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1. Study types by objective: descriptive, predictive, and causal
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Three fundamental tasks in research…

a) Description: Provides a quantitative summary of the characteristics of 
a population (e.g., to guide resource allocation or generate hypotheses).

b) Prediction: Identifies associations between population 
characteristics (e.g., to anticipate resource requirements).

c) Causal inference:  Estimates the effect (impact) of an exposure, 
treatment, or intervention on outcomes (to inform decision-making).

3Hernán MA, et al. CHANCE. 2019;32(1):42-49. doi:10.1080/09332480.2019.1579578
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Why does this distinction matter?
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2. Quick refresher on the counterfactual causal theory



Sir Austin Bradford Hill’s 
causal considerations

(1) Strength 

(2) Consistency 

(3) Specificity 

(4) Temporality

(5) Biological gradient

(6) Plausibility 

(7) Coherence

(8) Experimental evidence

(9) Analogy

Lash, TL, VanderWeele, TJ, Haneuse, S, and Rothman, KJ. (2021). Modern Epidemiology, 4th Edition, Wolters Kluwer. 7
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Causal effect estimation

Causal inference



Individual causal effects
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7

13
= 0.54
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Average causal effects
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Half would have died if 
everyone had received a 

transplant:

Pr 𝑌𝑎=1 = 1 =
10

20
= 0.5
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Causation vs. association

20

To infer causality, 
we must ask 

questions such as: 

What would the 
risk be if everyone 

(vs. no one) received 
the treatment?
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Causation vs. association
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To infer causality, 
we must ask 

questions such as: 

What would the 
risk be if everyone 

(vs. no one) received 
the treatment?

To study 
associations, the 

questions are: 

What is the risk 
among those who 

received the 
treatment and those 

who did not?

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



What is identifiability?

22Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



Identifiability
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“When a counterfactual quantity can be expressed 

as a function of the distribution (i.e., the 
probabilities) of the observed data, we say that the 
counterfactual quantity is identified (or identifiable)”



Identifiability

24Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



What is the causal gap?
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What is the causal gap?
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“when the data are 

insufficient to 
identify—compute—

the causal effect even 
with an infinite sample 

size”

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.

“any structural 
association between 

treatment and outcome 
that does not arise 

from the causal 
effect in the population 

of interest”
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3. From randomized trials to observational studies



What is the fundamental problem of causal inference?
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How can we solve it?
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Marginal randomization
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Marginal randomization
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What is marginal exchangeability?
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Marginal exchangeability
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“In an ideal 
randomized 
experiment:

 association is 
causation”



What is conditional randomization?
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Conditional exchangeability

45Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.

L = 1

L = 0



Fully randomized causally interpreted structured tree graphs (FRCISTG)
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Fully randomized causally interpreted structured tree graphs (FRCISTG)
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Positivity

49Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



Consistency

50Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



NO measurement error, missing data bias, or model misspecification

51Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



What if an RCT is not possible or not enough?

• It is often not possible (or not enough) to conduct randomized trials:

o Ethical reasons (e.g., when studying adverse effects)

o Feasibility constraints (e.g., time or cost limitations)

o Contextual reasons (e.g., when the exposure cannot be manipulated or 
outcomes require long-term follow-up, or we want to generalize)

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC. 52



What should we do?

53Geldsetzer P, Fawzi W. J Clin Epidemiol. 2017;89:12-16. doi:10.1016/j.jclinepi.2017.03.015



Observational studies (several options available)

54Geldsetzer P, Fawzi W. J Clin Epidemiol. 2017;89:12-16. doi:10.1016/j.jclinepi.2017.03.015



4. Brief overview of real-world data and real-world evidence
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What are RWD and RWE?

• RWD: “Data relating to patient health status and/or the delivery of 
health care, routinely collected from a variety of sources [other than 
traditional clinical trials].”

 

• RWE: “Clinical evidence [regarding a medical product’s use and potential 
benefits or risks] derived from the analysis of RWD.”

     

FDA/EMA

56Hernandez RK, et al. Clin Pharmacol Ther. 2025;117(4):927-937. doi:10.1002/cpt.3563



Where do RWD come from?

