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What will we discuss this lecture?

1. Why do we need observational studies? 

2. What is target trial emulation? 

3. Why do we need target trial emulation? 

4. Is target trial emulation a magic bullet? 
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1. Why do we need
observational studies?



What are causal questions?

Causal questions:

• Is it better to start an ACEi or calcium 

channel blocker in CKD?

• Should we start dialysis earlier or 

later?

Non-causal questions:

• How accurate is CKD-EPI 2021 
equation compared with measured 
GFR?

• Do patients with higher level of 
biomarker X have a worse prognosis?

What is the best course of 
action we could take?

Can be answered with RCT (in theory) 
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Do not involve 
interventions



In an ideal world…
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For each causal question: perform an RCT

Group 1

Group 2



Sometimes we have no trial evidence
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December 2020 November 2022



Sometimes trial evidence is inconclusive
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44% of intended sample size
HR 0.93 (0.53-1.65)

20% of intended sample size
HR 1.20 (0.63-2.30)

Conclusion of abstract RENAL-AF: “There was 

inadequate power to draw any conclusion regarding 

rates of major or clinically relevant non-major bleeding 

comparing apixaban and warfarin in patients with AF 

and ESKD on hemodialysis.”



Trial populations are highly selected
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Consequences of highly selected populations
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Hyperkalemia risk for mineralocorticoid receptor antagonists



Routinely collected healthcare data to the rescue!
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Healthcare use
• Inpatient
• Outpatient

Diagnoses

Laboratory
measurements

Drugs

The patient journey (time)

Adapted from Carrero
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2. What is target trial 
emulation?



Target trial emulation framework
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Hernán et al. AJE 2016

Target trial specification Target trial emulation

Specify:
• Eligibility criteria
• Treatment Strategies
• Treatment assignment
• Start/End follow-up
• Outcomes
• Causal contrast of interest
• Data Analysis

Emulate:
• Eligibility criteria
• Treatment Strategies
• Treatment assignment
• Start/End follow-up
• Outcomes
• Causal contrast of interest
• Data Analysis



An example of specified target trial protocol

Goal: to study the causal effect of RASi (ACEi or ARB) vs. CCB on kidney replacement therapy, MACE, all-

cause death in advanced CKD

Rationale: Trials included few patients with advanced CKD, no data on head-to-head comparisons exist 

between different antihypertensive agents
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Brief protocol of the target trial
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Fu et al. AJKD 2021

Component Hypothetical target trial specification

Eligibility Adult patients with CKD G4 (i.e. eGFR <30 ml/min/1.73m2), no history of 
kidney transplantation and no use of RASi or CCB in previous 180 days

Treatment 
strategies

1. Initiate RASi (ACEi or ARB) and always use during follow-up
2. Initiate CCB and always use during follow-up

Treatment 
assignment

Randomization, no blinding

Outcome Kidney replacement therapy, all-cause mortality, major adverse cardiovascular 
events

Follow-up Starts at randomization and ends at occurrence of endpoint, death or 5 years 

Causal contrast Intention-to-treat effect, per protocol effect

Analysis plan Cox proportional hazards regression, propensity score weighting, … etc

Hypothetical target trial we would ideally conduct:



Target trial emulation
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Target trial emulation

1. Make treatment 
groups correctly

2. Adjust for baseline 
(and time-varying) 
confounding

3. Estimate your 
treatment effect of 
interest

Emulate:
• Eligibility criteria
• Treatment Strategies
• Treatment assignment
• Start/End follow-up
• Outcomes
• Causal contrast of interest
• Data Analysis



What target trial emulation is and what it is not
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• Framework for designing & 
analyzing observational studies

• Specification step & emulation step
• Can be applied to every causal 

question on interventions

• A specific design (“sequential 
trials”, “clone-censor-weight”)
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3. Why do we need
target trial emulation?



Many observational studies don’t specify the target…

1. Start metformin vs. Do not start metformin

2. Start metformin and always use vs. Never start 

metformin

3. Start metformin and use for 6 months vs. Start 

metformin and use for 12 months

4. Start treatment metformin when event Y occurs 

vs. Start metformin when event Z occurs
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“Causal estimand”

Different data Different statistical analysis

“We investigated the association between metformin 

and major adverse cardiovascular events”



TTE forces investigators to ask questions about 
interventions
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BMI

Diet

Bariatric surgery

Drugs 
(tirzepatide, GLP-1RA)

Physical exercise

…

Lowering BMI from 30 to 25 
But how? Through which intervention?



What would the target trial look like?
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Serum phosphate

This target trial can be emulated!
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Most observational studies do not make 
treatment groups correctly, and use flawed 
designs introducing bias



Most studies use flawed designs

57% suffered from immortal person-time (→ immortal time bias)

44% suffered from prevalent user selection (→ depletion of susceptibles bias)

These would have been prevented if TTE was applied
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Bykov et al. CPT 2022



Early vs. late dialysis initiation in ESKD
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Depletion of 
susceptibles bias
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IDEAL trial    vs.        observational studies

Randomized IDEAL trial 

(NEJM, 2010) showed 

no difference for all-

cause mortality between 

early vs. late dialysis 

initiation: HR 1.04 

(0.83-1.30)

Susantitaphong et al. AJKD 2012

Meta-analysis of observational studies showed 

strong survival disadvantage for early dialysis start

HR 1.44 for 10 ml/min earlier start



These biases can be prevented!
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Correct 
study 
design

