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Outline

* Preclinical data analytics — chemical-protein
interactome (CPI) as an example

* Drug-drug interaction prediction
* Drug repositioning
* Patient data analytics — real-world evidence
(RWE) as an example
* Drug safety signal detection from FAERS
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Molecular docking

* A docking program simulates the binding
between a small molecule and a protein
target.

— Optimal binding position
— Binding strength (docking score)

Protein Binding complex

Drug binding inside the protein

AutoDock 4.2 User Guide



PK: Pharmacokinetics
PD: Pharmacodynamics

Chemical-protein interactome (CPI)
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Chemical

Why chemical-protein interactome?

A Protein Protein

<

Chemical

g T

. Known . Negative . Unknown

* Expand the existing knowledge
— ldentify potential off-target binding

e Fast — 1 minute for a drug-protein pair
* Cheap — compared to wet-lab experiments



Application 1: Drug-drug interactions

* Older patients usually take more than one drug

* 1/25 individuals have adverse reaction caused by
drug—drug interactions (DDIs)

Types of DDIs
 Potentiation
* Interference

* Antagonism Two drugs compete for protein
* Displacement - binding sites - a major cause for drug-

drug interactions

7
Source: clipartpanda.com; Qato et al., JAMA (2008);300:2867-2878



DDI: drug-drug interactions

Workflow of DDI-CPI server

Model training
(A) 12,656 drug pairs

Model prediction
(B) Docking scores (2,515

(DrugBank) drugs against 611 targets)
Drug pair | DDI? Drug T, T, ’
(F) Docking score towards (E) Drug X
Aand B A 93| -9.8 611 targets SubmitL
Band C B -8.4 [-10.1 Drug | Ty | Ty *" Calculatel s Ko
AandD No C 7.3 | -9.1 X 6.0|-8.2 k== 4 | server

. l; .Combine

(C) Training set
The sum and the absolute difference

Combine L

(G) DDI predictions

1 Tl T2
of the docking scores as features Drug pair . . DDI? [Probability
T T, Train dict Sum | Dif. | Sum | Dif.
Drug pair S 1D'f S o DDI? Logistic redic
um IT. um IT. . o ' - - )
regression Aand X |-15.3| 3.3 |-18.0| 1.6 0.68
AandB |-17.7| 0.9 |-19.9| 0.3
models Band X |-14.4| 2.4 |-18.3| 1.9 1.00
Band C |-15.5| 0.9 |-17.6| 0.6
AandD |-19.7| 1.1 |-20.3| 0.7 No Cand X |-13.3| 1.3 |-17.3| 0.9 1.00

Luo*, Zhang*, et al. Nucleic acids res. (20T4): gku433



Demo: DDI-CPI

Submit a molecule - DDI-CPI x| Drug interactions Sertraline) ® | Binding pattern of Userdrug (.. * +

@ ol bio-x.cn/ddl @ | (- coogle Q

I
@

e + @ = DDI-CPI, a server Predicting Drug-Drug Interaction via

Chemical-"rotein Interactome

cpi.bio-x.cn/ddi

_ Navigation: Welcome guest!
y Home
| Submit a molecule
~, Submit a
molecule c e s

| In order to protect privacy, your submissions will not be shown to others. @
B Log out .
: You can upload a single-molecule file to be processed by our server.

» Help

Here is an example file, upldad it and wait for about 15 mins to check the result.
" Contact us

— ] *"type: mol/ml2/mol2/pdb/pdbqgt/sdf/smiles

Upload a molecular file: | Browse... No file selected. fiseviiciiins to Branare A milacola fils

» How to cite

Or input SMILES string*: : Draw Molecular name*:
E-mail Address: @ The access link will be sent in the email (optional)
Your remark:

Submit IRe.set_‘

Disclaimer: The server is for research purposes only and the authors and their organizations are excluded from all liability for any costs, claim:
expenses, charges, losses, damages or penalties of any kind incurred directly or indirectly arising from the use of this server.

Recommended browsers: FireFox, Chrome or Internet Explorer 9 (HTMLS5 support), resolution: 1366*768 or higher




Results

(A) ROC Curve

(B) Precision-Recall Curve

— P-score AUPR: 0.673

| — S-score AUPR: 0.669

—— LR(S-score and P-score) AUPR: 0.781

— DDI-CPI AUPR: 0.858

1.0
77 10k
0.8} . |
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= gv]
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% 0.4 P
= 7 0.4
o2l .7 | — P-score AUROC: 0.648
_+7 | — Ss-score AUROC: 0.697 0.2
7 ’ —— LR(S-score and P-score) AUROC: 0.783
| ——  DDI-CPI AUROC: 0.859
°8.0 0.2 0.4 0.6 0.8 1.0 o8

False Positive Rate

0

0.2 0.4

0.6
Recall

0.8 1.0

The ROC and precision-recall curve comparison for different DDI prediction
methods based on independent validation

P-score: uses side-effect similarities to predict target sharing (campilios, et al. Science (2008), 321,

263-266.)

