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Three fundamental tasks in research...
a) Description:
b) Prediction:

c¢c) Causal inference:
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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).
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Why does this distinction matter?
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hinese COV-19 patients. We evaluate the effect of hydroxychloroquine on

arch 16™, to receive 600mg of hydroxychloroquine daily and their viral load in
was tested daily in a hospital setting. Depending on their clinical presentation,
as added to the treatment. Untreated patients from another center and cases refusing the

Six patients were asymptomatic, 22 had upper respiratory tract infection symptoms and eight
er respiratory tract infection symptoms.
wenty cases were treated in this study and showed a significant reduction of the viral carriage at
D6-post inclusion compared to controls, and much lower average carrying duration than reported in the
litterature for untreated patients. Azi in added to hydroxyc! ine was significantly more effi-
cient for virus elimination.
Conclusion: Despite its small sample size, our survey shows that hydroxychloroquine treatment is signifi-
cantly associated with viral load reduction/disappearance in COVID-19 patients and its effect is reinforced
by azithromycin.

© 2020 Published by Elsevier B.V.
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e
Sir Austin Bradford Hill’s
causal considerations

(1) Strength
(2) Consistency
(3) Specificity

4) Temporali
(4) P ty Causal effect estimation

-

Causal inference

(5) Biological gradient
(6) Plausibility
(7) Coherence

(8) Experimental evidence

(9) Analogy
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Individual causal effects
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Individual causal effects
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Individual causal effects
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Individual causal effects
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Average causal effects

Table 1.2

A Y
Rheia 0 0
Kronos 0 1
Demeter 0 0
Hades 0 0
Hestia 1 0
Poseidon 1 0
Hera 1 0
Zeus 1 1
Artemis 0 1
Apollo 0 1
Leto 0 0
Ares 1 1
Athena 1 1
Hephaestus 1 1
Aphrodite 1 1
Polyphemus 1 1
Persephone 1 1
Hermes 1 0
Hebe 1 0
Dionysus 1 0

qu M . x. !. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 13



Average causal effects

Table 1.2

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

The risk of death among
transplant recipients is:

PrlY = 1] A = 1] = — = 0.54
Y =14=1]=7=0.

PR R R, EFRPRPRPRFOOOOORRHERFR,OOOCO R
OO0 R R HRRHRERHORREFEROOOOOR OK
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Average causal effects

Table 1.2

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

The risk of death among
non-transplant recipients is:

3
Pr[Y=1|A=O]=;=O.43

The risk of death among
transplant recipients is:

PrlY = 1] A = 1] = — = 0.54
Y =14=1]=7=0.
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Table 1.2

Rheia
Kronos
Demeter
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Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus
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Average causal effects

The risk of death among

non-transplant recipients is:
(i) Pr[Y =1JA=1—Pr[Y =1|A=0] = 0

3
Pr[Y=1|A=O]=;=O.43

The risk of death among
transplant recipients is: ... Pr[Y=1A=1]/Pr[Y =0|A=1]

PrlY = 1] A = 1] = — = 0.54
Y =14=1]=7=0.
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Average causal effects

Table 1.1

Ya=0 Ya:l <

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

—_

Half would have died if
everyone had received a
transplant:

Pr[ye=1l =1] = 10 = 0.5
20
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Average causal effects

Table 1.1

Ya=0 Ya:l <

v

Rheia
Kronos
Half would have died if no Demeter
one had received a Hades
transplant: Hestia
Poseidon
Hera
Pr[ya=0 — ] — E =05 Zeus
20 ' Artemis
Apollo
Leto
Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

—_

Half would have died if
everyone had received a
transplant:

Priy®=l =1] = 10 = 0.5
20
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Average causal effects

Table 1.1

Ya=0 Ya:l <

v

Rheia
Kronos
Half would have died if no Demeter
one had received a Hades
transplant: Hestia
Poseidon
Hera
Pr[y2=0 = 1] = Y s Zeus
20 ' Artemis
Apollo
Leto
Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

—_

Half would have died if
everyone had received a

transplant: (1) Pl“[YaZl = 1] — PI[YGZO = 1]

a=1 _ 1] = E — .e Pr[Yazl = 1]
Pr[Y 1] 20 0.5 (11) Pr[yazo — 1]

PR, OOOHR,RMFOHFH,PFPF OO, OOCORF O
coo+H—LrHPHHRPFEPEPEPFEHEPHEHOFE,EFHEOOOOOO
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Causation vs. association

Population of interest

To infer causality,
we must ask Treated Untreated
questions such as:
What would the / \
risk be if everyone . _y
Y Causation Association

(vs. no one) received
the treatment?

VS. VS.

