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Outline

o Project 2: Physical Distancing to Reduce Transmission of Influenza-Like-Iliness on College Campuses: the
eX-FLU Trial

o Project 3: Causal Inference from Cluster Randomized Trials with Differential Nonresponse

o Project 1: Addressing Confounding and Continuous Exposure Measurement Error Using Corrected Score
Functions
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Project 2: Physical Distancing to Reduce Transmission of
Influenza-Like-lllness on College Campuses: the eX-FLU Trial

Brian Richardson, Allison Aiello, Michael Hudgens
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eX-FLU Trial

o eX-FLU: trial to evaluate a physical distancing intervention on a college campus during flu season (Aiello
et al., 2016; Zivich et al., 2020)

Design and methods of a social network isolation study for
reducing respiratory infection transmission: The eX-FLU

cluster randomized trial

Allison E. Aiello®*, Amanda M. Simanek ', Marisa C. Eisenberg®, Alison R. Walsh®¢,
Brian Davis¢, Erik Volz?-!, Caroline Cheng°¢, Jeanette J. Rainey¢, Amra Uzicanin®,

Hongjiang Gao¢, Nathaniel Osgood?, Dylan Knowlesf, Kevin Stanley?, Kara Tarter¢,
Arnold S. Monto®©
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eX-FLU Trial

o eX-FLU: trial to evaluate a physical distancing intervention on a college campus during flu season (Aiello
et al., 2016; Zivich et al., 2020)

@ Intervention: encouragement to isolate in dorm for three days upon developing symptoms of influenza-like
illness (ILI)

Design and methods of a social network isolation study for
reducing respiratory infection transmission: The eX-FLU

cluster randomized trial

Allison E. Aiello*, Amanda M. Simanek "', Marisa C. Eisenberg®, Alison R. Walsh¢,
Brian Davis¢, Erik Volz?-!, Caroline Cheng°¢, Jeanette J. Rainey¢, Amra Uzicanin®,

Hongjiang Gao¢, Nathaniel Osgood?, Dylan Knowlesf, Kevin Stanley?, Kara Tarter¢,
Arnold S. Monto®©
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eX-FLU Trial

o eX-FLU: trial to evaluate a physical distancing intervention on a college campus during flu season (Aiello
et al., 2016; Zivich et al., 2020)

@ Intervention: encouragement to isolate in dorm for three days upon developing symptoms of influenza-like

illness (ILI)

o Central question: does the encouragement-to-isolate intervention reduce transmission of ILI?

Design and methods of a social network isolation study for
reducing respiratory infection transmission: The eX-FLU

cluster randomized trial

Allison E. Aiello®*, Amanda M. Simanek "', Marisa C. Eisenberg®, Alison R. Walsh¢,
Brian Davis¢, Erik Volz9!, Caroline Cheng°¢, Jeanette J. Rainey¢, Amra Uzicanin®,

Hongjiang Gao¢, Nathaniel Osgood?, Dylan Knowlesf, Kevin Stanley?, Kara Tarter®,
Arnold S. Monto®©
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Example I: Intervention Affects Network and Transmission
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Example I: Intervention Affects Network and Transmission
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Example Il: Intervention Affects Network, Not Transmission
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Central Question: Does the Intervention Affect Transmission of ILI?

Example I:

In Examples | and Ill, the answer is yes
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention)
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention)
> randomization distribution r(z) o o o o o o
ﬂﬂﬂﬂﬁﬂ-111ooo
Intervention Control

I Stay home
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention)

> randomization distribution r(z)

o At weeks k =1,...,7, we observe:

ﬂﬁﬁ@ﬂlllooo

Intervention

I Stay home

when sick!

