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A little exercise:  
choose your own adventure!



A pop culture mash-up to explain 
counterfactual reasoning…



Counterfactual reasoning for one person

Decision

Person Time

0Baseline:
Period to satisfy 
inclusion criteria

Follow-up:
Period to observe 

outcomes



Counterfactual reasoning for a population

Cohort summary

Outcome summary



Alas, we don’t have a Delorean…

• What is our next best approximation?

• Instead of studying the same population 
under both decision options, let’s define a 
larger population and randomly assign one 
treatment to each person, then compare 
outcomes between the two cohorts…  



Randomized treatment assignment to 
approximate counterfactual outcomes

Assigned

Unobserved

Assigned

Unobserved

Assigned

Unobserved

Unobserved

Assigned

Unobserved

Assigned

Unobserved

Assigned



• Randomization allows for assumption that persons 
assigned to target cohort are exchangeable at baseline 
with persons assigned to comparator cohort

Outcome summary

Cohort summary



Alas, we can’t randomize…

• What is our next, next best approximation?

• Define a larger population, observe the 
treatment choices that were made, then 
compare outcomes:
– Between persons who made different choices 

(comparative cohort design)
OR
– Within persons during time periods with different 

exposure status (self-controlled designs)



How does Epidemiology define a 
comparative cohort study?

…it depends on what Epidemiology textbook you read…
“In a retrospective cohort study…the investigator identified the cohort of 
individuals based on their characteristics in the past and then reconstructs 
their subsequent disease experience up to some defined point in the most 
recent past or up to the present time”  

--Kelsey et al, Methods in Observational Epidemiology, 1996
“In a cohort study, a group of people (a cohort) is assembled, none of whom 
has experienced the outcome of interest, but all of whom could experience 
it…On entry to the study, people in the cohort are classified according to those 
characteristics (possible risk factors) that might be related to outcome.  These 
people are then observed over time to see which of them experience the 
outcome.”  

--Fletcher, Fletcher and Wagner, Clincal Epidemiology – The 
Essentials, 1996

“In the cohort study’s most representative format, a defined population is 
identified.  Its subjects are classified according to exposure status, and the 
incidence of the disease (or any other health outcome of interest) is 
ascertained and compared across exposure categories.”  

--Szklo and Nieto, Epidemiology: Beyond the Basics, 2007

“In the paradigmatic cohort study, the investigator defines two or more groups 
of people that are free of disease and that differ according to the extent of 
their exposure to a potential cause of disease.  These groups are referred to as 
the study cohorts.  When two groups are studies, one is usually though of as 
the exposed or index cohort – those individuals who have experienced the 
putative causal event or condition – and the other is then thought of as the 
unexposed or reference cohort.”  

--Rothman, Modern Epidemiology, 2008

“Cohort studies are studies that identify subsets of a defined population and 
follow them over time, looking for differences in their outcome.  Cohort 
studies generally compare exposed patients to unexposed patients, although 
they can also be used to compare one exposure to another.”  

--Strom, Pharmacoepidemiology, 2005



OHDSI’s definition of ‘cohort’

Cohort = a set of persons who satisfy one or 
more inclusion criteria for a duration of time

Objective consequences based on this cohort definition:
• One person may belong to multiple cohorts
• One person may belong to the same cohort at multiple different time 

periods
• One person may not belong to the same cohort multiple times during 

the same period of time
• One cohort may have zero or more members
• A codeset is NOT a cohort…

…logic for how to use the codeset in a criteria is required



An observational comparative cohort design to 
approximate counterfactual outcomes 
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Outcome summary

Cohort summary

• Exchangeability assumption may be violated if there is 
reason for treatment choice...and there often is



Propensity score introduction

• e(x) = Pr(Z=1|x)
– Z is treatment assignment
– x is a set of all covariates at the time of treatment 

assignment

• Propensity score = probability of belonging to the 
target cohort vs. the comparator cohort, given the 
baseline covariates