E[Y« ] E[Y*] E[Y4 = 1] E[Y]4 = 0]

l‘»‘Ei MCG !. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 20



Causation vs. association

Population of interest

To infer causality, To sjcudy
we must ask Treated Untreated associations, the

: uestions are:
questions such as: 9

What is the risk
What would the / \ among those who
risk be if everyone

i Causation Association received the
(vs. no one) received treatment and those
the treatment? who did not?
VS. VS.
E[Y“!] E[Y“°] E[Y|4 = 1] E[Y]|4 = 0]
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What is identifiability?

Causation Association

VS. VS.

E[Y« ] E[Y*] E[Y4 = 1] E[Y]4 = 0]

‘!Eq MCG !. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 22



Identifiability

“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)”

Causation Association

VS. VS.

E[Y“!] E[Y"] E[Y|4 = 1] E[Y]4 = 0]

44 MCG !. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 23



Identifiability

Causation Association

VS. VS.

E[Y« ] E[Y*] E[Y4 = 1] E[Y]4 = 0]
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What is the causal gap?

Causation Association

VS. VS.

E[Y« ] E[Y*] E[Y4 = 1] E[Y]4 = 0]
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What is the causal gap?

“when the data are
insufficient to
identify—compute— ¢
the causal effect even
with an infinite sample

© 2
size ) ..
Causation Association

VS. VS.

E[Y« ] E[Y*] E[Y4 = 1] E[Y]4 = 0]
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What is the fundamental problem of causal inference?
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What is the fundamental problem of causal inference?

Table 2.1

F~<
(=

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

ol - O OO HEMEMFHOOO O
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D D e D e ) D ) D O R ) el el 0 O O RO
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How can we solve 1t?
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Marginal randomization
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Marginal randomization

Treated
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Marginal randomization

Treated Untreated
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Table 2.1

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera
Zeus
Artemis
Apollo
Leto
Ares
Athena

Marginal randomization

E

Hephaestus

Aphrodite

Treated Untreated

Polyphemus
Persephone

Hermes
Hebe
Dionysus

Gill

NIVERSITY

H R R HEEREHER R ,POOO0OCRRFREEFEAHOOOO
OO0 HRFRMHEREFRORKRMROOOOOHR O
D D D 0 Y ) 0 0 O ) D 0 Y O O O

== R =

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



What is marginal exchangeability?
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Table 2.1

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera
Zeus
Artemis
Apollo
Leto
Ares
Athena

What is marginal exchangeability?

P
s

Hephaestus

Aphrodite

Treated Untreated

Polyphemus
Persephone

Hermes
Hebe
Dionysus

Gill

NIVERSITY

H R R HEEREHER R ,POOO0OCRRFREEFEAHOOOO
OO0 HRFRMHEREFRORKRMROOOOOHR O
D D D 0 Y ) 0 0 O ) D 0 Y O O O
COO R R, R EFEERE 0 0 HOOO 3 =) ~J
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What is marginal exchangeability?

Table 2.1

P
s

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

Treated Untreated

H R R HEEREHER R ,POOO0OCRRFREEFEAHOOOO
OO0 HRFRMHEREFRORKRMROOOOOHR O
D D D 0 Y ) 0 0 O ) D 0 Y O O O
COO R R, R EFEERE 0 0 HOOO 3 =) ~J
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Marginal exchangeability

Table 2.1

P
s

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

Exchangeability:
Y1l A for all a.

-
-

Treated Untreated

H R R HEEREHER R ,POOO0OCRRFREEFEAHOOOO
OO0 HRFRMHEREFRORKRMROOOOOHR O
D D D 0 Y ) 0 0 O ) D 0 Y O O O
COO R R, R EFEERE 0 0 HOOO 3 =) ~J
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Marginal exchangeability

Table 2.1

P
s

Rheia
Kronos
Demeter
Hades
Hestia
Poseidon
Hera

Zeus
Artemis
Apollo

Leto

Ares
Athena
Hephaestus
Aphrodite
Polyphemus
Persephone
Hermes
Hebe
Dionysus

“In an ideal
randomized
experiment:
association is
causation”

-
-

Treated Untreated

H R R HEEREHER R ,POOO0OCRRFREEFEAHOOOO
OO0 HRFRMHEREFRORKRMROOOOOHR O
D D D 0 Y ) 0 0 O ) D 0 Y O O O
COO R R, R EFEERE 0 0 HOOO 3 =) ~J

‘Eﬁ MCGll]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 39

UMIVERSITY



What 1s conditional randomization?
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What 1s conditional randomization?
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What 1s conditional randomization?
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What is conditional exchangeability?
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Conditional exchangeability

Conditional exchangeability:
Yell A|L for all a

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



Fully randomized causally interpreted structured tree graphs (FRCISTG)

Table 2.2
L AY Conditional exchangeability:
Rheia 0 0 O Y1 A|L for all a
Kronos 0 0 1
Demeter 0 0 O
Hades 0 0 O
Hestia 0 1 0
Poseidon 0 1 0
Hera 0 1 0
Zeus 0o 1 1
Artemis 1 0 1
Apollo 1 0 1
Leto 1 0 0
Ares 1 1 1
Athena 1 1 1
Hephaestus 1 1 1
Aphrodite 1 1 1
Polyphemus 1 1 1
Persephone 1 1 1
Hermes 1 1 0
Hebe 1 1 0
Dionysus 1 1 0
qu MCGII]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 46
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Fully randomized causally interpreted structured tree graphs (FRCISTG)

