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• I have received salary support from grants from Eli Lilly and Company and 

Novartis Pharmaceuticals Corporation to the Brigham and Women’s Hospital 

and was a consultant to Aetion, Inc. and Optum, Inc., all for unrelated work.

2



D
iv

is
io

n
 o

f 
P

h
a

rm
a

c
o

e
p

id
e

m
io

lo
g
y 

a
n

d
 P

h
a

rm
a

c
o

e
c
o

n
o

m
ic

s
Overview

• Examples of pharmacoepidemiology in repurposing

• Data sources

• Approaches

• Conclusion
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Many examples of repurposing
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Pushpakom S et al. Nat Rev Drug Discov 2019;18:41-58.
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Many examples of repurposing
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Pushpakom S et al. Nat Rev Drug Discov 2019;18:41-58.
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A history of aspirin

6



D
iv

is
io

n
 o

f 
P

h
a

rm
a

c
o

e
p

id
e

m
io

lo
g
y 

a
n

d
 P

h
a

rm
a

c
o

e
c
o

n
o

m
ic

s

7

Algra AM et al. Lancet Oncol 2012;13:518-27.

Aspirin for colorectal cancer
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Healthcare system generates lots of data

• ~90% of Americans have health insurance

• EHR adoption continues to increase in US

8

https://dashboard.healthit.gov/quickstats/pages/FIG-Hospital-EHR-Adoption.php

https://dashboard.healthit.gov/quickstats/pages/FIG-Hospital-EHR-Adoption.php
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Administrative claims data

9

Etc.

Lab Results

Person ID

Dates of order, 
collection & result

Test type, immediacy 
& location

Procedure code & type

Abnormal result 
indicator

Department

Test result & unit

Ordering provider

Facility

Etc.

Enrollment

Enrollment start 
& end dates

Person ID

Drug coverage

Medical coverage
Race

Demographics

Birth date

Person ID

Sex

Amount 

dispensed

Dispensing

Person ID

Dispensing date

Days supply

National drug 
code (NDC)

Dispensing MD

Etc.

Encounters

Person ID

Dates of service

Type of encounter

Provider seen

Facility

Department

Etc.

Vital Signs

Person ID

Date & time of 
measurement

Tobacco use & 
type

Weight

Height

Encounter date & 
type when 
measured

Diastolic & systolic 
BP

BP type & position

Confidence

Death

Person ID

Date of death

Cause of death

Source

Etc.

Diagnoses

Person ID

Date

Primary diagnosis 
flag

Encounter type & 
provider

Diagnosis code & 
typeEtc.

Procedures

Person ID

Dates of service

Procedure code & 
type

Encounter type & 
provider
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Distributed data networks

10

Network Geography Type of data n

AsPEN: Asian Pharmacoepidemiology

Network

Asia-Pacific Claims 220M

CNODES: Canadian Network for 

Observational Drug Effect Studies

Canada, US, UK Claims, EHR 35M (Canada)

HCSRN: Health Care Systems 

Research Network

US and Israel Claims, EHR 16M

PCORnet: National Patient-Centered 

Clinical Research Network

US Claims, EHR 100M

PROTECT: Pharmacoepidemiological

Research on Outcome of Therapeutics 

by a European Consortium

European Union Claims, EHR 100M

Sentinel US Claims, EHR 293M

VSD: Vaccine Datalink US EHR 9M
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Sentinel system

Colorado

Hawaii

Mid-Atlantic

Northern California

Northwest

Washington

Lead: Harvard Pilgrim 
Health Care Institute

Data & Scientific 
Partners
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Sentinel distributed database

• 292.5 million unique patient identifiers*

• 14.4 billion prescription drug dispensings

• 13.3 billion unique medical encounters

• 66.9 million individuals currently contributing medical and pharmacy data

12

*Potential for double-counting if individuals moved between Data Partner health plans
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TZDs and Parkinson Disease

• Thiazolidinediones (TZDs) – rosiglitazone, pioglitazone – are approved to treat 

type 2 diabetes

• Agonists for peroxisome-proliferator-activated receptor gamma 

• TZDs have been found to suppress microglial activities in animals by interfering 

with the inflammatory feedback loop and preventing neurodegeneration 

• Cohort of Medicare beneficiaries with no evidence of Parkinson disease

• New user, active comparator cohort design

• Initiators of TZDs compared to initiators of sulfonylureas

• Propensity score matching account for 81 variables

• Compared any use and increasing durations of continuous use up to 10 

months

13

Connolly JG et al. Am J Epidemiol 2015;182:936-44.
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TZDs and Parkinson Disease

Unmatched Matched

Characteristic
Sulfonylurea users

(n = 24,167)

TZD users

(n = 5,230)

Sulfonylurea users 

(n = 5,225)

TZD users

(n = 5,225)

Age, mean (sd) 78.7 (7.0) 77.6 (6.9) 77.5 (6.9) 77.6 (6.9)

Female sex, % 72.9% 72.9% 72.6% 72.9%

No. days hospitalized, mean (sd) 3.0 (6.4) 2.2 (5.4) 2.2 (5.3) 2.2 (5.4)

No. meds dispensed, mean (sd) 6.9 (4.5) 7.1 (4.4) 7.0 (4.5) 7.1 (4.4)

Combined comorbidity score, mean (sd) 1.7 (2.5) 1.4 (2.4) 1.4 (2.4) 1.4 (2.4)

Alzheimer disease, % 7.1% 6.6% 6.7% 6.6%

Cancer, % 17.2% 16.3% 16% 16.3%

Hyperlipidemia, % 41.9% 58.8% 58.8% 58.8%

Use of statins, % 24.8% 38.6% 37.4% 38.6%

Use of Parkinsonism-inducing meds, % 7.4% 5.8% 5.6% 5.8%

14

Connolly JG et al. Am J Epidemiol 2015;182:936-44.
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TZDs and Parkinson Disease

15

Connolly JG et al. Am J Epidemiol 2015;182:936-44.
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TZDs and Parkinson Disease

16

NET-PD FS-Zone Investigators. Lancet Neurol 2015;14:795-803.
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Observational studies can also get it wrong

17

Michels KB et al. Circulation 2003;107:1830-33.
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Beta-blockers for treatment of COPD?
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Du Q et al. PLoS One 2014;9:e113048.
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We are getting better at detecting when we are wrong

19

Dong YH et al. BMJ Open 2017;7:e012997.
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We are getting better at detecting when we are wrong
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Dong YH et al. BMJ Open 2017;7:e012997.



D
iv

is
io

n
 o

f 
P

h
a

rm
a

c
o

e
p

id
e

m
io

lo
g
y 

a
n

d
 P

h
a

rm
a

c
o

e
c
o

n
o

m
ic

s
We are getting better at detecting when we are wrong

21

Dong YH et al. BMJ Open 2017;7:e012997.
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We are getting better at detecting when we are wrong

22

Dransfield MT et al. N Engl J Med 2019 Oct 20 [Epub ahead of print]
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Conclusions

• Great care (and epidemiological thinking) is needed when conducting 

observational studies of therapeutics

• Secondary data sources do not always include information on every variable 

(exposures, confounders, outcomes) of interest and follow-up can be short in 

many databases

• However, we are constantly improving the data and the methods for analyzing 

the data for meaningful inference

• Large healthcare data and networks of databases provide unprecedented 

opportunity for identifying and evaluating targets for repurposing 

23