• Propensity score can be used as a ‘balancing score’: if 
the two cohorts have similar propensity score 
distribution, then the distribution of covariates should  
be the similar (need to perform diagnostic to check)

Rubin Biometrika 1983



Intuition around propensity score 
balance

Schneeweiss. PDS 2011



“Five reasons to use propensity score in 
pharmacoepidemiology”

• Theoretical advantages
– Confounding by indication is the primary threat to validity, PS focuses 

directly on indications for use and non-use of drug under study
• Value of propensity scores for matching or trimming the population

– Eliminate ‘uncomparable’ controls without assumptions of linear 
relationship between PS and outcome

• Improved estimation with few outcomes
– PS allows matching on one scalar value rather than needing degrees of 

freedom for all covariates
• Propensity score by treatment interactions

– PS enables exploration of patient-level heterogeneity in response
• Propensity score calibration to correct for measurement error

Glynn et al, BCPT 2006



Methods for confounding adjustment 
using a propensity score

Garbe et al, Eur J Clin Pharmacol 2013, http://www.ncbi.nlm.nih.gov/pubmed/22763756

Fully implemented in OHDSI 
CohortMethod R package

Not generally recommended



Matching as a strategy to adjust for baseline 
covariate imbalance
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Cohort summary



Stratification as a strategy to adjust for baseline 
covariate imbalance
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Cohort restriction in comparative 
cohort analyses

Initial target cohort T

Qualifying 
target cohort

Analytic 
target 

Cohort (T’)

Initial comparator cohort C

Qualifying 
comparator cohort

Analytic 
comparator 
cohort (C’)

Outcome cohort

Analytic outcome 
cohort: 
O in T’, C’ during 
time-at-risk



The choice of the outcome model 
defines your research question

Logistic 
regression

Poisson regression Cox proportional 
hazards

How the 
outcome 
cohort is 
used

Binary classifier 
of presence/ 
absence of 
outcome during 
the fixed time-
at-risk period

Count the number of 
occurrences of 
outcomes during 
time-at-risk

Compute time-to-event
from time-at-risk start 
until earliest of first 
occurrence of outcome 
or time-at-risk end, and 
track the censoring event 
(outcome or no 
outcome)

‘Risk’ metric Odds ratio Rate ratio Hazard ratio

Key model 
assumptions

Constant
probability in 
fixed window

Outcomes follow 
Poisson distribution 
with constant risk

Proportionality –
constant relative hazard



When designing or reviewing a study, ask 
yourself:

Input parameter Design choice

Target cohort (T)

Comparator cohort (C)

Outcome cohort (O)

Time-at-risk

Model specification



Exercise 1

• Define your own problem



Break



Exercise 2

• Apply the framework to a published paper



Observational study design
Part #2

Patrick Ryan, PhD
Columbia University

Janssen Research and Development



Design an observational study like you 
would a randomized trial

Protocol components to emulate:
• Eligibility criteria
• Treatment strategies
• Assignment procedures
• Follow-up period
• Outcome
• Causal contrasts of interest
• Analysis plan



• Bias = expected value of the error distribution

BIAS[ &𝜃] = 𝐸[ &𝜃 − 𝜃] = 𝐸 &𝜃 − 𝜃

where 𝜃 = true value, &𝜃 = estimate of 𝜃

• Mean squared error = metric to evaluate the 
quality of an estimator, accounting for both 
random and systematic error

MSE[ -𝜃] = 𝐸[( -𝜃 − 𝜃)0] = (BIAS -𝜃 )0+ 𝑉𝑎𝑟[ -𝜃]

As studies increase in sample size, random error 
converges to 0 but systematic error still persists!



Types of systematic error

• Confounding
• Misclassification (Measurement error)
• Selection bias (generalizability)



Confounding

A YEffect of interest
RR=???