,,\f
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention)
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> randomization distribution r(z)
o At weeks k =1,...,7, we observe:

> networks Ak = [Afj] for

AE. = 1(students i, in contact at week k)
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention) ﬂ

> randomization distribution r(z) °

o At weeks k =1,...,7, we observe: ﬁ ﬁ

> networks Ak = [Ag], for
Af.]‘. = 1(students i,j in contact at week k) o r 0 .. 0 . 0

> infections YK = (Y[, ..., YK), for ©
Y¥ = 1(student i infected at week k) ° ﬁ
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(24,...,Z,) € Z, for
Z; = 1(student i gets intervention)
> randomization distribution r(z) ° °
o At weeks k =1,...,7, we observe: ﬁ ™~ ﬁ
> networks AK = [AZ] for
Az. = 1(students i, in contact at week k) °

> infections YK = (Y[, ..., YK), for
Yik = 1(student i infected at week k) \ PS ﬂ

@ network history: A = {A*}]_; ﬂ

Brian Richardson Causal Inference for Infectious Diseases

March 25, 2026

10/54



eX-FLU Observed Data

@ Baseline randomization assignments

Z=(2,...

,Zn) € Z, for

Z; = 1(student i gets intervention)

> randomization distribution r(z)

o At weeks k=1, ...

, T, we observe:

> networks Ak = [Af-j-], for

Az. = 1(students i,/ in contact at week k)

> infections YK = (Ylk, .., Yk, for

Y} = 1(student i infected at week k)

o network history: A = {A*}]_;

o infection history: Y = {Y*}7_;

#o0 cee

Brian Richardson Causal Inference for Infectious Diseases

March 25, 2026

10/54



eX-FLU Observed Data
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eX-FLU Observed Data

. Nodes

. uninfected student

: © X infected student

(93 out of 579 students with at least one infection)

o F = = DAl
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eX-FLU Observed Data

Nodes

uninfected student

> infected student

intervention group

J control group
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eX-FLU Observed Data

Nodes Edges
uninfected student between uninfected
> infected student including infected
control
intervention group including infected

intervention

) control group
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eX-FLU Observed Data
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eX-FLU Potential Outcomes

o F = = = Dar
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eX-FLU Potential Outcomes
Potential outcomes are defined for the networks and ILI infections:

A(2),

Y(z) forzeZ

=) = - = = Dace
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eX-FLU Potential Outcomes

Potential outcomes are defined for the networks and ILI infections:

A(z), Y(z) forze 2z

o A(z): sequence of networks that would occur if students were encouraged to isolate according to z
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eX-FLU Potential Outcomes

Potential outcomes are defined for the networks and ILI infections:

A(z), Y(z) forze 2z

o A(z): sequence of networks that would occur if students were encouraged to isolate according to z

@ Y(z): sequence of infection statuses that would occur if students were encouraged to isolate according to z
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eX-FLU Potential Outcomes

Potential outcomes are defined for the networks and ILI infections:

A(z), Y(z) forze 2z

o A(z): sequence of networks that would occur if students were encouraged to isolate according to z

@ Y(z): sequence of infection statuses that would occur if students were encouraged to isolate according to z
@ Both of these depend on the entire vector z

> potential outcomes for one student depend on intervention assignment of other students (interference)
(Hudgens and Halloran, 2008)
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eX-FLU Potential Outcomes

Potential outcomes are defined for the networks and ILI infections:

A(z), Y(z) forze 2z

o A(z): sequence of networks that would occur if students were encouraged to isolate according to z

@ Y(z): sequence of infection statuses that would occur if students were encouraged to isolate according to z
@ Both of these depend on the entire vector z

> potential outcomes for one student depend on intervention assignment of other students (interference)
(Hudgens and Halloran, 2008)

@ Assume causal consistency:

A=A(Z)and Y =Y(Z)
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eX-FLU Null Hypotheses

Hy :Y(z) =Y(2) forall 2,z € Z

(“the intervention has no effect on the infections”)
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eX-FLU Null Hypotheses

Hy :Y(z) =Y(2) forall z,z € Z
(“the intervention has no effect on the infections”)
Hg :A(z) =A(Z) for all z,Z € Z