S-score: uses drug-target network to predict DDIS (Huang, et al. PLoS Comput Biol (2013), 9, £1002998)
LR(S-score and P-score): integrates P-score and S-score by a Bayesian probabilistic

model

DDI-CPI: predicts DDI using machine learning models via CPI
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MAOI: Monoamine oxidase inhibitor
SSRI: Selective serotonin reuptake inhibitor

Case study - MAO-A inhibitors

Table 3 (adapted from reference 6.7)
Drugs to Avoid When Taking MAOIs

Amphetamines Bupropion
Cwclobenzaprine Dextromethorphan
Linezolid Meperidine
Methadone Mirtazapine
SSRIs/SNEIs TCA’s
_Tripta.ns Tramadol H
Wasoconstrictors (psuedoephedrine, phenvlephrine, cocaine) Ayd”aj:__\ \\._\

Chlorpeniramine, brompheniramine
St. John's Wort (General anesthesia

* SSRI with MAOI
results in high p—
extracellular serotonin "\ N
(5-HT) concentration— — » Sl s
. “‘:—zf\‘/ Clonus - B .
serotonin syndrome. PSS e

(greater in lower

extremities) Autonomic instability;
often hypertensive

& KB :
LU

Diaphoresis

( sounds; may
T have diarrhea

r .

i_—.
Q -

11

Source: pharmacytimes.org, Terry Gotham, dancesafe.org



Case study - MAO-A inhibitors

Monoamine oxidase Isocarboxazid
inhibitors (MAQIs)

Naratriptan| -

Selective serotonin —— Sertraline| -8.8 | -

reuptake inhibitor

MAO-A targets

Q-

T~
¥

*
)
&

&
Y

-9.4

-9.3

-9.2

Linezolid| -9.

-10.2

-9.6

(SSRI)

A subset CPI visualization between
drugs and MAO-A targets

* The server predicts that sertraline may interact
with isocarboxazid, linezolid, and naratriptan

e All of the predicted drugs can rank the MAO
protein structures to the top 20% — possible
mechanism suggested
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Application 2: Drug repositioning

* |dentify new indications for existing drugs.

De novo drug discovery and development
10-17 year process, <10% overall success rate

.Target ISCOVETy & .Le_ad , ADMET evelopment)Registration Market
discovery screening /optimization
2-3 years /0.5-1 years” 1-3 years / 1-2 years/ 5-6 years / 1-2 years

Drug repurposing
3-12 year process, reduced safety and pharmacokinetic uncertainty

Less time Compound Compound , .

: e " evelopment)Registration »Market
Lower cost identification acquisition

1-2 years / 0-2 years/ 1-6 years / 1-2 years

13

Ashburn, Nature reviews Drug discovery 3.8 (2004): 673-683.



Revenue to pharmaceuticals

D BrisolMyrsSquid 3, I e,

58% SS 50% $$ 44% $S
54% Rx 15% Rx 20% Rx 28% Rx
5. @IIH 6. ! NOVARTIS 7. ) 2ohots 8.© MERCK
37% SS 29% SS 24% SS 20% S$
24% Rx 25% Rx 17% Rx 20% Rx
9.. Aﬁ;gﬂ i guﬁmaf.:auﬂg-::ﬁ-m-t-m‘n. 11. Bayer HealthCare 12.
19% S$S 9% SS 0% 55
21% Rx 36% Rx 47% Rx 15% Rx

Contribution of the repositioned indications to the sales in 2011

Source: Biovista, SEC filings
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CPI: Chemical-Protein Interactom

Workflow of DPDR-CPI Server

Vv
AT e~ ¢ & &
— 0 ¥ ¥
I . .

