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What will we discuss today?

1. What is pharmacoepidemiology and why do we need it?

2. What is target trial emulation? An example on RASi vs. CCB

3. How to prevent self-inflicted biases: prevalent user bias and immortal time 

bias

4. How to combat confounding

Main focus of my talk is on how to properly design a pharmacoepidemiology study, 

not on statistical analysis
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Pharmacoepidemiology: The study of the therapeutic effect(s), 
risk(s) and use of drugs, using epidemiological methods and/or 
reasoning

What is pharmacoepidemiology?
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Examples of pharmacoepidemiology studies
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Drug effectiveness

Drug use

Drug safety



Why do we need pharmacoepidemiology? 
Generalizability (1)
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Why do we need pharmacoepidemiology?
Generalizability (2)

6



7

Why do we need pharmacoepidemiology?
Generalizability (example)

Hyperkalemia risk for mineralocorticoid receptor antagonists
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Why do we need pharmacoepidemiology?
A trial less likely to be sponsored

Most RCTs for

drug approval

Goal of 

pharmacoepi

Efficacy
(Can it work?)

Effectiveness
(Does it work in routine care?)

Placebo comparison
(or usual care)

Active comparison
(head-to-head)

Adapted from Schneeweiss



Why do we need pharmacoepidemiology?
A trial that is not feasible: too many treatment arms
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Why do we need pharmacoepidemiology?
A trial that is not feasible: too few events/too long follow-up needed
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Empagliflozin and risk of DKA

1/2333 vs. 3/2345

HR = 2.9 (0.4-20.0)

Adapted from Schneeweiss

SGLT2i and risk of DKA

26/38,045 vs. 55/38,045

HR = 2.2 (1.4-3.6)



Healthcare use
• Inpatient

• Outpatient

Diagnoses

Laboratory

measurements

Drugs

The patient journey (time)
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We have enough observational data to answer these questions! 



Specify protocol of the target trial
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The hypothetical randomized trial we would have liked to conduct to answer our

question (= target trial)

Hernán et al. AJE 2016

Observational study needs to emulate

• Eligibility criteria

• Treatment strategies

• Randomized assignment

• Start/End follow-up

• Outcomes

• Causal contrast(s) of interest

• Statistical analysis

Need to specify a target trial protocol

• Eligibility criteria

• Treatment strategies

• Randomized assignment

• Start/End follow-up

• Outcomes

• Causal contrast(s) of interest

• Statistical analysis



An example of trial emulation protocol

Goal: to study the effect of RASi vs. CCB on kidney replacement therapy, MACE, 

all-cause death

Rationale: Trials included few patients with advanced CKD, no head-to-head 

comparisons between different antihypertensive agents13



Brief protocol of the target trial and its emulation
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Fu et al. AJKD 2021

Component Hypothetical target trial Emulation in Swedish Renal Registry 

Eligibility • ≥18 years

• Advanced CKD (i.e. eGFR <30 
ml/min/1.73m2)

• No use of either RASi or CCB in 
previous 6 months

• No history of dialysis or kidney
transplantation

Same as target trial 

Treatment strategies Initiate RASi vs. initiate CCB Same as target trial

Treatment assignment Randomization, no blinding Randomization is emulated by adjusting 
for baseline confounders



Brief protocol of the target trial and its emulation
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Fu et al. AJKD 2021

Component Hypothetical target trial Emulation in Swedish Renal Registry 

Follow-up • Starts at randomization

• Ends at endpoint or 5 years
• Starts at treatment initiation

• Ends at endpoint, 5 years or 
administrative censoring

Primary and secondary 
endpoints 

• Kidney replacement therapy

• MACE (composite of CV death, 
MI, stroke)

Same as target trial

Causal contrast Intention-to-treat effect Same as target trial

Statistical analysis Cox proportional hazards regression Same as target trial. Propensity score 
weighting will be applied to adjust for 
baseline confounders. Etc etc ….