Table 2.2
L A Y Conditional exchangeability:
Rheia 0 0 O Y1 A|L for all a
Kronos 0 0 1
Demeter 0 0 O
Hades 0 0 O ——
3
Hestia 0 1 0 / ?,0_(.'15)
Poseidon 0 1 O | (:25)
Hera 0 1 0 !
ne
Zeus 0 1 1 ;224 s
Artemis 1 0 1 /4TI 3
Apollo 1 0 1 . A S,
Leto 1 0 O AW 4 B
Ares 1 1 1 = Lo )
Athena 1 1 1 A _A=0(25) g !
Hephaestus 1 1 1 - 3 Wi 3
. \ : (2/3) '
Aphrodite 1 1 1 45, )
Polyphemus 1 1 1 9(75) e
Persephone 1 1 1 o0 3
Hermes 1 1 0 o ;
Hebe 1 1 0 &y
Dionysus 1 1 0 ’
qu MCGll]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 47
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Fully randomized causally interpreted structured tree graphs (FRCISTG)

Table 2.2
L AY Conditional exchangeability:
Rheia 0 0 O Yell A|L for all a
Kronos 0 0 1
Demeter 0 0 O
Hades 0 0 0 e
\ 3 WA=1/f(A|L
Hestia 0 1 0 ( fl,’“n”s) A\ /.,?3 6 Fﬂl)
Poseidon 0 1 0 | (:25) :{;0/(' '
Hera 0 1 0 5) 1 - -25)
\: = 1/.5=2
Zeus 0 1 1 2 S i
: 19 3 o
Artemis 1 0 1 [ 9= Lty o> % 1/.5=2
Apollo 1 0 1 — A=1(S) — (=Y (25 :
p — \ <. P a1
Leto 1 0 0 ‘fok‘“ 4 - ? . /"/TM\\,(;;;M("EGE&S 1/.5=2
Ares 111 = [l . — 7,
Athena 1 1 1 B A0 (25) g QO \ \G\)\ — Unieareag 1/.25=4
Hephaestus 1 1 1 3y C ~— S~ 1 s
Aphrodite 1 1 1 e \ )/, Sz
‘(> o Cage, 1/.25=4
Polyphemus 1 1 1 3 - (7
9 2 > 12 -
Persephone 1 1 1 /g o0 3 1/.75=1.33
Hermes 1 1 0 o -
\ — 3 /
H?be 1 1 0 2 & 1/.75=1.33
Dionysus 1 1 0 ’
‘Eﬁ MCGll]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 48
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Positivity

Table 2.2 I A v Positivity: Pr[A=a|lL =1 > 0
Rie 00 0 for all values [ with Pr[L =1] #0
K sli)s 0 0 1 in the population of interest.
ron
Demeter 0 0 O
Had 0 0 O -
H:steg 0 1 0 /=0 (190> 3 WA=1/f(A|L)
f * 1/.5=2
Poseidon 0 1 0 ) "Y’\!{-ZS),“ ,
Hera 0 1 0 ) g
o 1/.5=2
Zeus 0 1 1 2 — 5
. , 15) . 3
Artemis 1 0 1 15 e 1/.5=2
Apollo 1 0 1 - ] A1) — ¥y (25 “
Leto 1 0 0 ‘fgk-ﬁ*) 3 4 R, W 1 1/.5=2
Ares 1 1 1 = Lo ) . e
Athena 1 1 1 —A=0(25 YV RN ol U Sy 4 17254
Hephaestus 1 1 1 - 3 *YY \ N T Mreated (1) G=0 02 '
. ey ) N 2y
Polyphemus 1 1 1 9(75) o \fz@ ~ '
Persephone 1 1 1 Lo O 3 < T - /@5‘ 4 1/.75=1.33
Hermes 1 1 0 (/7‘;@1’(2/ ™ ;%(11/
Hebe 1 1 0 \_ ) &
6 8 1/.75=1.33
Dionysus 1 1 0 ’
‘Eﬁ MCGll]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 49
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Consistency