> (}/QJL Drug 1-7.4 | -6.8 |-10.6| -5.0 ndications
E .
S| —n DocklngDrug2 Ea o P
= Drugs

Models

J

Indication Y

Prediction| ,

Luo#, Zhang#, et al. Scientific Reports. (2016)
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Demo: DPDR-CPI

& cpi.blo-x.cn

- DPDR-CA| Drug indication predictions (rosiglitazone) - DPDR-CP Binging pattern of Usar drug Rosiglitazone with Amine oxidase [Havir-containing] A - DPDR-C2

, a server predicting Drug Candidate Positioning
o Fix1a2..) oace . . = )
llllh and Drug “epositioning via Chemical-"rotein Interactome

Home Submit a molecule Log out Help Contact us

Navigation: Home Welcome guest! Submit a molecule/ Log out

Welcome to our site, guest! (Click here to Log out)

View: Submission center (Submit a molecule) - Backward

Introduction X [ Server work flow

Background

Upload a drug molecule
Identifying the best indications for pipeline drug candidates
(drug candidate positioning) and recycling old drugs for
new indications (drug repositioning, or repurposing) are
now attracting great interests in the pharmaceutical Wait the interactome of your esdictid
industry and academia due to the high attrition rate of molecule {0 ba i .-_:.- e
developing a new drug de novo and looking for the right Selbaiia adade
indication. Inspired from our previous server (server link
and publication link) on predicting drug repositioning via

Chemical-Protein Interactome (CPI), now we made | Check the candidate of: |
significant changes and improvements to introduce the new targets tend to interact
DPDR-CPI server for both drug candidate positioning and with your molecule
repurposing.

What can DPDR-CPI do for you?

Click here to see

When you submit a molecule in in [Sample drug predicted by our server]

MOL/MOL2/PDB/SDF/SMILES format, the server will
suggest potential indications with estimated confidence
across 963 different disease indications by machine learning RSS feeds: T v 4 »
models. The server will also suggest putative targets and + Jarget updates, Library drug updates
their docking conformations across 611 pharmacokinetic

(PK) and pharmacodynamic (PD) targets. The server can

visualize each ligand-protein binding pattern, with amino
arid recidiee armind A 4A nf the licand hichliohted

16



State-of-the-arts: Various fingerprints

Positive set

Drugs known to treat disease Y

=
@4”@” Descriptors Treat Disease Y?
001010010010101010101 Yes
110010101010100001001 Yes f(x)
aTe” 010100001010101010101 No
\. — 000010010100101001010 No Machine learning
( \ .
{”) model for disease
{ "\ PubChem 881 Yy
Fingerprints
D}_{"j Bit Position Bit Substructure
@—MH N.g 0 >=4 H
1 >=8 H
S / 4 >= 1 Li
: 5 >= 2 Li
Negative set 9 >= 9 C'
Drugs unknown with disease Y |10 >=4 C

17



Performance comparison

] (A) ROC Curve 0 (B) Precision-Recall Curve
== D PDR-CP| AUPR: 0.149
097 0.8 m=| R-ECFP6 AUPR: 0.070
osl = | R-E-State AUPR: 0.054
0.7 LR-MACCS AUPR: 0.070
07k LR-PubChem AUPR: 0.084
@ 0.6 LR-FCFP6 AUPR: 0.087
& 06} | R-FP4 AUPR: 0.070
2 505 m—| R-KR AUPR: 0.076
3 05|
o = PDR-CPI AUROC: 0.769 &
Soay | R-ECFP6 AUROC: 0.678
& === | R-E-State AUROC: 0.642
0.3f1 LR-MACCS AUROC: 0.681
0ol LR-PubChem AUROC: 0.727
| LR-FCFP6 AUROC: 0.699
01 | R-FP4 AUROC: 0.668
| R-KR AUROC: 0.685

1] 02 0.4 06 na 1
False Postive Rate Recall

Performance comparison between DPDR-CPI and chemical structure-based predictors
based on independent validation set 15



User molecule

Case Study - Rosiglitazone

Check
resu]ts_.

DPDR-CPI
Check CPI

, & server predicting Drug

epositioning via “hemical-

Contact us

Log out

Help

ositioning and

rug

rotein nteractome

Navigation: Home > Submit o molecule > User diug toalgitazone > CPY

Welcome guest! Submit a malecule/ Log out

Chemical-Protein Interactome (rosiglitazone)

Mo PDBID
' MG
F 1
3

of your

Tota:611 Page: |1

Clans Torget name

Thicpurine
S.me thylts ancler aie

Fetinglc acid

recepton gamema

Thicpurine
Sme thyltranslerme

across the targetable proteins (download)

M| »> | Search one word Go | Reset |

Molecule information

Functon J Wisuakrabon
Score
Catalyzes the §-methylation of thicpurine drup such

AL-mar L AptIpUnne

0.5 Visusalization

2

Receptor for retinoic acld. Retinaic acid receplors bindm
heteradimers to their largel resoonse slements in
rewpone totheir ligands, all-tram or -ciu retinolc acid

and regulate geneespreision in vartous blobogical
procemes. The RAR RiFheteradimerns bind to the retinsic
schl responte ehements (RARE compoted of tandem