57Schneeweiss S, et al. Endocr Rev. 2021;42(5):658-690. doi:10.1210/endrev/bnab007



What are RWD and RWE used for?

1.  Estimate disease 
prevalence or incidence.

2.  Understand its natural 

history.

3.  Characterize patterns of 

medication use.

4. …

1.  Inform sample size calculations.

2.  Refine eligibility criteria.

3.  Understand the standard of care.

4. …

1.  Confirm efficacy and safety under real-
world conditions (generalizability).

2.  Evaluate new outcomes or extend 

follow-up.

3.  Expand the target population.

4.  Comparative effectiveness studies.

5.  Perform economic analyses.

6. …

58Modified from: Zhu R, et al. Clin Pharmacol Ther. 2023;114(4):751-767. doi:10.1002/cpt.2988



Example using claims

59Franklin JM, et al. Clin Pharmacol Ther. 2017;102(6):924-933. doi:10.1002/cpt.857



Example using Electronic Health Records

60Franklin JM, et al. Clin Pharmacol Ther. 2017;102(6):924-933. doi:10.1002/cpt.857
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5. The target trial framework



What is the target trial framework?

• A structured procedure that operationalizes best practices in the 
design, analysis, and reporting of observational studies for causal inference.

• It is NOT a statistical method or an estimation procedure.

62Hernán MA, et al. Ann Intern Med. 2025;178(3):402-407. doi:10.7326/ANNALS-24-01871



Why is it useful?

1. By making the components of the TT explicit, it enables researchers to define the 
causal estimand without requiring advanced training in causal inference.

2. It encourages analyses that align with study objectives and mitigate the impact of 
design errors.

63Hernán MA, et al. Ann Intern Med. 2025;178(3):402-407. doi:10.7326/ANNALS-24-01871



How does it work?

• For each causal question:

1. We can imagine a 
hypothetical 
randomized trial   
(the “target trial”).

2. Then, we can specify the 
target trial protocol.

• A “2-step algorithm for causal 
inference”

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.
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Ask a causal question 
and 

specify the TT protocol

Is the TT 
feasible, ethical, and 

timely?

Conduct the TT
Emulate the TT

using observational data

YES NO



Specify the components of the TT

Must correspond to a pragmatic trial—a randomized study under real-world 
conditions (i.e., without additional adherence promotion or monitoring):

✓ Allocation is not blinded

✓ There is no placebo (i.e., only active treatments or no treatment)

✓ Participants are followed as frequently as regular patients

✓ Treatment strategies are those used in real-world settings

CAUSALab. Material for the CAUSALab Summer Course on Causal Inference. Harvard T.H. Chan School of Public Health; 2022.



Components of the TT

Eligibility criteria

Treatment strategies

Treatment assignment

Time zero and follow-up

Outcomes

Causal contrasts

Data analysis

CAUSALab. Material for the CAUSALab Summer Course on Causal Inference. Harvard T.H. Chan School of Public Health; 2022.
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Example

What is the effect of Covid-19 vaccination (full-series) vs. no vaccination, on 
SARS-CoV-2 infection in a cohort of workers from                                          

Mexico (Dec 24, 2020, to May 31, 2021)?

69



Components TT Specification TT Emulation

Eligibility 
criteria

• Age 18+ 

• No history (or contraindications) of vaccination; 
• No history of SARS-CoV-2; 

• No Covid-19-like symptoms (one week); 
• No known pregnancy or immunodeficiency; 

• Recent health care user 

 

 

Treatment 
strategies

 

1) No immediate vaccination. 

 2) Immediate vaccination (BNT162b2).
Same

Treatment 

assignment

Conditional randomization 
(December 24, 2020, to June 24, 2021).

Assume conditional randomization based on 
confounders (e.g., age, sex, etc.)

70
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Emulating treatment assignment

• Conditional randomized assignment is equivalent to confounding adjustment.

• We can achieve this using:

o G-methods: standardization, IPW, and g-estimation

o Stratification-based methods: stratification, matching, outcome 
regression

• If information on any relevant confounder (as specified in the protocol) is 
missing, random assignment cannot be emulated.