(“the intervention has no effect the networks”)
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eX-FLU Null Hypotheses

Hy :Y(z) =Y(2) forall z,z € Z
(“the intervention has no effect on the infections”)
Hg :A(z) =A(Z) for all z,Z € Z
(“the intervention has no effect the networks”)
Hi=Hy NHY :Y(z) =Y(2) and A(z) = A(2) for all z,Z7 € Z

(“the intervention has no effect on the infections or on the networks”)
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eX-FLU Null Hypotheses

Y(z)=Y(2) forallz,Z€ Z
(“the intervention has no effect on the infections”)
A(z) =A(z) forall 2,z € Z
(“the intervention has no effect the networks”)
Hi=Hy NHY :Y(z) =Y(2) and A(z) = A(2) for all 2,7 € Z

(“the intervention has no effect on the infections or on the networks”)

Previous analyses of the eX-FLU trial (Alexandria et al., 2023) tested H, but no analyses have tested Hy
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Testing H§

“How unlikely are the observed data under HZ?"

o F = = El= DA
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Testing H§

“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)
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Testing H§

“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

o Choose a test statistic T = T(Z,A,Y)
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Testing H§

“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under H}
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Testing H§
“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hf

Randomization Networks Infections Test Statistic

Z]

Z>

Zz|
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Testing H§
“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hf

Randomization = Networks Infections  Test Statistic
z; A(z1) =7 Y(z1) =7 T(z1,7,7)
V4] K(Zz) =7 7(21) =7 T(Zl, ?, 7)
Z|z| K(Z|z|) :7 7(Z|z‘) =7 T(Z‘Z|,?,?)
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Testing H§
“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hf

Randomization Networks Infections Test Statistic
z; A(z1)=A Y(z1) =Y T(z1,AY)
Zy K(Zz) = K V(Zz) = 7 T(Zz, K, 7)

Z‘Z| K(Z|z‘) :K 7(z‘2|):7 T(Z|z‘,i,7)
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Testing H§

“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;

Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hf
> This is possible since A(z), Y(z) are imputable under Hg

Randomization Networks Infections Test Statistic
z; A(z1))=A Y(z1) =Y T(z1,AY)
Y40 K(Zz) = K V(Zz) = 7 T(Zz, K, 7)

Z‘Z| K(Z|z‘) :K 7(z‘2|):7 T(Z|z‘,i,7)
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Testing H§

“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;

Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hf
> This is possible since A(z), Y(z) are imputable under Hg == Hg is sharp

Randomization Networks Infections Test Statistic
z; A(z1))=A Y(z1) =Y T(z1,AY)
Y40 K(Zz) = K V(Zz) = 7 T(Zz, K, 7)

Z‘Z| K(Z|z‘) :K 7(z‘2|):7 T(Z|z‘,i,7)
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Testing H§
“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

@ Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under H}

> This is possible since A(z), Y(z) are imputable under Hg == Hg is sharp
o Compute a p-value: p* = Fr(T|H2), where
FrielHg) = Pe(T < tlH) = > r@)UT(zAY) < t)
€2
is the cumulative distribution function (CDF) of T

p-value IIIIII-

1
Observed T
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Testing H§
“How unlikely are the observed data under Hg?” We can answer this using a randomization test (Fisher, 1936;
Alexandria et al., 2023; Zhang and Zhao, 2023; Ritzwoller et al., 2024)

@ Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under H}

> This is possible since A(z), Y(z) are imputable under Hg == Hg is sharp
o Compute a p-value: p* = Fr(T|H2), where
FrielHg) = Pe(T < tlH) = > r@)UT(zAY) < t)
€2
is the cumulative distribution function (CDF) of T

o Reject Hf if p* < 0.05
p-value IIIIII-

1
Observed T
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Testing H§

@ This test of Hg controls the type | error rate exactly:
Pr(pﬂ < a|H§) <a

for any a € [0, 1], for any sample size, and for any choice of test statistic
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Testing H§