5 -AGOTCA-T sites knewn as DR1-DRS. In theatnence of
tigand, acis mainly a3 an acthator of gene exprewiondue to
weak binding to corepressors. Reduired for bmb
buddeelopment, v concert with RARA o RARE, required

W

for sherietaigrowth, matris homesitasis and growth plate
func tion (Bydmilarity)

Catalyzes the S-methylation of thicgurine drugs such Vil
ast-mercapiopurine. I .

Catabyzrs the caidative dessination of biogenic

Spin On ™ Spin O
background white
Revet to original orientation
Download molecule

Target binding predictions

, @ server predicting Drug

hemical-

epositioning via

Submit a molecule Log out Help Contact us

Navigation Home > Submit o molecule > User diug rosiglitazons

Drug indication predictions (rosiglitazone)
Please bookmark this page for later access. ©
Predicted indications (downloadiw

Total:%4 Page: 1 - 3| »> | Search one word: | Go | Reset

No (isoans lamiy

1511 Other disorders of pancreatic internsl secretion (0.95)
* B5L.2: Hypoyhyxemds, unspecified (0.803)

250: Dhabsetos wallitus (0.93)
® 250.1: Dlabetes with ketoacidosts 10.91)
* 150.1C- labetes with ketoacidosis, type § or unspecified type, not stated m uncontrofled (1.91)
] * 250.00: Chabetes mellitun without mention of complcation, tpe | [uverde tpel, not stated s uncontroled (0.89)
* 15000 abeter mefbhun without mention of complcation, type i or snpecified hipe, not stated e uncontrolied
0.41)
* 150: Dabetes mellitus (0.80)

1 Other retinal dhorders (0L91)

*» J61.83: Retinal edema 10.73)

® 18], 10 Bachground retinapathy, unpecilied (0.62)
o 363 % Unspecified retimal disorder (0.62)
177 Dther and umpecified discrders of metabolism [0.87)
* 17785 Disorders of fatty ackd oxddation {0.81)

-

rotein

ositioning and Drug

nteractome

Welcome guest! Submit a molecule/ Log out

Molecule information

A

(U Spin On @ Spin OFF
bockground whits
Reset to inal orientation
Downlosd molecule

Indication predictions

Visualize
binding

Binding conformation
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By May 15, 2016

Free big data in the domain

o 3 7{Onloff-target binding Side effect (SE9§
R Al 78X 1 1,154,431 BioAssays (PubChem) 5,868 side effects
| ¢ 4 | 1118,748 crystal structures (RSCB PDB) 139,756 drug-SE pairs
Drug structures "o [ 1551,193 reviewed protein sequences ~ (SIDER)
2,198 approved drugs 62,148,086 not reviewed (UniProt) 6,503,071 reports
5,022 experimental drugs FAERS)
(DrugBank)

(Metabolite o> N ~¢&
D) ff DWW e
57,805 drug-
Drug

. __Jndication pairs (NDF-
Action Effec T

215,433 clinical trials

hemical str r
Chemical structures (ClinicalTrials.gov)

89,124,716 compounds = Gene expression change 22,000,000+ articles
219,712,379 substances | &= | 3 775 human genomes (1000 genome) (PubMed)
(PubChem) 15,819 sequencing platforms (GEO)

68,503 gene expression series (GEO)
1,801,592 gene expression samples (GEQO) 20




Next: Multi-channel detailed computational
hypothesis generation

-LID
“,&fﬁ%-m

21



And even beyond the hypothesis generation...

Home » Pharmacology » Diabetes and Obesity » Obese Mice

ob/ob Diabetes Model - 16 Mice $9,000.00 uspD

per service
Service Description 9 week

Provider: is a US company with |laboratories in Hangzhou, China. The laboratory has been turn around time
offering exploratory (non-GLP) pharmacology services to US and Chinese biopharma since 2004.