Table 2.2
L A'Y Consistency:
Rheia 0 0 O if A; =a,thenY?=Y"=Y,
Kronos 0 0 1
Demeter 0 0 O
Hades 0 0 O e
w WA=1/f(A|L
Hestia 0 1 0 { ‘l%('TS) \ 1/.5=2 )
Poseidon 0 1 0 N "Yﬂ(.zs) “ '
Hera 0 1 0 D) |
o 1/.5=2
Zeus 0 1 1 >, — i
Artemis 1 0 1 (3R 3 11.5=2
Apollo 1 0 1 - _ A=) —— =¥ )
Leto 1 0 0 ‘fgk-ﬁ*) 4 R 1/.5=2
Ares 1 1 1 = Lo ) o e
Athena 1 1 1 A _A~0(25) FPYUD RN \ e ) U Ay 4 17254
- —=)) e \ e S Yhtreated (1) q=0 o/
Hephaestus 1 1 1 3 T ; —r \\\ ’}3“‘—*‘&({;/
Aphrodite 1 1 1 45, 2/, T, ey
Polyphemus 1 1 1 9(75) se= \}‘32(1) S~ ‘
oy 2 <X .
Persephone 1 1 1 PR RN NG ;0 AP 4 14755133
Hermes 1 1 0 =Py - o {7/1/\)
(2, / e
H?be 1 1 0 : 6 > 8 1/.75=1.33
Dionysus 1 1 O '
‘Eﬁ MCGll]. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 50
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NO measurement error, missing data bias, or model misspecification

Table 2.2
L A Y
Rheia 0 0 O
Kronos 0O 0 1
Demeter 0 0 O
Hades 0 0 O _
Hestia 0 1 0 / E?Q/gnﬁ),,,,. 2 ,,,1,;5;2 1 f(AIL)
Poseidon 0 1 0 NRSIED |
Hera 0 1 0 %) - il |
€ 1.5=2
Zeus 0 1 1 p o a0 ’
. , 8N 3 &
Artemis 1 0 1 <Y’°,(' o> % 1/.5=2
o =1 .5) RS /’*—/Y\ g |
Apollo 1 0 1 o ol . - ;L \L2s)) | T Treaed ()
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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)

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



e
What should we do?

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



Observational studies (several options available)

Randomized Experimental Studies
Controlled Trials Quasi-Experiments
Non-Experimental Studies

Regression Discontinuity

Instrumental

Internal Variable Designs

Validity

S Matching and
Reweighting
Multivariable
Regression
>
External Validity

Fig. 1. A stylized view of the trade-off between internal and external validity by study design. *Natural experiments are sometimes also referred to
as randomized policy experiments. The figure aims to show a general tendency across study designs rather than a definitive categorization.

8 McGi } Geldsetzer P, Fawzi W. J Clin Epidemiol. 2017;89:12-16. doi:10.1016/].jclinepi.2017.03.015 54
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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 Jrom 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

44 I\:IE:G 1 Hernandez RK, et al. Clin Pharmacol Ther. 2025;117(4):927-937. doi:10.1002/cpt.3563 56



e
Where do RWD come from?
/ \

RCT data Noninterventional data
Research data Transaction data
Data collected PRIMARILY for research Data used SECONDARILY for research
For purpose Other purpose Other purpose
Data specifically for Data intended for

study purpose other studies / \ ~~~~~~~~~

Clinical ~ Administrative Digital health

documentation devices
»n ®Framingham Study ®Framingham Study ®EHR-based studies ®Claims data studies ®Fitness monitors
%_ ®Nurses’ Health Study ® Nurses’ Health Study ®NDI linkage ® Geocoding/census ® Glucose monitors
£ OCardiovasc Health Study ~ ®Some registries ® Lab test databases @ Vital statistics ®PRO apps
@©
X
i

®Slone Birth Defects Study ®Some registries ® Some registries
®Some registries \ }

Typical RWE database studies

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



e
What are RWD and RWE used for?

Label expansion+
A WD p e g

. Inform sample size calculations. 1. Confirm efficacy and safety under real-
world conditions (generalizability).

1. Estimate disease

revalence or incidence. . o
> . Refine eligibility criteria.

2. Evaluate new outcomes or extend
follow-up.

2. Understand its natural

1

2
history. 3. Understand the standard of care.
4

3. Characterize patterns of 3. Expand the target population.

medication use. . . .
4. Comparative effectiveness studies.
5. Perform economic analyses.

6. ...

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



Example using claims

end

Claims
Enrollment Phy§iFian Ry fill Hos.pit_al Hospital Phy:sif:ian Enrollment
start visit admission discharge  visit
| ) l, | | |
Age Diagnoses B/I:chcatlon Diagnoses Diagnoses
Gender || Procedures Procedures Procedures
Days supply

Labs ordered

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

)



Example using Electronic Health Records

Physician Lab Hospital Hospital Physician
visit  value admission discharge visit
b et I
Age Rx written: -
Gender - Medication Diagnoses and
Diagnhoses - Dose severity
Procedures - Days Procc.edu.res
: Medications
Health history supply S
. : administered
Disease severity

Family history Labs ordered
Life-style factors Lab values
Weight

Blood pressure

& McGill Franklin JM, et al. Clin Pharmacol Ther, 2017;102(6):924-933. doi:10.1002/cpt.857 60
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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.

« Itis NOT a statistical method or an estimation procedure.

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



-
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.

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



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”

I‘»‘Ei M?gll.!]f Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC.
e



How does it work?