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



Components TT Specification TT Emulation

Time zero and 

follow-up

From treatment assignment until:

• Outcome of interest
• Death

• Loss to follow-up
• End of follow-up

Same

Outcomes

 

SARS-CoV-2 infection Symptomatic SARS-CoV-2 infection

Causal 

contrasts

Intention-to-treat (ITT) effect 

Per-protocol (PP) effect

ITT may be uninformative

PP effect same
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Emulating time zero and follow-up

• Time zero (baseline) is defined by the occurrence of three events:

1.  Meeting eligibility criteria.

2.  Treatment assignment.

3.  Start of outcome assessment.

• Misalignment between these components can lead to time-related bias.

Hernán MA, et al. J Clin Epidemiol. 2016;79:70-75. doi:10.1016/j.jclinepi.2016.04.014



Time-related bias

Núñez I, Lajous M. Salud Publica Mex. 2024;67(1):83-90. doi:10.21149/16056 80

t 0



What if eligibility is met more than once?

• Aligning eligibility and treatment assignment can be difficult when the eligibility 
criteria can be met at multiple points in time

• Two potential solutions:

o Select one eligible time at random.

o Use all eligible times (greater statistical efficiency): 

✓Sequence of TTs—each with a different t 0—estimate the effects within each, and 
pool the results.

✓Each trial applies the same eligibility criteria and follow-up protocol.

✓Participants may be included in more than one trial and treatment strategy.

81CAUSALab. Material for the CAUSALab Summer Course on Causal Inference. Harvard T.H. Chan School of Public Health; 2022.



IMSS 

Workers

Eligibility

(Week 1)

Vaccinated

Unvaccinated

82

t0
PSM or IPW or standardization



IMSS 

Workers

Eligibility

(Week 1)

Vaccinated

Unvaccinated

Follow-up until: 

1) Outcome, 

2) Death,

3) LTFU, 

4) End of study. 
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Components TT Specification TT Emulation

Statistical analyses

ITT: Estimate six-month risks for both groups using 

pooled logistic regression models. Then, calculate 
risk differences and risk ratios with corresponding 

95% bootstrap confidence intervals.

PP: Follow the same procedure, but apply time-

varying inverse probability of treatment and 
censoring weights to the models. Individuals are 

censored upon non-adherence to their assigned 
strategy.

Same

89



Time-varying IPW

Where:

• Am : an indicator of treatment at time 𝑚, 

• ҧ𝐴m-1: treatment history.

• ത𝐿m: confounder history.

90Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



Time-varying IPCW

Where:

• Cm= 0: an indicator of being uncensored at time 𝑚, 

• ҧ𝐴m-1: treatment history.

• ത𝐿m-1: confounder history.

• V: baseline values of covariates.

91Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.



IP-weighted PLR

92

Where:

• 𝑌𝑘+1: the outcome in interval 𝑘 + 1.

• ҧ𝐴k: treatment history.

• Ck+1 = 0: an indicator of being uncensored at time k + 1, 

• 𝐴: a time-fixed indicator for being assigned to “always treat” (A= 1) or  “never treat” (A= 0) at time zero.

• L: Baseline values of confounders. 

• 𝐴 × 𝑓(𝑘):  a (vector) of product terms between treatment and functions of time (allows for a time-varying hazard 
ratio)

logit Pr 𝑌𝑘+1 = 1 ҧ𝐴𝑘 , 𝑌𝑘 = 0, 𝐶𝑘+1 = 0 = θ0,𝑘 + θ1𝐴 + θ2𝐿 + θ3𝐴 × 𝑓(𝑘)

Hernán MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall/CRC.
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6. The causal roadmap



Dang LE, et al. J Clin Transl Sci. 2023;7(1):e212. Published 2023 Sep 22. doi:10.1017/cts.2023.635

A single causal question can lead to many paths

• The causal roadmap guides study design, analysis, and interpretation

• It works across randomized and observational designs

• Supports any identification assumptions

• Promotes the use of estimators with strong theoretical/finite-sample properties

• Prevents over-interpretation

94
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Dang LE, et al. J Clin Transl Sci. 2023;7(1):e212. Published 2023 Sep 22. doi:10.1017/cts.2023.635

The causal roadmap
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7. Additional Resources
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