Provided By

Background: The obese mutant mouse model was first reported by Ingalls A et a/ from the Jackson Laboratory
in 1951 {(Obese, a New Mutation in the House Mouse [164 KB]). The obese mouse resulted from a spontaneous
mutation in a gene that was named ob in the V stock. Mice homozygous for the obese spontaneous mutation,
(Lep~ob~; commonly referred to as ob or ob/ob), are first recognizable at about 4 weeks of age. Homozygous
mutant mice gan weight rapidly and may reach three times the weight of wild-type controls. In addition to

obesity, mutant mice exhibit hyperphagia, a diabetes-like syndrome of hyperglycemia, glucose intolerance, % Request Info
elevated plasma insulin, subfertlity, impaired wound healing, and an increase in hormone production from both

pituitary and adrenal glands. Friedman J et al reported leptin in 1994, and demonstrated that leptin, the product
of the ob gene, was produced in white adipose tissue and served as the peripheral signal to the central nervous

system of nutritional status. ! Add to Cart

Service Details: This service offers a 28 day db/db mouse model of T2DM and obesity. Customer has various
options that are conveved to Links Biosciences usina a Service Order Form. Customer assians ub to 16 mice to

Be Bri”iantm Ask An Expert

Use our free service locator program to find
the research services you need.

£3 SHARE

Enter our online marketplace below to find, compare
and purchase research services from hundreds of

contract research organizations (CROS). Get free access to detailed _information on
thousands of research services.

Best Price Guarantee Big data researchers
K" = "Had | known that | can get chick embryo assays done for

] 3 Purchase services with confidence that you I I
? §2000 in four weeks, | would not have asked a postdoc to are getting the lowest possible price. Wl” have a h|gher

Register In Seconds

0, B spend a year setting it up in our lab."

Holger Wesche, Principal Scientist, Large Pharma click for more information 0 impaCt in biomediCine

Validation methods are increasingly commoditized © 2



Outline

* Preclinical data analytics — chemical-protein
interactome (CPI) as an example

* Drug-drug interaction prediction
* Drug repositioning
e Patient data analytics — real-world evidence
(RWE) as an example
* Drug safety signal detection from FAERS

23



What is “Real World Evidence” (RWE)

* RWE is clinical observations other than randomized clinical trials (RCT).
— RWE are large-scale clinical observations from population

— RCT are expensive and in far smaller scale

* RWE is observations on human in the clinical stage
— Less of a translational issue

— Other than "omics", numerous external factors (e.g., environment, diet and exercise)
affect response to medication

e RWE is not only vast but also varied in type and source: electronic medical
records (EMR), claims data, and even social media.

Food and Drug Adminisfration f\
:Em: CCS hierarchy M ED WA rc"

=RVU as value \
i

The FDA Safety Information and
Adverse Event Reporting Program

__ facebook

LA,

Lab results “hge patientslike me*
=Break down by age and =Gender
&
m ﬂq I?:-";:II léi

=ICD9
*CCS hierarchy
=HCC hierarchy ;

*Co-oCCuri

[sNDC
sIngredient
=[ays of Supplies

e nn il




Application 3: Adverse drug reactions (ADRs)

e Post-approval ADRs remain a significant source of mortality and morbidity
around the world
— 2 million potentially preventable injuries, hospitalizations, and deaths each year in US alone
— Associated cost estimated at $75 billion annually

Ehe New HJork Fimes
F.D.A. Issues New Alerts About Cholesterol Drugs

CORRECTION APPENDED £ SIGN |
Federal health officials on Tuesday added new safety alerts to the MAIL Statins are considered
prescribing information for statins, the cholesterol-reducing &} PRINT some of the safest dru gs

medications that are among the most widely prescribed drugs in the
world, citing rare risks of memory loss, diabetes and musele pain.

Merck Pulls Arthritis Drug Vioxx from Market

by RICHARD KNOX

 More than 140,000

September 20, 2004 12:00 AM ET cases of serious heart
Pharmaceutical giant Merck & Co. is pulling its arthritis drug Vioxx from the market disease

after a study confirmed earlier concerns that it raises the risk of heart problems, . $4_85 billion for |ega|
including heart attacks and stroke. Vioxx is currently used by 2 million people claims from US

worldwide and has been used by more than 84 million people around the world,
according to Merck.

citizens



Data sources of drug safety
information in post market stage

Search
Engine
Log



FDA Adverse Event Reporting System (FAERS)

 FDA Adverse Event Reporting System (FAERS)
— FDA has maintained AERS since 1968

— Spontaneous reports of suspected ADRs collected from healthcare professionals,
consumers, and pharms

— Data (from Jan 2004 to June 2016) is publicly available at FDA’s website!
 Over 5 million reports collected so far:

— patient: age, sex, weight, country <—

Often sparsely collected
— drugs they are taking /
— diseases they were being treated for