* For each causal question: :
Ask a causal question
and
1. We can imagine a specify the TT protocol
hypothetical |
randomized trial
(the “target trial”) Is the TT
& : feasible, ethical, and
timely?
YES NO

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

Emulate the TT

Conduct the TT using observational data

« A “2-step algorithm for causal
inference”

‘!Eq M GT!. Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC.

¥ UNIVERSI



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):

v Allocation is not blinded
v There is no placebo (i.e., only active treatments or no treatment)
v' Participants are followed as frequently as regular patients

v Treatment strategies are those used in real-world settings

ﬁ MCG !. 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

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



Specification

Emulation

Causal Estimand

Eligibility criteria
Treatment strategies
Assignment (unmasked)
Outcomes

Start/end of follow-up

Causal contrasts§

Data mapping for each criteriont
Data mapping for each component
Data mapping for assignment+
Data mapping for each outcome
Same

Observational analogues of causal contrasts

Identifying Assumptions*

For effect of assignment (intention-to-treat):
Randomized assignmentl|

If applicable, assumption of conditional exchangeability for:

e Loss to follow-up (list factors)
e Competing events (list factors)

For per protocol effect:
Assumption of conditional exchangeability
(list baseline/time-varying confounders)

Assumption of conditional exchangeability * *
List baseline confounders and describe data mapping for
each one

Data mapping for each factor
Data mapping for each factor

Data mapping for each confounder

Estimator

For each causal estimand: data analysis, including
subgroup analyses, and modeling assumptions

Describe modifications required for emulation, if any,and
sensitivity analyses

Hernan MA, et al. Ann Intern Med. 2025;178(3):402-407. doi:10.7326/ANNALS-24-01871 68




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)?

 MGill ;



T McGill

Components TT Specification TT Emulation

 Age 18+
» No history (or contraindications) of vaccination;
Eligibility « No history of SARS-CoV-2;
criteria * No Covid-19-like symptoms (one week);
« No known pregnancy or immunodeficiency;
* Recent health care user

044 MCG l 70



« No known pregnancy or immunodeficiency;
* Recent health care user

" McGill
Components TT Specification TT Emulation
 Age 18+
» No history (or contraindications) of vaccination; P74
Eligibility « No history of SARS-CoV-2; O
criteria * No Covid-19-like symptoms (one week); O
O

444 MCG l 71



F McGill
Components TT Specification TT Emulation
 Age 18+
» No history (or contraindications) of vaccination; P74
Eligibility * No history of SARS-CoV-2; O
criteria * No Covid-19-like symptoms (one week); O
« No known pregnancy or immunodeficiency; O
» Recent health care user
Treatment 1) No immediate vaccination.
strategies 2) Immediate vaccination (BNT162b2).

72




F McGill
Components TT Specification TT Emulation

 Age 18+
» No history (or contraindications) of vaccination; P74
Eligibility * No history of SARS-CoV-2; O
criteria * No Covid-19-like symptoms (one week); O
« No known pregnancy or immunodeficiency; O
» Recent health care user

Treatment 1) No immediate vaccination. Same

strategies 2) Immediate vaccination (BNT162b2).

73




« No known pregnancy or immunodeficiency;
* Recent health care user

" McGill
Components TT Specification TT Emulation
 Age 18+
» No history (or contraindications) of vaccination; P74
Eligibility « No history of SARS-CoV-2; O
criteria * No Covid-19-like symptoms (one week); O
O

Treatment 1) No immediate vaccination. S
. : . ame
strategies 2) Immediate vaccination (BNT162b2).
Treatment Conditional randomization
assignment (December 24, 2020, to June 24, 2021).

E}‘ MCG'J 74
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F McGill
Components TT Specification TT Emulation
 Age 18+
» No history (or contraindications) of vaccination; P74
Eligibility  No history of SARS-CoV-2; O
criteria * No Covid-19-like symptoms (one week); O
« No known pregnancy or immunodeficiency; O
» Recent health care user
Treatment 1) No immediate vaccination. 3
) . L ame
strategies 2) Immediate vaccination (BNT162b2).
Treatment Conditional randomization Assume conditional randomization based on
assignment (December 24, 2020, to June 24, 2021). confounders (e.g., age, sex, etc.)

TR McGill

¥ UNIVERSI
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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.

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



T McGill

Components TT Specification TT Emulation

From treatment assignment until:

Time zero and * Qutcome of interest
e Death

* Loss to follow-up

+ End of follow-up

follow-up

£ MCG l 77



T McGill

Components TT Specification TT Emulation

From treatment assignment until:

Time zero and * Qutcome of interest

e Death Same
* Loss to follow-up
+ End of follow-up

follow-up

£ MCG l 78



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.

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



Time-related bias

_[____
¥
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P3 l

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



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):

v’ Sequence of TTs—each with a different ¢ ,—estimate the effects within each, and
pool the results.