A=exposure
Y=outcome

C

C = observed and modeled 
confounder 

U

U = unobserved or 
mismodeled confounder 

Challenge:
Producing an ‘unconfounded’ estimate relies on (empirically 
untestable) assumption that 
1) all confounders were observable, and properly modeled 
in the design or analysis, and 
2) no unobserved factors are associated with both exposure 
and outcome



How do you assess confounding?

• PS distribution
• Covariate balance



Misclassification 
(measurement error)

A YEffect of interest
RR=???

C

U

Challenge:
All observations are imperfect proxies for true patient 
status.  Misclassification error can exist for all exposures, 
outcomes and covariates, but is generally unknown or not 
properly estimated (via sensitivity and specificity), and is 
rarely formally integrated into effect estimation. 

A* Y*

C*

A*=proxy for exposure
Y*=proxy for outcome

A=exposure
Y=outcome
C = observed and modeled 
confounder 
U = unobserved or 
mismodeled confounder 

C* = proxy for observed 
confounder 

Estimate we observe



How do you assess measurement 
error?

• Covariate summary for exposures
• Operating characteristics for outcome 

phenotype
– Sensitivity
– Specificity
– Positive predictive value



Selection bias and generalizability

A YEffect of interest
RR=???

C

U

Challenge:
A database is a non-random sample of an underlying 
population.  A cohort is a non-random sample of the 
database.  Study design and analysis decisions may further 
restrict the cohort composition.  Selection bias is rarely 
evaluated and often empirically untestable. 

A#

A#=non-random sample of 
exposure
A=exposure
Y=outcome
C = observed and modeled 
confounder 
U = unobserved or 
mismodeled confounder 

Estimate we observe



How do you assess selection bias?

• Attrition table
• Covariate summary (compare before to after)



What can we do to address these 
challenges?

• Think really hard during study design and hope we get it 
right

• Equivocate in our summary of findings with a paragraph in 
the Discussion that reads:
– “This study has several limitations. First, since this study relied on 

claims data, we had no data on <unobserved confounders>. 
Second, while we adjusted for <observed confounders>, residual 
confounding cannot be ruled out. Third, there is a potential for 
outcome misclassification… Fourth, there is a potential for 
duplicate person-years between <databases>. Lastly, as the mean 
follow-up was <short>, long-term effects may need to be further 
examined.”  (Kim et al., Arthritis & Rheumatology, 2017)

•
•



What can we do to address these 
challenges?

• Think really hard during study design and hope we get it 
right

• Equivocate in our summary of findings with a paragraph in 
the Discussion that reads:
– “This study has several limitations. First, since this study relied on 

claims data, we had no data on <unobserved confounders>. 
Second, while we adjusted for <observed confounders>, residual 
confounding cannot be ruled out. Third, there is a potential for 
outcome misclassification… Fourth, there is a potential for 
duplicate person-years between <databases>. Lastly, as the mean 
follow-up was <short>, long-term effects may need to be further 
examined.”  (Kim et al., Arthritis & Rheumatology, 2017)

• Perform diagnostic analyses that attempt to detect if 
residual error may still be present

• Quantify magnitude of residual error and calibrate statistics



Examples of negative controls

Infectious
mononucleosis

Multiple 
sclerosis?Rubella

Measles

?

?

38



Example of a negative control

Infectious
mononucleosis

Multiple 
sclerosis1.31 *Rubella

Measles

2.22 *

1.42 *

* P < .05

Odds ratio:
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Example of a negative control

Infectious
mononucleosis

Multiple 
sclerosis

1.31 *Rubella

Measles

2.22 *

1.42 *

A broken arm

1.23 *Concussion

Tonsillectomy

1.10

1.25 *

Negative controls:

* P < .05

Odds ratio:

40
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Key points:
• 2 types of negative controls:

• Exposure controls
• Outcome controls

• “In principle, the measured confounders L of the A-Y relationship need not be 
causes of N as well, because a properly specified model that accounted for the 
confounding by L of A-Y would not be misled if such confounding were absent 
for A-N.”