— the adverse events that occurred to that patient

GO0000- 600000+

550000 B HCP " 500004 2 HE Serious
ag 500000+ - C ons umer = 500000+ | Death
& 450000+ E_ 450000+
o 400000- I% 400000 -
& 3500004 350000+
S 300000- 'S 300000-
= 250000+ 5 250000+
L 200000 = 200000+
E 150000+ E  150000-
= 100000+ = 1Eﬂmﬂﬂﬂg-
50000 =
0= 0=
! n oy A oy ) & oy y bn ! 5 A o ) WA
PSPy 5L TSS9

& $

Source: fda.gov



FAERS database structure

DRUG FILE DEMOGRAPHIC FILE
,SR .é --------------------- ijesssssansnns ! Y ISR
Drug sequence CASE Number
Role code Event date
DrugName Report date
Route of administration Age
Dose Gender
Dechallenge Weight
Rechallenge Occupation code
Reporter country
THERAPY FILE OUTCOME FILE

ISR §senusssanssessons QL S—— > ISR
Drug sequence Outcome code
Start therapy
End therapy RPSR FILE
Duration .

------------- ) lSR

Reporter’'s source code
INDICATION FILE

ISR b — ' REACTION FILE
Drug sequence Levenceeseennd) ISR
Indication Preferred Terrm

Poluzzi et al. DOI: 10.5772/50095




Interpreting those FAERS reports is hard

 Many drugs, many adverse events
— what causes what?
— Most of these red lines are false - which are true?

Drugs Adverse Events

Acute respiratory distress

Metformin >/ |
Rosiglitazone- Anemia

Pravastatinﬁ Decrease Blood Pressure
Heart failure

Tacrolimus

Prednis.olone/< Dehydration

e Signal detection algorithms for FAERS

— Quantify “unexpectedness”: to identify drugs that have a greater proportion of a
particular event compared to the proportion seen for other drugs

— Sampling variance
Underreporting
Over reporting

— Selection biases
Causative covariates other than drug under analysis



Disproportionality analysis

reports w ae reports w/o ae  Total
reportswdrug a b a+b
reports w/o drug c¢ d c+d
Total a+c b+d a+b+c+d
Measure of association | Formula Probabilistic interpretation
Relative reporting (RR)* | a(a+b+c+d) Pr(ae | drug)

(a+c)(a+b) Pr(ae)

Proportional reporting a(c+d) Pr(ae | drug)
rate ratio (PRR) c(a+b) Pr(ae |~ drug)
Reporting odds ratio ad Pr(ae | drug) Pr(~ ae |~ drug)
(ROR) ch Pr(~ ae | drug) Pr(ae |~ drug)
Information a(a+b+c+d) Pr(ae | drug)
component (IC)? log, (a+c)(a+d) tog: Pr(ac)

1. The RR, when implemented within an empirical Bayesian framework, is known as
empirical Bayes geometric mean (EBGM); 2. The IC is a logarithmic RR metric that is
implemented in a Bayesian framework.

 Modern signal detection algorithms (e.g., EBGM, IC) could address sampling variance
— Estimate confidence intervals (Cls) for disproportionality statistics

— Dampen drug-event signals that have little evidence to support them

e How to address selection biases?



The Confounding Effect poses many challenges for ADR
detection of real world events

il -
v

Co-Prescription Confounders

v

a

(rofecoxib, MSD)

Mary has arthritis, and has to take painkillers everyday. She has been taking both
Aspirin and Vioxx. Which drug caused her heart attack?

Drug Indicator Confounders

=

L 4
a

Pancreatitis

Joe is an alcoholic who develops Pancreatitis. He has been drinking daily and taking
Naltrexone. What caused the Pancreatitis?



Selection biases in FAERS reports

* Selection biases introduce “synthetic associations”
— (e.g.) from concomitant drug use (co-Rx effect)
e drugs co-prescribed with Vioxx more likely to be associated with heart attacks
— (e.g.) from indications (indication effect)

e drugs given to diabetics more likely to be associated with hyperglycemia

— (e.g.) co-Rx effect and indication effect extend to other covariates

* Patients reported to be taking a cholesterol-lowering agent are more likely to be
older, and this may cause these drugs to be synthetically associated with age-
related effects, such as hypertension or myocardial infarction (age bias).

* Propensity score matching (PSM) corrects for bias of MEASURED covariates

— Identify matched controls for the studied cases in observational clinical
studies

— Model the likelihood of a case being selected based on the covariates
* PS = Estimated Pr(Exposed+| covariates)™ age + sex + weight + ....