@ This test of Hg controls the type | error rate exactly:
Pr( f < Hﬁ) <
PP <alHy) <a

for any a € [0, 1], for any sample size, and for any choice of test statistic

@ The power of this test:
Pr(p11 < a|Hf)

depends on the choice of test statistic
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Choice of Test Statistic

@ 93 (out of 579) students with at least one infection

Nodes Edges
uninfected student between uninfected
X infected student ___ including infected
control
intervention group including infected

intervention
.) control group
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Choice of Test Statistic

@ 93 (out of 579) students with at least one infection

@ Bold edges represent possible transmission events

Nodes Edges
uninfected student between uninfected
X infected student including infected

control

intervention group including infected
intervention

control group
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Choice of Test Statistic

@ 93 (out of 579) students with at least one infection
@ Bold edges represent possible transmission events

> Proportion of possible transmission events attributable to students in the intervention group:

k—1 pk—1
__ number of yellow edges Dk i jAi ZY; Aij — 0.359
total number of edges DI IED I YI.“*IAE.*1 '
Week 1
Nodes Edges
uninfected student between uninfected
X infected student including infected
control
intervention group including infected
intervention
.) control group
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Testing Hy

“How unlikely are the observed data under Hy ?”

o F = = El= DA
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Testing Hy

“How unlikely are the observed data under Hy ?”

o Choose a test statistic T = T(Z,A,Y)

=) = - = = Dace
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Testing Hy

“How unlikely are the observed data under Hy ?”
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hy

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 18 /54



Testing Hy

“How unlikely are the observed data under Hy ?
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under Hy

Randomization Networks Infections Test Statistic

Z1

z

Zz|
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Testing Hy

“How unlikely are the observed data under Hy ?"
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hy

Randomization = Networks Infections  Test Statistic
zZ K(Zl) =7 7(21) =7 T(Zl, ?, ?)
Y4 K(Zz) :7 7(21) :? T(Zl, ?, 7)
z)z| Alziz) =7 Y(zz)=? T(zz,%?)
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Testing H,

“How unlikely are the observed data under Hy ?"
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hy

Randomization = Networks Infections Test Statistic
Z K(Zl) =7 7(21) = V T(Zl7 ?,V)
Y4 K(ZQ) :? V(Zz) = 7 T(ZQ, 7,7)
z)z| Aziz) =? Y(zz)=Y T(zz,2Y)
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Testing H,

“How unlikely are the observed data under Hy ?”

o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hy

» This is not possible since A(z) are not imputable under HY

Randomization = Networks Infections Test Statistic
Z K(Zl) =7 7(21) = V T(Zl7 ?,V)
Y4 K(ZQ) :? V(Zz) = 7 T(ZQ, 7,7)
z)z| Aziz) =? Y(zz)=Y T(zz,2Y)
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Testing H,

“How unlikely are the observed data under Hy ?
o Choose a test statistic T = T(Z,A,Y)

o Find the distribution of T under Hy
> This is not possible since A(z) are not imputable under HY = H] is nonsharp

Randomization = Networks Infections Test Statistic
Z K(Zl) =7 7(21) = V T(Zl7 ?,V)
Y4 K(ZQ) :? V(Zz) = 7 T(ZQ, 7,7)
z)z| Aziz) =? Y(zz)=Y T(zz,2Y)
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Testing Hy

o Problem: H{ is nonsharp

o F = = El= DA
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Testing Hy

e Problem: Hy is nonsharp

— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy

=) = - = = Dace
Brian Richardson Causal Inference for Infectious Diseases



Testing Hy

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy

@ Solution: model the potential networks as stochastic
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Testing Hy

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
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Testing H,

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then

Friey) =Pr(T <tH)) = > 5" r(2)a(@2)1{T(z,a.Y) < t}

zeZacA
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Testing H,

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Friey) =Pr(T <tH)) = > 5" r(2)a(@2)1{T(z,a.Y) < t}
zeZacA

> p-value: p¥ = Fr(T|HY)
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Testing H,

