYears, mean (SD)*
3.25 (3.95) 0.020 Years since quit smoking, mean (SD)
9.74 (6.69) 0.007 Nodule size in diameter (mm), mean (SO
0.203 Nodule number, n (%)
34 (81) Solid
8 (19) Non-solid/mixed
2.26 (2.21) <0.0001 Vessel number, mean (SD)

© Benos lab / Univ of Pittsburgh 202019

23 (52)
65.23 (9.62)
37 (84)
49.41 (22.79)
0.477 (1.50)
18.86 (7.12)

28 (78)
8 (22)
18.57 (5.21)

48 (59)
66.93 (7.54)
36 (44)
49.49 (22.0)
3.037 (4.33)
11.57 (5.76)

54 (68)
25 (32)
3.02 (3.98)

0.626
0.313
<0.0001
0.985
<0.0001
<0.0001
0.981

<0.0001



LCCMacCausalMGMbased lung cancer predictor from low

dose CT scan data e  Caviy Ratio
il Mear int?hs;ny/.& Mean Vessel

|ntenS|ty

Emphysema /‘ 0\ 6 6
.\ Bronchitis I
Educatlon .

P Ground Glass
Opacity

Vessel Volume

Max
® Dlameter

Mean 9Area

Irregularity G lameter »
‘ 9 ........... ® Volume o Demographics
Sex i & @ comorbidities
4, Number of ®... Volume Cal
Vessels & Score & CT scan
Pack Years ‘ _
Years Since Number of ) A |S a cause of B
it Smoki umber o _
QuitSmoking _ N0 @=——=p Bisnot acause of A
Cancer Satus 9 G |afent variable causes both
@:=- === @ inconclusive causal relation

@ Raghu, et al, 2019, Thorax
V . © Benos lab / Univ of Pittsburg?014-2019




LCCM outperforms existing lung cancer predictors (aaig$ation)

_— / odel No. of AUC(95%Q) p-value Features Used
e 4 Features
e 1IGM-FA-MAX 3 0.882 - Smoking: Years Quit
-f/ . atures (0.789, 0.975) Radiographic: Nodule OJunt@e&ael Number)
0.16 Demographics: Age, Sex, Family FTstory Ca
. 0.792 Gomorbidities: Emphysema

% rock Full Features 8 (0.699,0.885) Radiographic: Nodule Sze, Nodule Type, Nodule Location,
x 1 Nodule Gount
.g '/ rock Parsimonious 3 0.700 0.01 Demographics: Sex
'g 1 2atures (0.607,0.793) Radiographic: Nodule Location, Nodule Sze
o ach Features 5 0.722 0.02 Demographics: Age, Sex
o i (0.629,0.815) Smoking: Agarettes Per Day, Smoke Duration, Years Quit
= 05613 <0.001 Demographics: BMI, Education, Family History Ca, Race

MGM-FCI-MAX Features LQO Features 10 © 41'2 0.701) Gomorbidities: Ca History, GOPD

Brock Full Features T Smoking: Duration, Intensity, Smoking Satus, Years Quit

Brock Parsimonious Features

Bach Features

PLCO Features . Coefficient

0 : : Predictors p-value
0 0.2 0.4 0.6 0.8 1 (95% ClI)

False Positive Rate

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

Raghu, et al, 2019, Thorar,print
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LCCM outperforms existing lung cancer predictors (external coht

True Positive Rate

02}k LCCM (AUC =0.90272)
o1k ;,. Brock Parsimonious Original Model (AUC =0.81167)|| p=0.018
’ Brock Parsimonious Features (AUC =0.75744) p<0.01
D i 1

1] 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate
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LCCM can help reduce unnecessary follow up screenings

|
. . . 1.00 1
Brock Parsimonious Original LCCM
124 I |
[ I
| |
0.754
6 9 I _E." |
| O I
=
> Cancer Status >, I EISJ_ :
B 4 2R
5 Dcancer s ° : D 50- I Sensitivity
O |:|Benign a | ..:__.”
I = | —— Specificity
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Al Takes Aim at Lung Cancer Screening

UPMC Uses Machine Learning to Cut
Lung Cancer False Positives

BY ROBERT PREIDT, HealthDay Reporter Using machine learning, researchers have significantly reduced
the false positive rate for lung cancer diagnoses.

March 13,2019, at 9:00 a.m. f

WEDNESDAY, March 13, 2019 (HealthDay News) —
The term artificial intelligence (Al) might bring to
mind robots or self-driving cars. But one group of
researchers is using a type of Al to improve lung

In this June 3, 2010, file photo, Dr. Steven Birnbaum works with a patient in a CT scanner al
Hampshire Medical Center in Nashua, N.H.

LE /A cancer screening.

Screening is important for early diagnosis and
improved survival odds, but the current lung
cancer screening method has a 96 percent false
positive rate.

3 (HEALTHDAY)
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What we learned from the LCCM study?

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

ALCCM in the future may help reduce unnecessary follow
up screens for 28% of the benign nodule subjects
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In collaboration with:

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

AJ Sedgewick PhD

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

SCIENTIFIC REPORTS

Article | OPENACCESS | Published: 01 March2019

PARP1 rs1805407 Increases Sensitivity to
PARPI1 Inhibitors in Cancer Cells
Suggesting an Improved Therapeutic
Strategy

Irina Abecassis, Andrew J. Sedgewick, Marjorie Romkes, Shama Buch, Tomoko Nukui, Maria G.

Kapetanaki, Andreas Vogt, John M. Kirkwood, Panayiotis V. Benos *< & Hussein Tawbi
Scientific Reports 9, Article number: 3309 (2019) = Download Citation
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ldentify cancer chemotherapy biomarkers
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Alkylating agents induce the strongest changes in drug
sensitivity between carriers/necarriers

AJ Sedgewick PhD
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Hypothesis (testable)

AThe PARPSNP is directly related to improved DNA damage repair
A Improved DNA damage repdlr worse response to chemotherapy

ATesting:

Treat cells with PARP inhibitd?ARPIC do SNP cells require lower doses of
alkylating agent than WT cells? (lowey,)C




PARH inhibition increases chemo efficiency to cell
lines with the SNP
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PARFL inhibition increases chemo efficiency to cell lines
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Hypothesis (testable)

AThe PARPSNP is directly related to improved DNA damage repair
A Improved DNA damage repdlr worse response to chemotherapy

ATesting:

Treat cells with PARP inhibitd?XRBIC do SNP cells require lower doses of
alkylating agent than WT cells? (lowey,)C

AResult:

A PARPSNP may be suitable for patient stratification and deciding
optimal therapeutic intervention

A SNP carrier€ combination therapy w/ FDApprovedolaparib
A wt patientsC no PARPinhibitor




What we learned from the PARP1 study?

APARR SNP r$805407is linked to poor response to

ACTA2
chemotherapy st::_-wﬁg | I?%?,E§§:f$3
ADORAZA KIF2ZDA
APARR inhibitors and alkylating agents act synergistically ¢ v cPfiBP1
SNP carrier cell lines " commeamns

APARER inhibitors make SNP carrier cell lines more sensitive to
chemotherapy, indicating potential new therapeutic strategy
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Determinants of longitudinal lung function decline in
COPD patients

Systems Biology

Mixed Graphical Models for Integrative Causal
Analysis with Application to Chronic Lung
Disease Diagnosis and Prognosis
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