— Match each case with one or more controls with the same likelihood

— However, PSM requires the covariates to be both known and measured;
neither parameter is guaranteed to be present in FAERS



Implicit Propensity Score Matching (IPSM)

* Invented by Tatonetti NP et al. Sci Trans/ Med. 2012;4(125):125ra31.

 Assumes combination of co-reported drugs and co-indications describes all
patient covariates. Generate a probability of a patient receiving a drug given co-
prescribed medications and comorbidities.

For each cm;g X, use, PSM to

mo e probabﬁlty that a given
eport lists x as a concomitant
medication.

Reports for
query drug

IPSM-Selected Cohort

* First, reduce to only those reports that have co-prescribed prescriptions listed

* Second, reduce to only those reports that have correlated indications listed

Takes advantage of co-Rx and indication variables likely to co-vary with unmeasured covariates



IPSM produces better estimates of expected values

All reports
Reports
for query
drug
Propensity-
matched
Background

 Example: Reporting of hyperglycemia with diabetes drugs
 Observed reporting frequency: 17.7%
 Expected Estimates:

— Entire database expected frequency: 1.5%
* PRR=17.7%/1.5% = 11.8!!1!!

— IPSM-derived expected frequency: 17.6%
* PRR=17.7%/17.6%=1.0 ...



IPSM corrects for indication and co-Rx biases

Drugs given to Diabetics
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Drugs co-reported with rofecoxib (Vioxx)

terazosin
dicyclomine
monamine
quinapril
nabumetone
benazepril
amitriptyline
clopidogrel
methocarbamol
OXaprozin
tramadol
nitroglycerin
trazodone
celecoxib
valdecoxib
cerivastatin

Drugs coreported with Rofecoxib

*
L4
*—

4 Original PRR
@ Corrected PRR

o
®
L2 2

+

*—
*—
o
o —
*—
*—
*—
®
@

*
IIIJEIIIIIJIII.IIIII’I’I

0 2 4 6 8 10
Association Score with Myocardial Infarction (PRR)

12

Drugs coreported with Arrhytmia

Drugs coreported with Pergolide

Anti-arrhythmics and Arrhythmia
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IPSM implicit correction for other biases

Drugs preferentially with males are more likely to be associated with 33 sex-related (male) effects
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Drugs preferentially with young/old patients are more likely to be associated with 48 age-related
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Performance of Pharmacovigilance Signal-Detection
Algorithms for FAERS

« Data: FAERS data covered the period from 1968 through 2011 Q3, totaling 4,784,337 reports.

Method name

Signal score computed

Disproportion | Multi-item Gamma |EBGM (empirical Bayes geometric mean): a centrality measure of the
ality Analysis | Poisson Shrinker | posterior distribution of the true observed-to-expected in the population
(MGPS) EBOS5: lower 5th percentile of the posterior observed-to-expected distribution
Proportional PRR: point estimate (mean) of the relative risk reporting ratio distribution
Reporting Ratio PRRO5: lower 5th percentile of the relative risk reporting ratio distribution
(PRR)
Reporting Odds ROR: point estimate (mean) of the reporting odds ratio distribution
Ratio (ROR) RORO05: lower 5th percentile of the reporting odds ratio distribution
Multivariate | Logistic LR: point estimate of the odds ratio distribution obtained from logistic
Modeling Regression (LR) regression

LROS5: lower 5th percentile of the odds ratio distribution obtained from
logistic regression

Extended Logistic
Regression (ELR)

ELR: point estimate of the odds ratio distribution obtained from extended
logistic regression

ELROS5: lower 5th percentile of the odds ratio obtained from extended logistic
regression

Harpaz, Rave, et al. "Performance of Pharmacovigilance Signal-Detection Algorithms for the FDA Adverse Event Reporting System." Clinical Pharmacology & Therapeutics 93.6

(2013): 539-546.




The application of biomedical gold standards

Positive | Negative
Event Cases Case | Total
. Gastrointestinal
Positive Drug Set for an ADR: Bleeding 24 67 91
e Event listed in Boxed Warning or Acute Liver Injury 80 37 117
Warnings/Precautions section of active Acute Myocardial
Infarction 36 66 102
FDA structured product label : - . ]
) _ o Acute Renal Failure 24 64 88
e Drug listed as ‘causative agent’ in Tisdale et Total 164 234 308

al, 2010: “Drug-Induced Diseases”[35]

e Literature review identified no powered
studies with refuting evidence of effect

Gastrointestinal
bleeding

Negative Set: fals
e Event not listed anywhere in any section of
active FDA structured product label

e Drug not listed as ‘causative agent’ in Tisdale ﬁ*\f;‘fnjw
et al, 2010: “Drug-Induced Diseases”[35]

e Literature review identified no powered
studies with evidence of potential positive g‘j;‘jardial
association infraction