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Friey) =Pr(T <tH)) = > 5" r(2)a(@2)1{T(z,a.Y) < t}
zeZacA

> p-value: p¥ = Fr(T|HY)
> If/when g is unknown, estimate it
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Testing H,

e Problem: Hy is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Friey) =Pr(T <tH)) = > 5" r(2)a(@2)1{T(z,a.Y) < t}
zeZacA

> p-value: p¥ = Fr(T|HY)
> If/when g is unknown, estimate it

* E.g., using a Separable Temporal Exponential Random Graph Model
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Testing H,

e Problem: H{ is nonsharp
— we don't know Fr(t|Hy ) and thus cannot compute a p-value testing Hy
@ Solution: model the potential networks as stochastic
> Define g(a, z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Friey) =Pr(T <tH)) = > 5" r(2)a(@2)1{T(z,a.Y) < t}
zeZacA

> p-value: p¥ = Fr(T|HY)
If/when g is unknown, estimate it

v

* E.g., using a Separable Temporal Exponential Random Graph Model

v

If/when the double sum EZEZ ZaeA cannot be computed exactly, approximate it using a Monte-Carlo method

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 19/54



: Y
Testing H,
Testing Procedure:

@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)
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Testing Hy

Testing Procedure:
@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)

@ Approximate Fr(t|Hy') using B Monte-Carlo replicates:
for b =1 to B do:
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Testing Hy

Testing Procedure:
@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)

@ Approximate Fr(t|Hy') using B Monte-Carlo replicates:
for b =1 to B do:

@ generate randomization vector z, from r(z)
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Testing Hy

Testing Procedure:
@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)

@ Approximate Fr(t|Hy') using B Monte-Carlo replicates:
for b =1 to B do:

@ generate randomization vector z, from r(z)

@ generate networks a, from q(a, zp; 0)
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Testing H,

Testing Procedure:

@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)

@ Approximate Fr(t|Hy') using B Monte-Carlo replicates:
for b =1 to B do:

@ generate randomization vector z, from r(z)

@ generate networks a, from q(a, zp; 0)
© compute the test statistic T, = T(zp,ap, Y)
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Testing H,

Testing Procedure:
@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)
@ Approximate Fr(t|Hy ) using B Monte-Carlo replicates:
for b=1 to B do:

@ generate randomization vector z, from r(z)

@ generate networks a, from q(a, zp; 0)
© compute the test statistic T, = T(zp,ap, Y)

© compute the plug-in p-value testing Hy

B
pp=B"1) LT, <T)
b=1
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Testing H,

Testing Procedure:
@ Estimate the unknown parameter 6 in the PMF q(a, z; 0) of A(z)

@ Approximate Fr(t|Hy ) using B Monte-Carlo replicates:
for b=1 to B do:

@ generate randomization vector z, from r(z)

@ generate networks a, from q(a, zp; 0)
© compute the test statistic T, = T(zp,ap, Y)

© compute the plug-in p-value testing Hy :

B
pE=B") UT<T)
b=1

Proposition: This procedure will asymptotically control the type | error rate
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eX-FLU: Hypothesis Test Results

o Test statistic (proportion of possible transmission events attributable to students in the intervention group):
T = 0.359.
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eX-FLU: Hypothesis Test Results

o Test statistic (proportion of possible transmission events attributable to students in the intervention group):

T = 0.359.

pf = 0.0466

Density

08

04 06
Test Statistic

@ Encouragement to isolate affects the social network and/or influenze-like illness (p'fg = 0.0466)
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eX-FLU: Hypothesis Test Results

o Test statistic (proportion of possible transmission events attributable to students in the intervention group):

T = 0.359.
pf = 0.0466 By = 0.0367

Density

03 04 05 06 07

Test Statistic

04 06 08

@ Encouragement to isolate affects the social network and/or influenze-like illness (p'fg = 0.0466)