• All-cause mortality



But wait…

• Can observational pharmacoepidemiology studies really give us causal

conclusions?

• Don’t we always have unmeasured confounding?

• Well, confounding is often not the biggest problem!

• Currently, biggest problem are self-inflicted biases due to erroneous study

design that could be easily prevented by emulating a trial
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Randomized trial:

HR 0.66 (0.53-0.82)

Bad observational study:

HR 5.79 (1.81-18.6)

Good observational study:

HR 0.75 (0.58-0.98)
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Meta-analysis of RCTs:

HR 0.85 (0.78-0.93)

Bad observational study:

HR 0.49 (0.41-0.57)

Good observational study:

HR 0.80 (0.69-0.92)
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Randomized trial:

HR 1.23 (0.99-1.53)

Bad observational study:

RR 0.61 (0.52-0.71)

Good observational study:

HR 1.05 (0.82-1.34)
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Meta-analysis of RCTs:

HR 1.00 (0.93-1.08)

Bad observational study:

HR 0.85 (0.82-0.87)

Good observational study:

HR 1.00 (0.88-1.15)



We know what went wrong!

• Good observational studies emulated the strict design of a randomized trial

= target trial emulation

• Bad observational studies did not, which introduced additional “self-inflicted” 

biases (on top of confounding):

• Prevalent user bias

• Immortal time bias
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What happens in an RCT?

Alignment of 3 components at baseline (=randomization): 

• Start of follow-up (T0)

• Eligibility criteria are met (E)

• Assignment of treatment (A) 

Failure to align these 3 components in observational study introduces bias
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R

Washout period w/o 

study drug use

T0

E
A

Exposed

Comparator (or placebo)

Randomized trial



What should happen in an observational study?
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R

Washout period w/o 

study drug use

Exposed

Comparator (or placebo)

Randomized trial T0

E
A

B

Washout period w/o 

study drug use

Exposed

Unexposed

Observational cohort study T0

E
A

B = baseline



What happens if we start follow-up after treatment initiation?
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Prevalent user bias occurs whenever

the start of follow-up is after treatment 

initiation

Observational cohort study

B

Washout period w/o 

study drug use

Exposed

Unexposed

T0

E

A

B

If treatment is truly protective…

If treatment is truly harmful…

If treatment truly has NO effect…

“Depletion of susceptibles”

T0

E

0

0,5

1

Low risk High risk

Unexposed

0

0,2

0,4

0,6

Low risk High risk

Exposed

0

0,2

0,4

0,6

Low risk High risk

Unexposed

0

0,5

1

Low risk High risk

Exposed



Prevalent vs. new users

Prevalent user bias occurs whenever we are looking at prevalent users, instead of 

new users

Additional problems:

1) This study design does not give an answer to our question of interest

2) Adjusting in the causal pathway 
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Washout period w/o 

study drug use

Exposed

Unexposed

T0

E

A B



Prevalent user bias happens fairly commonly…
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JAMA Intern Med. 2014 Mar;174(3):347-54.Ann Intern Med. 2000 Dec 19;133(12):933-41.

BMJ Open. 2013 May 3;3(5):e002758. N Engl J Med. 2012 Nov 8;367(19):1792-802.



What happens if we start follow-up before treatment initiation?
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B

Washout period w/o 

study drug use

Exposed

Unexposed

Observational cohort study

T0

E

B

T0

E

Treatment initiationStart of follow-up

Immortal time bias

Immortal time bias occurs whenever

the start of follow-up is before treatment 

initiation

A

T0 = start of follow-up
E = meeting all eligibility criteria
A = treatment initiation

“Peeking into the future”:

Patients are classified into exposure 

groups based on treatment they have

not yet received



“The follow-up period for each 

patient was defined as the interval 

between the first and last dates of 

creatinine measurements.”

Immortal time bias example
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Exposed

Unexposed

B

T0

E

Treatment initiationStart of follow-up

Immortal time bias
A

“A metformin user was defined as 

a patient who was prescribed 

metformin for longer than 90 days 

during the follow-up period.”



