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Motivation

There is a desire to transport effects of infectious disease interventions from a source to a
target population.

Examples:

• Changes in contact behavior.

• Changes in population immunity.

• Changes to the pathogen (antigenic shift/drift).

Existing methods that standardize effects to the covariate distribution in the target
population are insufficient.
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Setup

Define:

• X is vector of baseline covariates,

• S is an indicator of the source (1: index trial, 0: target population sample),

• A is an indicator of treatment (1: treated, 0: untreated),

• E is exposure to the infectious agent (assume for now 1: exposed, 0: unexposed),

• Y is incident infection by the end of follow up (1: infected, 0: not infected).

3 / 21



Data Structure

We have access to:

• Data from the index trial or observational study, assumed to be realizations of

(Xi ,Si = 1,Ai ,Yi )

for i = 1, . . . , n1.

• Data from a random sample of the target population, assumed to be realizations of

(Xi ,Si = 0)

for i = 1, . . . , n0.
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Standard Transportability Analysis

• Target: E[Y a|S = 0]

• Assumptions:

(A1) Consistency

(A2) Exchangeability in trial

(A3) Positivity in trial

(A4) Exchangeability over S given X

(A5) Positivity in target

• Result: E[Y a|S = 0] = E[E[Y |X , S = 1,A = a]|S = 0]
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The Problem of Interference

• Standard assumption: No interference (SUTVA).1

Y a
i = Y a′

i = Yi when Ai = A′
i for all individuals i .

• In infectious diseases: One person’s treatment can affect others’ outcomes.

Y a
i ̸= Y a′

i when Ai = A′
i for all individuals i .

1Here, we consider a population of n units with vector of treatment allocations A ≡ (A1, . . . ,An) and
possible realizations a and a′.
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Cluster-Based Transport Under Partial Interference

cluster 1 cluster 2 cluster 3

cluster 4 cluster 5 cluster 6
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Robertson, Steingrimsson, and Dahabreh (2022)

• Partition population into clusters: assume partial interference within but not between
clusters.

• S = 1 : cluster randomized trial; S = 0 : target population of clusters

• Target: E[Ȳ a|S = 0] where Y
a
j =

1
Nj

∑Nj

i=1 Y
a
j ,i are cluster-level averages

• Assumptions:

(B1) Consistency of cluster-level outcomes

(B2) Exchangeability in cluster-randomized trial

(B3) Positivity in trial

(B4) Exchangeability over S given X

(B5) Positivity in target

• Result: E[Ȳ a|S = 0] = E[E[Ȳ |X,A = a,S = 1] | S = 0]
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Post-Baseline Exposure Threatens Assumptions

• Participation may alter contact behavior.

• Target and trial may differ in contact patterns.
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Effects of participation on exposure

U,X S

Ai Ei Yi

Ai ′ Ei ′ Yi ′
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Different contact patterns in source and target

X S

Ai Ei Yi

Ai ′ Ei ′ Yi ′

U
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An Alternative: Per-Exposure Effects2

• Jointly intervene on A and E .

• Assumes Y a,e = Y if assigned (Ai ,Ei ) = (a, e).

• Not subject to interference due to infection/contagion

2O’Hagan, Lipsitch, and Hernán 2014
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Intervening on exposure removes interference

U,X S

Ai | a E a,a′

i Y a,a′

i

Ai ′ | a′ E a,a′

i ′ Y a,a′

i ′
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Intervening on exposure removes interference

U,X S

Ai | a E a,a′

i | e Y a,e
i

Ai ′ | a′ E a,a′

i ′ | e ′ Y a′,e′

i ′
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A simplified causal model under joint intervention

X S A | a E a | e Y a,e

U
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Example: Human Challenge Trials
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Transporting Effects from Human Challenge Trials

• S = 1 : human challenge trial3; S = 0 : target population

• Target: E[Y a,e=1|S = 0].

• Assumptions:

(C1) Consistency under Ei = 1 and Ai = a

(C2) Exchangeability of A and E in challenge trial

(C3) Positivity in challenge trial

(C4) Exchangeability over S

(C5) Positivity in target

• Result: E[Y a,e=1|S = 0] = E[E[Y |X ,S = 1,A = a,E = 1]|S = 0]

3Now data structure for human challenge trial is (Xi ,Si = 1,Ai ,Ei = 1,Yi ) for i = 1, . . . , n1
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Link to Infectious Disease Modeling

• Define stochastic allocation g(a) = Pr†[A = a|X ] and post-treatment exposure
sequence g(e) = Pr†[E = e|X ,A = a].

• For a population of N units, an Individual-Based Model simulates:

E[Y g(a),g(e)|S = 0] =∑
a∈A(n)

∑
e∈E(n)

N∑
i=1

E[Y ai ,ei |X ,S = 0] Pr†[E = e|X ,A = a] Pr†[A = a|X ]

• In theory, equals E [Y g(a)|S = 0] when

Pr†[E = e|X ,A = a] = Pr[Ea = e|X ,A = a]

18 / 21



Alternative: Stensrud and Smith (2023)

• Trial: A randomized and placebo-controlled, E natural (unmeasured).

• Target: ECE =
E[Y a=1,e=1|E = 1]

E[Y a=0,e=1|E = 1]
.

• Assumptions:

(D1) Consistency under Ei = 1 and Ai = a

(D2) Exchangeability of A in placebo-controlled trial

(D3) Positivity in placebo-controlled trial

(D4) Exposure necessity for infection. I.e., Ei = 0 =⇒ Yi = 0.

(D5) No effect of assignment on exposure. I.e., E a=1
i = E a=0

i

• Result:
E[Y a=1,e=1|E = 1]

E[Y a=0,e=1|E = 1]
=

E[Y |A = 1]

E[Y |A = 0]
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Transportability of conditional ECE

• S = 1 : placebo controlled trial; S = 0 : target population sample

• Target: E[Y a,e=1|S = 0].

• Assumptions:

(D6) Exchangeability of relative effects over S

(D7) Positivity in target

(D8) Unavailability of treatment in target population

• Result:

E[Y a=1,e=1|S = 0] = E

[
E[Y |X ,S = 1,A = 1]

E[Y |X , S = 1,A = 0]
E[Y |X ,S = 0]

]
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Summary

• Standard transportability fails under interference.

• Cluster-level estimands possible under partial interference.

• Per-exposure effects may be more transportable.

• Requires different assumptions, data (e.g., challenge or contact studies).
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Questions?

Thank you!
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