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

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

ﬁ M?gll.!!. CAUSALab. Material for the CAUSALab Summer Course on Causal Inference. Harvard T.H. Chan School of Public Health; 2022. 81
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Eligibility

(Week 1)

b & b &
i &b b &
B & b &
i &b b &

IMSS
Workers

@® Vaccinated

(O Unvaccinated

B McGill
UNIVERSITY

Y

-----------------------’

& &

1)
2)
3)
4)

Follow-up until:

Outcome,
Death,
LTFU,

End of study.
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T McGill

Components TT Specification TT Emulation

From treatment assignment until:

Time zero and * Qutcome of interest

* Death Same
* Loss to follow-up
+ End of follow-up

follow-up

Outcomes SARS-CoV-2 infection

£ MCG l 85



T McGill
Components TT Specification TT Emulation
From treatment assignment until:
Time zero and « Outcome of interest
follow-up « Death Same
* Loss to follow-up
» End of follow-up
Outcomes SARS-CoV-2 infection Symptomatic SARS-CoV-2 infection

£ MCG l 86



T McGill
Components TT Specification TT Emulation
From treatment assignment until:
Time zero and « Outcome of interest
follow-up « Death Same
* Loss to follow-up
» End of follow-up
Outcomes SARS-CoV-2 infection Symptomatic SARS-CoV-2 infection

Causal Intention-to-treat (ITT) effect
contrasts Per-protocol (PP) effect

i MCG } 87



" McGill
Components TT Specification TT Emulation
From treatment assignment until:
Time zero and « Qutcome of interest

follow-up « Death Same

* Loss to follow-up

» End of follow-up
Outcomes SARS-CoV-2 infection Symptomatic SARS-CoV-2 infection

Causal Intention-to-treat (ITT) effect ITT may be uninformative

contrasts Per-protocol (PP) effect PP effect same

444 MCG l 88



T McGill

Components TT Specification TT Emulation

ITT: Estimate six-month risks for both groups using
pooled logistic regression models. Then, calculate
risk differences and risk ratios with corresponding S

95% bootstrap confidence intervals.

Statistical analyses

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.

44 MCGll : 89



T McGill

Time-varying IPW

k _
A __ f(A’mlA‘m—l)
SWk B 1_[ f(Amljm—erm)

m=0

Where:
* A4, : an indicator of treatment at time m,

* A, : treatment history.

e L,: confounder history.

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



T McGill

Time-varying IPCW

k+1
[~ = 0|4,,_1,V,C,_ =0)

Pr(C,,
we  — 1_[ ( if Cy1 =0
k+1 = _1 — OlAm 1:Lm 1»Cm 1= 0)

L 0 if Cppq = 1

3

Where:

* C,= 0: an indicator of being uncensored at time m,
e A :treatment history.
* L, : confounder history.

* J/: baseline values of covariates.

u“ ?(;1‘1! Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 91
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T McGill
IP-weighted PLR

loglt Pr [Yk+1 — 1|/Tk, Yk — 0, Ck+1 — O] — eo’k + 91A + ezL + 9314 X f(k)

Where:
* Y,.: the outcome in interval k + 1.

A, treatment history.

C;+1 = 0: an indicator of being uncensored at time £ + 1,

A: a time-fixed indicator for being assigned to “always treat” (4= 1) or “never treat” (4= 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

44 MCGII . Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman & Hall /CRC. 92
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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

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



Covariates

E(YY) %
v.* \
® EY9 Treatment — Outcomes
Causal Model

(Study Type &
Background Knowledge)

Causal Question /
Causal Estimand

> .“ ‘.I ,,.:/, steE 2
Observed
$HYY Data

Step 3
A \ Identifiability

'
Causal Statistical

Step 4
E[E(Y|A=1,W)] Statistical
v.*

E[E(Y|A =0,W)] Estimand

Step 5
Statistical

Model and
Estimator

X

Step 6
Sensitivity
Analysis

Step 7
Compare Design

& Analysis Plans
(Steps 1-6)

1 McGi } Dang LE, et al. J Clin Transl Sci. 2023;7(1):¢212. Published 2023 Sep 22. doi:10.1017 /cts.2023.635
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The causal roadmap

1. Specify the research question, including the target population,
exposure(s), outcome(s), time period, and context of interest.

= What do we want to learn from data that have been collected or will be

collected? To whom do we want to apply the results?
2. Specify a causal model, such as a directed acyclic graph,'? to describe
relationships between variables.
= Are there unmeasured confounders or time-dependent confounders?
Are the outcomes missing or censored?
3. Define the causal parameter of interest with counterfactual outcomes.
= What hypothetical change to the causal model, even if impossible,
would we make to generate counterfactuals and answer our research
question? How do we want to summarize the distributions of counter-
factual outcomes?
4. Describe the observed data and the statistical model.
= What data did we or will we actually observe? Are there functional
form assumptions or can the relationship between the outcome(s),
exposure(s), and adjustment variables take any form?