Y 1 1 ¢ ¥ ] b !
050 055 060 065 070 075 080 085 090 095 1.00
AUC
BLR0O5 WELRO5 MWEB0O5 MWPRR0O5 [ RORO5

Harpaz, R, et al. Clinical Pharmacology and Therapeutics. 2013



Summary - strengths and weaknesses of notable signal
detection methods

PRR ROR MGPS BCPNN

Simple to use
Applicable to low event counts

Easy to interpret

OQOQ

Usable with SRS data

Accounts for confounding factors
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Triaging to select signals and follow up

QUANTITATIVE QUALITATIVE
“RULES” “RULES”

Meyboom RH, et al. Drug safety. 2002 May 1;25(6):459-65.



Beyond ADR detection

Common drug combo increases diabetes risk

Hypothesis Signal validation

generation based on based on EHR hfllacl? dr:t(i)gr?l
FAERS databases
_— = TEMER I ek e |

THOM drugs § —o— Pravastatin
m| l | - | - = Combination (N =B} - =% Gombination {=18} 4 =% Gombinati

feuww uaneuasung asaoniii posg

Bnsaling Afertreaimard  Basaling Afer treatmand  Baseling After treatment

gt pclyerse

A combination of two common drugs — paroxetine (one an antidepressant),
pravastatin (the other used to lower blood cholesterol) — that caused blood sugar
to rise, may put people at risk of developing diabetes.

Tatonetti, Nicholas P., et al. Clinical pharmacology and therapeutics 90.1 2011



Beyond ADR detection

Common drug combo decreases ADRs

Data to knowledge generator

( N m

Uni-variate feature \rputs\_/
Y selection module Ou -
Structured an . J  Drugs that could reduce
( ™\ .
normalized Propensity score other drugs-induced
spontaneous | computing module * ADRs
reporting - ~  Link drug combinations to
systems ( Drug-ADR-Drug ) their potential clinical
w associations prediction

effects
L Module y w

logit(P(ADR = 1)) = Lo + B1DrugA + B,P,
+ LsDrugB + L.P, + LsDrugA =~ DrugB + A|B|x

The novel regularized logistic regression is able to reveal two different mechanism of drug
combinations

* (B3+PB5) :the degree that a patient who is on Drug A could benefit or suffer from taking Drug
B for the ADR of interest

* B5: the degree that the interaction effect between Drug B and Drug A on the ADR

Li., Zhang., et al. AMIA 2016.



Pamidronate is used to treat high blood calcium levels

Clinical Validation

List of 15 predicted beneficial drug combinations and their ADR reduction

Drug A name ADRs associated Drug B name Plyd Common  Evidence for
with drug A benejiCial ATC combined
ore code use
benazepril DIZZINESS amlodipine besylate / 0,57 yes F
atovaquone PYREXIA proguanil -0.36 yes F
MYOCARDIAL
rofecoxib INFARCTION pamidronate -0.33 yes
\ MYOQCARDIAL
rosiflitazone INFARCTION exenatide -0.32 yes
progesterone BREAST CANCER adalimumab -0.27 no
trimdthoprim PYREXIA sulfamethoxazole -0.17 yes F
exerpiestane ARTHRALGIA everolimus -0.16 yes I
amoXicillin DIARRHOEA clavulanic acid -0.15 yes v
ampjcillin PYREXIA sulbactam -0.15 yes F
desmopressin  HYPONATRAEMIA somatropin -0.15 yes
sertrjline ANXIETY HieoRHic dcids -0.14 no
sumatiiiptan MIGRAINE naproxen -0.14 no F
DIABETES
olanzapine MELLITUS biperiden -0.13 yes
clindamycin DIARRHOEA benzoyl -0.13 yes F
fluticaspne DYSPNOEA salmeterol -0.13 yes F

F: FDA&pproved drug combination; Ill: phase Il clinical trial; IV: phase IV clinical trial

a NSAID. On September 30, 2004, Merck withdrew rofecoxib from the market because of concerns about
increased risk of heart attack and stroke associated with long-term, high-dosage use.



Our commitment to Health — IBM Moonshot

“I'm telling you, our moonshot will be the impact we will have on

Healthcare. It has already started. We will change and do our part
to change the face of Healthcare. | am absolutely positive about it.
And that, to me, while we do many other things, that will be one of

the most important.”
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Center for Computational Health @ IBM
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