@ Encouragement to isolate specifically affects influenze-like illness (ﬁg = 0.0367)
March 25, 2026 21/54
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Summary of Project 2

@ Developed a new randomization-based inference procedure

> Established theoretical properties (asymptotic control of Type | error)
> Demonstrated empirical performance through simulations

o Applied the method to the eX-FLU trial to find a protective effect of an encouragement-to-isolate
intervention on a college campus

o Future directions:
> Account for measurement error in the self-reported social networks

@ Status: under revision at Proceedings of the National Academy of Sciences
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> Established theoretical properties (asymptotic control of Type | error)
> Demonstrated empirical performance through simulations
o Applied the method to the eX-FLU trial to find a protective effect of an encouragement-to-isolate
intervention on a college campus

o Future directions:
> Account for measurement error in the self-reported social networks

* Using mismeasured networks does not hurt the type | error, but may hurt power
* Use Bluetooth data from eX-FLU sub-study

@ Status: under revision at Proceedings of the National Academy of Sciences
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@ Developed a new randomization-based inference procedure
> Established theoretical properties (asymptotic control of Type | error)
> Demonstrated empirical performance through simulations
o Applied the method to the eX-FLU trial to find a protective effect of an encouragement-to-isolate
intervention on a college campus

o Future directions:
> Account for measurement error in the self-reported social networks

* Using mismeasured networks does not hurt the type | error, but may hurt power
* Use Bluetooth data from eX-FLU sub-study

> Focus on estimation as opposed to hypothesis testing

@ Status: under revision at Proceedings of the National Academy of Sciences
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Summary of Project 2

@ Developed a new randomization-based inference procedure
> Established theoretical properties (asymptotic control of Type | error)
> Demonstrated empirical performance through simulations
o Applied the method to the eX-FLU trial to find a protective effect of an encouragement-to-isolate
intervention on a college campus
o Future directions:

> Account for measurement error in the self-reported social networks

* Using mismeasured networks does not hurt the type | error, but may hurt power
* Use Bluetooth data from eX-FLU sub-study

> Focus on estimation as opposed to hypothesis testing
> Design future trials with independent clusters

* can allow identification of more causal estimands

@ Status: under revision at Proceedings of the National Academy of Sciences
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Project 3 : Causal Inference from Cluster Randomized Trials with
Differential Nonresponse

Brian Richardson, Bonnie Shook-Sa, Michael Hudgens
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PopART Trial

o PopART (HPTN 071) Trial: large cluster randomized trial designed to evaluate a combination HIV

prevention intervention in Zambia and South Africa (Hayes et al., 2014)

Brian Richardson

Hayes et al. Trials 2014, 15:57
http://www.trialsjournal.com/content/15/1/57
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study protocol for a cluster randomised trial
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PopART Trial

o PopART (HPTN 071) Trial: large cluster randomized trial designed to evaluate a combination HIV

prevention intervention in Zambia and South Africa (Hayes et al., 2014)
o Intervention:
> Arm A: annual home-based HIV testing, promotion of medical male circumcision for HIV-negative men, and
offer of immediate ART for those testing HIV-positive
> Arm B: same as Arm A, but ART initiation following national guidelines
> Arm C: standard of care
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PopART Trial

o PopART (HPTN 071) Trial: large cluster randomized trial designed to evaluate a combination HIV

prevention intervention in Zambia and South Africa (Hayes et al., 2014)
o Intervention:
> Arm A: annual home-based HIV testing, promotion of medical male circumcision for HIV-negative men, and
offer of immediate ART for those testing HIV-positive
> Arm B: same as Arm A, but ART initiation following national guidelines
> Arm C: standard of care

@ Outcome: HIV Incidence

Hayes et al. Trials 2014, 15:57
http://www.trialsjournal.com/content/15/1/57
SR TriaLs
STUDY PROTOCOL Open Access

HPTN 071 (PopART): Rationale and design of a
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including universal testing and treatment - a
study protocol for a cluster randomised trial
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PopART Trial

o Initial Findings: no protective effect of the Arm A intervention (Hayes et al., 2019)