R McGill

¥ UNIVERSITY

5. Assess identifiability.
» What modifications can we make to reduce the causal gap?
6. Define the statistical parameter.
= What function of the observed data are we aiming to estimate?
7. Choose and implement a statistical estimator based on statistical proper-
ties; obtain 95% confidence intervals.
= What are the theoretical properties of potential estimators (e.g., robust-
ness)? How do they perform in finite sample simulations according to
objective criteria?
8. Conduct sensitivity analyses.
= What can existing evidence tell us about plausible magnitudes of the
causal gap?
9. Interpret the results, accounting for the prior steps.
» Have we estimated an association or a causal effect? What are the real-
world implications?

“The order in which the steps are presented differs in different versions of the Road-
map?920-24 because these steps inform one another and are generally specified through
an iterative process.

Dang LE, et al. J Clin Transl Sci. 2023;7(1):e212. Published 2023 Sep 22. doi:10.1017/¢ts.2023.635 96
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RESEARCH METHODS AND REPORTING

check forupdates | Transparent reporting of observational studies emulating a
target trial: the TARGET Statement

Aidan G Cashin,"2 Harrison ) Hansford, 2 Miguel A Hernan,>*> Sonja A Swanson, ¢

Hopin Lee,”® Matthew D Jones,"? Issa ] Dahabreh,>“>° Barbra A Dickerman, >*

Matthias Egger,'®!"'2 Xabier Garcia-Albeniz,”*> Robert M Golub,** Nazrul Islam,>*¢

Sara Lodi, > Margarita Moreno-Betancur,'®*° Sallie-Anne Pearson,? Sebastian Schneeweiss,?!
Melissa K Sharp,?? Jonathan A C Sterne,’?*>** Elizabeth A Stuart,?® James H McAuley™*

For numbered affiliations see ABSTRACT

anoflhe;mclet - IMPORTANCE
orrespondence to: \CAUley B i R
james mcauley@unsw.edu.au; Whgn random |zed‘tnals are }Jnaval lable or not
(ORCID 0000-0002-0550-828X) feasible, observational studies can be used to answer
Additional material is published ~ causal questions about the comparative effects of
online only. To view please visit  interventions by attempting to emulate a hypothetical
"fe J°.“”‘"’l online, pragmatic randomized trial (target trial). Published
Citethisas: BM/2025;390:€087179 gyjidance to aid reporting of these studies is not
http://dx.dei.org/10.1136/ R
bmj-2025-087179 available.
Accepted: 05 August 2025 OBJECTIVE
To develop consensus based guidance for reporting
observational studies performed to estimate causal
effects by explicitly emulating a target trial.

DESIGN, SETTING, AND PARTICIPANTS

The Transparent Reporting of Observational

Studies Emulating a Target Trial (TARGET) guideline
was developed using the Enhancing the Quality

and Transparency of Health Research (EQUATOR)
framework. The development included (1) a
systematic review of reporting practices in published
studies that had explicitly aimed to emulate a target
trial; (2) a two round online survey (August 2023 to
March 2024; 18 expert participants from six countries)
to assess the importance of candidate items selected
from previous research and to identify additional
items; (3) a three day, expert consensus meeting
(June 2024; 18 panelists) to refine the scope of the
guideline and draft the checklist; and (4) pilot of the
draft checklist with stakeholders (n=108; September
2024 to February 2025). The checklist was further
refined based on feedback on successive drafts.
FINDINGS

The 21-item TARGET checklist is organized into six
sections (abstract, introduction, methods, results,
discussion, other information). TARGET provides
guidance for reporting observational studies of
interventions explicitly emulating a parallel group,
individually randomized target trial, with adjustment

SUMMARY POINTS

The TARGET (Transparent Reporting of Observational Studies Emulating a Target
Trial) Statement provides guidance for reporting observational studies performed
to estimate causal effects of interventions by explicitly emulating a target trial

The guideline consists of a checklist of 21 essential items and additional
information for each item to be used when writing or reading research reports
The guideline provides authors with a tool to help them report essential
information so that readers, peer reviewers, and editors can more easily evaluate
the validity and usefulness of their work

McGi } Cashin AG, et al. BMJ. 2025;390:¢087179. Published 2025 Sep 3. doi:10.1136/bmj-2025-087179

for baseline confounders. Key recommendations are to
(1) identify the study as an observational emulation of
a target trial; (2) summarize the causal question and
reason for emulating a target trial; (3) clearly specify
the target trial protocol (ie, the causal estimand,
identifying assumptions, data analysis plan) and

how it was mapped to the observational data; and

(4) report the estimate obtained for each causal
estimand, its precision, and findings from additional
analyses to assess the sensitivity of the estimates to
assumptions, and design and analysis choices.
CONCLUSIONS AND RELEVANCE

Application of the TARGET guideline recommendations
aims to improve reporting transparency and peer
review and help researchers, clinicians, and other
readers interpret and apply the results.