Biases introduced
Confounding 
adjustment 
necessary

Hazard ratio 
(95% CI) 
early vs. late

Randomized IDEAL trial  - No 1.04 (0.83-1.30)

Trial emulation analysis  - Yes 0.96 (0.94-0.99)

Biased method #1 Immortal time bias Yes 1.46 (1.19-1.78)

Biased method #2
Lead time bias, 
Depl. suscept. bias

Yes 1.58 (1.37-1.83)

HR of 1.46 and 1.58 very similar in magnitude to previous biased 
observational studies (n = 21)

BMJ 2021. Fu et al.
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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)
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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)



Confounding as the culprit

• In many examples, confounding not primary reason for discrepancy between trials 

and observational studies

• Due to biases introduced by investigator

 → Could have been prevented by target trial emulation

• To make treatment groups correctly, need to adhere to fundamental design principle
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Fundamental design principle

3 components aligned at randomization:

• Eligibility criteria are met (E)

• Assignment of treatment strategy (A) 

• Start of follow-up (= time zero, T0)

Aligning these 3 components in 

observational study prevents bias
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Time E
A
T0

Treatment 
strategy 1

Treatment 
strategy 2

What happens in an RCT? 



What should happen in an observational study?
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T0

Randomized trial
E
A

T0

Observational cohort study
E
A

Start drug A

Do not start drug A

Start drug A

Do not start drug A



0

0.2

0.4

0.6

Low risk High risk

Untreated

What happens if we start follow-up after treatment initiation?
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“Depletion of susceptibles bias” occurs whenever 

the start of follow-up is after treatment initiation

(medication studies use “prevalent user bias”), 

and is a form of selection bias

T0

Treated

Untreated

E

A

T0

If treatment is truly protective…

“Depletion of susceptibles”

E

0

0.5

1

Low risk High risk

Untreated

0

0.2

0.4

0.6

Low risk High risk

Treated



What happens if we start follow-up before treatment initiation?
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T0

Treated

Untreated

Observational cohort study

E

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

Never “peek into the future”:

Don’t classify patients into treatment arms

based on treatment they receive

in the future!

Diagnosis



How to spot immortal time bias: suspicious survival 
curves
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Time (years)

Su
rv

iv
al

Advanced CKD population, yet nobody dies…….
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4. Is target trial 
emulation a magic
bullet?



Target trial emulation does not solve the problem 
of unmeasured confounding 
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Prevents immortal time 
& selection bias

Getting step 2 right requires 
measuring and appropriately 
adjusting for all confounders
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Our study with clear residual confounding

PICO:

P: HFpEF, type 2 diabetes, ≥65 years

I: SGLT2i

C: Sitagliptin (DPP4i)

O: All-cause death, heart failure hospitalization

Data source: Medicare claims data

Active-comparator new-user design [no self-inflicted biases], adjusting for >100 potential 

confounders (demographics, comorbidities, medications, healthcare utilization, healthy 

behavior markers)
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Our study with clear residual confounding
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HR 0.62 (0.53-0.74)



Study 
question

•Intended/unintended, beneficial/harmful effects

•Active comparators

Statistical 
analysis

Checks

40

Combatting confounding



Not all questions equally susceptible to confounding
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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



Active comparators help

We can reduce confounding by applying an 

active comparator design
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JAMA Intern Med. 2016;176(2):238-46



Study 
question

•Intended/unintended, beneficial/harmful effects

•Active comparators

Statistical 
analysis

Adjustment for measured confounders

Checks

43

Combatting confounding



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.



Study 
question

•Intended/unintended, beneficial/harmful effects

•Active comparators

Statistical 
analysis

Adjustment for measured confounders

Checks

•Benchmark against trial results

•Negative control outcomes

45

Combatting confounding



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



Using negative control outcomes to correct for residual confounding

Primary 
composite

All-cause death
Hospitalization 
for Heart Failure

0.72 (0.67-0.77) 0.70 (0.63-0.78) 0.64 (0.58-0.70)

Corrected HR’s for residual confounding
Estimated 
bias on log 
scale

Observed HR 
(95% CI)

Assumed 
true HR

Negative 
control 
outcome

0.78 (0.62-0.99)0.87 (0.71-1.10)0.89 (0.72-1.11)0.210.81 (0.65-1.01)1.00Non-CV death

0.77 (0.60-0.99)0.84 (0.65-1.09)0.86 (0.67-1.10)0.180.83 (0.65-1.06)1.00Ischemic stroke
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Is there residual confounding?

Whether there is residual confounding (& more importantly, its magnitude) is a nuanced 

discussion

Depends e.g. on study question and data quality

• Generally, unintended-harmful effects (SGLT2i→DKA) often have less confounding than intended-

beneficial effects (SGLT2i→HHF)

• Active comparators (SGLT2i vs. GLP-1RA) often have less confounding than. nonactive comparators 

(SGLT2i vs. no SGLT2i)

• Some data sources have richer information (ejection fraction, lab data)

Benchmarking & negative control outcomes can increase confidence
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Take home points

1. TTE is a framework for designing and analyzing observational studies

2. Involves specifying the target trial protocol and then emulating it with observational 

data

3. The design of RCTs should be explicitly emulated by carefully aligning eligibility criteria, 

treatment assignment and start of follow-up; This prevents unnecessary biases 

(immortal time, depletion of susceptibles)

4. Trial emulation does not solve the problem of confounding, but confounding is nuanced, 

and there are some tricks

5. For each causal question you have: Think about the target trial
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Questions

e.l.fu@lumc.nl 
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