• “In practice, the ideal negative control outcome should be one with incoming 
arrows as similar as possible to those of Y, including arrows from L”

• “In observational settings, the comparability between exposure A and negative 
control exposure B will be only approximate”

• “Subject matter knowledge is required for the choice of negative controls”



42

Key points:
• “A falsification hypothesis is a claim, distinct from the one being tested, 

that researchers believe is highly unlikely to be causally related to the 
intervention in question.”

• “Falsification analysis can be operationalized by asking investigators to 
specify implausible hypotheses up front and then testing those claims 
using statistical methods similar to those used in the primary analysis.”

• “Although no published recommendations exist, standardized falsification 
analyses with 3 or 4 prespecified or highly prevalent disease outcomes may 
help strengthen the validity of observational studies”
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Key points:
• “The extent to which an analysis may reveal unobserved confounding bias 

relies on the non-empirically verifiable assumption that the negative 
control outcome is carefully chosen so that it is solely influenced by 
observed and unobserved confounders of the exposure-outcome 
relationship in view”

• “We propose to use a negative control outcome not only to detect, but 
also to correct for unmeasured confounding bias”



44

Key points:
• Negative controls demonstrated to detect 3 primary sources of systematic 

error:
• Confounding
• Selection bias
• Measurement bias

• Negative controls shown to have utility across many different study types:  
observational vs. RCT; prospective vs. retrospective; case control vs. cohort

• “The ability of a negative control to adequately detect bias ultimately relies 
on the plausibility of (often untestable) assumptions encoded in its causal 
diagram”













Exercise 3

• Evaluate Graham, what did they do to mitigate 
the threat of systematic error?  How do you 
know they were successful?



Dissecting a cohort study

Marc Suchard
Martijn Schuemie

Patrick Ryan



Part 1



Exercise #1
Graham et al. (2015) Circulation

“Cardiovascular, bleeding and mortality risks in elderly Medicare patients treated 
with dabigatran or warfarin for nonvalvular atrial fibrillation”

• Team up into groups of 4
• Identify 

– Target
– Comparator
– Outcome
– Time at risk
– Model



T and C cohorts

• Elderly (>= 65) Medicare beneficiaries (A, B 
and D) with nonvalvular atrial fibrillation who 
initiated therapy with dabigatran (T) or 
warfarin (C)

Is this correct?



Inclusion criteria

All patients who:
• Have any inpatient or outpatient AF or atrial 

flutter ICD9 codes
• Filled at least 1 prescription for either drug 

between Oct 19, 2010 - Dec 31, 2012
Index date: first prescription date



Exclusion criteria

All patients who:
• Have < 6 months of Medicare enrollment before index 

date
• Were < 65
• Received prior treatment (when?) with NOAC or 

warfarin
• Were in a skilled nursing facility on index date (why?)
• Were in hospice on index date (why?)
• Had a hospitalization “that extended beyond the index 

dispensing date”
• Undergoing dialysis (when?)
• Were kidney transplant recipients
• Had diagnoses of valvular disease, DVT, PE, joint 

replacement during baseline 6 months



Outcomes

• Stroke
• Major gastrointestinal and intracranial 

bleeding
• Acute myocardial infarction
• Mortality



Time at risk

• Follow-up starts on index date + 1 and 
censored at:
– Medicare disenrollment
– > 3 day gap in anticoagulant supply

RX fill for a different anticoagulant
– Start of hospice
– Initation of dialysis or kidney transplant
– Admission to nursing facility
– End of study



Part 2



Exercise #2

Go back to Graham’s paper

Discuss:
• What threats are there to the validity of the 

study results?
• How do Graham et al. address these threads?



Confounding

• Using propensity score model: Logistic 
regression with “initiated dabigatran” as 
outcome and predictors:
– Sociodemographics
– Prescriber characteristics
– Baseline comorbidities
– “Other potentially relevant variables”

• 1:1 ratio, greedy matching
• Balance assessment via:
– Standardized mean difference (target: <= 0.1)



Measurement error

• Sensitivity and specificity of the outcome 
measures?