How to spot immortal time bias: implausibly large effects
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How to spot immortal time bias: suspicious KM curves

30 Time (years)

S
u

rv
iv

a
l

Advanced CKD population, yet nobody dies…….



Recap: target trial emulation and aligning TEA at baseline

How

Make target trial protocol

In the hypothetical RCT, TEA would be 

aligned at baseline, so in your 

observational emulation as well!
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Why

Avoid self-inflicted biases!

•Prevalent user

• Immortal time

Influence of these biases often much 

bigger than (residual) confounding



Combatting confounding
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Study 
question

Intended/unintended, beneficial/harmful effects

Design

Statistical 
analysis

Checks



Not all questions are equally susceptible to confounding

33
Adapted from Schneeweiss

Beneficial 

effect

Harmful 

effect

Unintended 

effect

Intended 

effect

C
o

n
fo

u
n

d
in

g
RCT OBS RCT

OBS

RCT OBS

SGLT2i and DKA

SGLT2i and HF after RCTsSGLT2i and HF before RCTs



Combatting confounding
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Study 
question

Intended/unintended, beneficial/non-beneficial 
effects

Design
Active comparator design

Statistical 
analysis

Checks



Active comparators help

We can reduce confounding by 

applying an active comparator 

design

35
JAMA Intern Med. 2016;176(2):238-46



But they are not a golden bullet

Some active comparators are better than others
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SGLT2i

DPP4i

vs.

Metformin

or

?



Combatting confounding
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Study 
question

Intended/unintended, beneficial/non-beneficial 
effects

Design
Active comparator design

Statistical 
analysis

Adjustment for measured confounders

Checks



Adjusting for measured confounders
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Measured confounders

Multivariable 

regression

Propensity score 

methods

-Matching  

-Weighting
• In general, similar results

• In setting of time-varying

confounding, methods such

as weighting are required

vs.



Combatting confounding
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Study 
question

Intended/unintended, beneficial/non-beneficial 
effects

Design
Active comparator design

Statistical 
analysis

Adjustment for measured confounders

Checks

Benchmark against trial results, positive/negative
controls



Benchmarking against trial findings
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CKD G4-5

Observational 
estimates, 

HR (95% CI)

KRT 0.79 (0.69-0.89)

Death 0.97 (0.88-1.07)

MACE 1.00 (0.88-1.15)

CKD G3

Observational 
estimates, 

HR (95% CI)

0.68 (0.48-0.98)

0.97 (0.81-1.17)

1.09 (0.85-1.40)

CKD G3 CKD G3

Network meta-
analysis Xie et al. 

AJKD 2016, 
OR (95% CI)

Meta-analysis 
Ninomiya et al. 

BMJ 2013, 
HR (95% CI)

ACE: 0.65 (0.51-0.80)
ARB: 0.75 (0.54-0.97)

-

- 1.00 (0.89-1.13)

ACE: 0.94 (0.75-1.12)
ARB: 0.86 (0.70-1.03)

-

Fu et al. AJKD. 2021;77(5):719-29



Negative control
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No effect (as we’d expect)

Without sufficient confounder

adjustment, we’d see this:

Dagan et al. NEJM. 2021;384:1412-23



Confounding and residual confounding 

• The discussion whether there is residual confounding (and more importantly, 

how big it is), is nuanced

• Influenced by many things:

• Study question, design, statistical analysis

• Data (which variables are present in dataset?)

• Not all observational studies are the same

• Not all observational studies are biased!
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Take home points

1. Baseline: think about TEA

2. Prevalent user bias and immortal time bias arise because of not following the 

design of a trial

3. Target trial emulation ensures aligning TEA at baseline

4. Confounding in observational studies is not black-and-white and can be 

addressed in various steps throughout your study

43 Email address: edfu@bwh.harvard.edu
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