> ‘“unanticipated and not consistent with the data on viral suppression”

The NEW ENGLAND
JOURNAL o MEDICINE

ESTABLISHED IN 1812 JULY 18, 2019 VOL.381 NO.3

Effect of Universal Testing and Treatment on HIV Incidence
— HPTN 071 (PopART)

RJ. Hayes, D. Donnell, S. Floyd, N. Mandla, J. Bwalya, K. Sabapathy, B. Yang, M. Phiri, A. Schaap, S.H. Eshleman,
E. Piwowar-Manning, B. Kosloff, A. James, T. Skalland, E. Wilson, L. Emel, D. Macleod, R. Dunbar, M. Simwinga,
N. Makola, V. Bond, G. Hoddinott, A. Moore, S. Griffith, N. Deshmane Sista, S.H. Vermund, W. EI-Sadr,
D.N. Burns, J.R. Hargreaves, K. Hauck, C. Fraser, K. Shanaube, P. Bock, N. Beyers, H. Ayles, and . Fidler,
for the HPTN 071 (PopART) Study Team
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PopART Trial

o Initial Findings: no protective effect of the Arm A intervention (Hayes et al., 2019)
> ‘“unanticipated and not consistent with the data on viral suppression”

o Later Analyses: identified possibly differential nonresponse that could bias trial results (Shook-Sa et al.,
2025)
> Males were less likely to respond (i.e., have data collected)
> The intervention appeared more effective among males

The NEW ENGLAND
JOURNAL o MEDICINE

ESTABLISHED IN 1812 JULY 18, 2019 VOL.381 NO.3

Effect of Universal Testing and Treatment on HIV Incidence
— HPTN 071 (PopART)

RJ. Hayes, D. Donnell, S. Floyd, N. Mandla, J. Bwalya, K. Sabapathy, B. Yang, M. Phiri, A. Schaap, S.H. Eshleman,
E. Piwowar-Manning, B. Kosloff, A. James, T. Skalland, E. Wilson, L. Emel, D. Macleod, R. Dunbar, M. Simwinga,
N. Makola, V. Bond, G. Hoddinott, A. Moore, S. Griffith, N. Deshmane Sista, S.H. Vermund, W. El-Sadr,
D.N. Burns, J.R. Hargreaves, K. Hauck, C. Fraser, K. Shanaube, P. Bock, N. Beyers, H. Ayles, and . Fidler,
for the HPTN 071 (PopART) Study Team
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Goal

To estimate the causal effect of a cluster-level exposure on an outcome under differential nonresponse
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Goal

To estimate the causal effect of a cluster-level exposure on an outcome under differential nonresponse

@ i.e., nonresponse that depends on missing covariates and on treatment
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Goal

To estimate the causal effect of a cluster-level exposure on an outcome under differential nonresponse

@ i.e., nonresponse that depends on missing covariates and on treatment

(also under outcome censoring)
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PopART Observed Data
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PopART Observed Data

Control

Treatment

Brian Richardson

Trial Sample (size ni')
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@ X;: cluster covariates

@ A;: cluster treatment
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PopART Observed Data
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o X;: cluster covariates

o A;: cluster treatment
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PopART Observed Data
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o X;: cluster covariates

o A;: cluster treatment

@ Sj: trial membership
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PopART Observed Data

Control

Treatment e -m-m-me———e o=

<0

OO0000
OO0000

Cluster i

X;
Ai=0

Trial Sample (size nfr@') Auxiliary Sample (size n?")
S,']' =1 Sij =0
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o X;: cluster covariates

o A;: cluster treatment

@ Sj: trial membership
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PopART Observed Data
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PopART Observed Data

Control Treatment ~  r---m--oe—e oo
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Cluster | X;: cluster covariates

X;
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A;: cluster treatment

Sjj: trial membership
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R =0,
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PopART Observed Data
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A;: cluster treatment