Overall systematic error

• Negative controls could show amount of 
residual bias



Walkthrough of implementing a 
cohort study using OHDSI tools





What is the design used by  Graham et al?

Input parameter Design choice

Target cohort (T) dabigatran new users with prior atrial 
fibrillation

Comparator cohort (C) warfarin new users with prior atrial 
fibrillation

Outcome cohort (O) Ischemic stroke

Time-at-risk 1 day after cohort start à cohort end

Model specification 1:1 propensity score-matched univariable
conditional Cox proportional hazards



Click-a-long

Go to http://ohdsitutorialtest.eu-central-1.elasticbeanstalk.com

Create your own estimation study!

http://ohdsitutorialtest.eu-central-1.elasticbeanstalk.com/


Graham et al. description of the cohort(s)



Graham et al. replication: 
Designing the study in ATLAS



Graham et al. replication: 
Designing the study in ATLAS



Graham et al. replication: 
Specifying the comparison



Graham et al. replication: 
Specifying the comparison



Graham et al. replication: 
Specifying the comparison



Graham et al. replication: 
Specifying the analysis settings



Graham et al. replication: 
Specifying the analysis settings



Graham et al. replication: 
covariates for confounding adjustment



Graham et al. replication: 
covariates for confounding adjustment



Graham et al. replication: 
covariates for confounding adjustment



• Leverages 
FeatureExtraction
package

• Default settings create 
covariates for all drug 
and condition group 
concepts, and 
procedure, 
measurement, 
observation, and device 
exposure concepts 
during 2 lookback 
window

• Defaults also include 
demographics and 4 risk 
indexes

Graham et al. replication: 
covariates for confounding adjustment



Graham et al. replication: 
specifying time-at-risk



Graham et al. replication: 
specifying the propensity score model



Graham et al. replication: 
specifying the propensity score model



Graham et al. replication: 
specifying the outcome model



Graham et al. replication: 
specifying the outcome model



Graham et al. replication: 
specifying the evaluation settings



Graham et al. replication: 
exporting the study package for execution



Anatomy of the study package

Negative control concepts SQL template

Negative controls

JSON definitions SQL definitions

Cohorts

Target-comparator-outcomes Analysis definitions

Analysis settings

Positive control settings

Positive controls

Execution code

Main execution code

Shiny app to view 
results

87



Anatomy of the study package

Negative control concepts SQL template

Negative controls

JSON definitions SQL definitions

Cohorts

Target-comparator-outcomes Analysis definitions

Analysis settings

Positive control settings

Positive controls

Execution code

Main execution code

Shiny app to view 
results

inst/cohorts inst/sql

inst/settings inst/sql

inst/settings

inst/settings inst/settings

R

inst/shiny
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How to install?
• Build and run in R-Studio
– Open package
• Own machine: unzip, double-click .Rproj file
• R-Studio Server: upload zip, click .Rproj file

– Install dependencies (see readme)
– ‘Build’ à ‘Install and Restart’

• Build from GitHub
– Unzip and put in GitHub repo
– Install depencies (see readme)
– Install with devtools::install_github

89



Installing dependencies

Source: readme.md
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Running package

91

Source: readme.md



Export data model

92

See vignette at https://github.com/ohdsi/SkeletonComparativeEffectStudy for details

Can be shared:
• Aggregated, so no patient-level data
• Minimum cell count enforced
• Saved as CSV, so easily reviewable
• Zipped for convenience

https://github.com/ohdsi/SkeletonComparativeEffectStudy


Launching the Shiny app

93

Source: readme.md



Evidence Explorer
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Concluding remarks

• CohortMethod package + R offer large 
flexibility

• 80% of studies are ‘cookie-cutter’ design, 
supported by ATLAS

• For remaining 20%, will need to modify code 
generated by ATLAS
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