Introduction

When randomized trials are unavailable or not
feasible, observational (non-randomized) data can
be used in an attempt to emulate a hypothetical
pragmatic randomized trial—the target trial."* The
target trial framework has 2 steps: (1) specifying
the causal questions in the form of the target trial
protocol defining the causal effect of interest (causal
estimand), the key assumptions, and the data analysis
plan, and (2) describing how each component of the
target trial protocol is mapped to the observational
data. When followed correctly, the framework should
eliminate some biases that are due to an incorrect use
of the observational data (eg, selection bias due to
inclusion of individuals after initiation of treatment or
other biases that generate “immortal time”” %), so that
investigators can focus on other sources of bias due to
limitations of the observational data (eg, confounding,
measurement error, and missing data).’

The target trial framework aims to improve the
conduct of comparative effectiveness studies that use
observational data by providing a structured approach
to study design, data analysis, reporting, and assessing
risk of bias.” The framework’s value is increasingly
recognized by investigators,® ° regulators,'’® !
research organizations'? and journals.” However,
published studies using the target trial framework
have been inconsistently reported, often not
reporting key aspects of the target trial protocol.*
Guidelines for observational studies such as STROBE
(Strengthening the Reporting of Observational Studies
in Epidemiology),"* RECORD (Reporting of Studies
Conducted Using Observational Routinely Collected
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Abstract

Increasing emphasis on the use of real-world evidence (RWE) to support clinical policy and
regulatory decision-making has led to a proliferation of guidance, advice, and frameworks from
regulatory agencies, academia, professional societies, and industry. A broad spectrum of studies
use real-world data (RWD) to produce RWE, ranging from randomized trials with outcomes
assessed using RWD to fully observational studies. Yet, many proposals for generating RWE
lack sufficient detail, and many analyses of RWD suffer from implausible assumptions, other
methodological flaws, or inappropriate interpretations. The Causal Roadmap is an explicit,
itemized, iterative process that guides investigators to prespecify study design and analysis
plans; it addresses a wide range of guidance within a single framework. By supporting the
transparent evaluation of causal assumptions and facilitating objective comparisons of design
and analysis choices based on prespecified criteria, the Roadmap can help investigators to
evaluate the quality of evidence that a given study is likely to produce, specify a study to generate
high-quality RWE, and communicate effectively with regulatory agencies and other
stakeholders. This paper aims to disseminate and extend the Causal Roadmap framework
for use by clinical and translational researchers; three companion papers demonstrate
applications of the Causal Roadmap for specific use cases.

Introduction

The 21st century has witnessed a dramatic increase in the quality, diversity, and availability of
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COMMENTARY

Start with the Target Trial Protocol, Then Follow the
Roadmap for Causal Inference

Lauren E. Dang* and * Laura B. Balzer*

Before taking flight, pilots complete a preflight checklist. Before starting surgery, operat-
ing room staff complete a presurgical checklist. These checklists synthesize the knowl-
edge of a field into a series of steps to be considered every time a job is performed. What
about when researchers want to infer causality?

A century’s worth of literature regarding the design and analysis of observational
studies is available, yet common guidance is not always followed. Bykov et al.! reviewed
a random sample of 75 observational studies on cardiovascular disease, diabetes, or osteo-
porosis and found that 95% “had at least one avoidable methodological issue known to
incur bias.” Tt is, thus, critical to distill this literature into concrete instructions so that best
practices are consistently implemented.

Many useful frameworks operationalize aspects of the causal and statistical infer-
ence literature into steps for researchers to follow.>!2 Target trial emulation is a popular
approach that has led to high-profile studies in recent years.!>~* The basic structure shared
by target trial emulation studies follows Herndn and Robins’’ statement that “at the very
least, we need to specify the following key components of the [target trial] protocol: eligi-
bility criteria, start and end of follow-up, treatment strategies, outcomes of interest, causal
contrast, and data analysis plan.”'® The assignment procedure of the target trial is generally
included, as well.”

Pearce and Vandenbroucke'? raised concerns about certain studies that use target
trial emulation protocol components. First, they suggest that target trial emulation seems
to focus on mimicking a conditionally randomized controlled trial, as opposed to consider-
ing a variety of study designs and identification assumptions. Second, target trial emula-
tion is sometimes paired with a matching approach for statistical estimation; matching can
change the target population and is often less efficient than other methods.'®! Third, after
emulating a target trial, one may be tempted to over-interpret the results; we still have an
observational study, subject to multiple potential biases, including intractable confound-
ing. Ultimately, Pearce and Vandenbroucke'” conclude that target trial emulation is not the
optimal starting point for causal inference.

In contrast, we believe the target trial emulation protocol is a useful starting place
for analyses seeking to infer causality. In other words, we agree with Hernan and Robins’’
statement: “specifying the protocol of the target trial is a useful device to clarify the causal
question of interest.”'® However, we disagree with their assertion: “once the causal question
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