Sjj: trial membership
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PopART Observed Data

Control Treatment
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Rj=1,
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X;: cluster covariates

A;: cluster treatment

Sjj: trial membership
Rjj: response indicator

W;;: individual covariates
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PopART Observed Data

Control Treatment

<0

OO0000
OO0000

Brian Richardson

Trial Sample (size nfr@')

Cluster i

X;
Ai=0

Auxiliary Sample (size n?"*)
Sii =1 5,'j =0

Nonresponders:

Rj =0, Wy =2, Cj =7, Y; =7

Responders:
Rj=1,
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X;: cluster covariates

A;: cluster treatment

Sjj: trial membership

Rjj: response indicator
W;;: individual covariates
Cij: censoring indicator

Y;j: outcome
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PopART Observed Data
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PopART Observed Data

Control Treatment - ----s—— e

‘ ‘ Cluster i o X;: cluster covariates
Xi o A;: cluster treatment
Ai=0
Q Q ””””””””””””” @ Sj: trial membership
Q Q Trial Sample (size nf2') Auxiliary Sample (size n?") @ Rj: response indicator
Si=1 S;i=0 TN .
Q Q g i e W;: individual covariates
Nonresponders: e Cj: censoring indicator
Rj =0, Wy =7, Cj =2, Y =?
@ Yj: outcome
Responders:
Rj=1,Wj

Uncensored: Cj; =0, Yj
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PopART Observed Data

Control Treatment - ----s——c oo

<0

Cluster i @ X;: cluster covariates

X;

@ A;: cluster treatment
Ai=0

Sij: trial membership

S,'j::l 5,-,-:0

Wij;: individual covariates

Nonresponders: Auxiliary Observation:

Ry — 0, Wy —7, Cj -2,y = Ry =7, Wy, Gy =2, Yy =7 e Cj: censoring indicator

Yjj: outcome
Responders:

Rj =1, W;

OO0000

Q Trial Sample (size nfr') Auxiliary Sample (size n?") @ Rj: response indicator

Uncensored: Cj; =0, Yj
Censored: Cjj =1,Y; =7
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Causal Estimand

o Potential Outcome: Yj;j(a): potential outcome for individual j in cluster i, under cluster-level exposure a

o = =
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Causal Estimand

o Potential Outcome: Yj;j(a): potential outcome for individual j in cluster i, under cluster-level exposure a

o Expected Potential Outcome: 7n(a) = E{Yj(a)}
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Causal Estimand

o Potential Outcome: Yj;j(a): potential outcome for individual j in cluster i, under cluster-level exposure a
o Expected Potential Outcome: 7n(a) = E{Yj(a)}

@ Causal Contrasts:

RD = 77(1) - 77(0)?
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Causal Estimand
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o Expected Potential Outcome: 7n(a) = E{Yj(a)}

@ Causal Contrasts:

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 30/54



Causal Estimand

o Potential Outcome: Yj;j(a): potential outcome for individual j in cluster i, under cluster-level exposure a
o Expected Potential Outcome: 7n(a) = E{Yj(a)}

@ Causal Contrasts:

o ) o @/ (1)
RD =) =n(0). RR="r6y OR= o)1 —n(1)
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Identification

o Under assumptions*, the estimand 7(a) can be identified using either:
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Identification

o Under assumptions*, the estimand 7(a) can be identified using either:

o G-formula:

n(a) = E{E(Yj|Ai=a,Sj =1,Rj =1, C; = 0,X;, W) |S; = 0}
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Identification

o Under assumptions*, the estimand 7(a) can be identified using either:

o G-formula:
n(a) = E{E(Yj|Ai =a S =1,R; =1,C; = 0,X;,Wj) [S; = 0}

o Inverse Probability Weighting:

(a)—E 1(Ai:avsl'j:17Rij:17Cij:0)YU
M=\ Pr(A = a,S; = 1,R; = 1, Gj = 0]X;, Wj)
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Estimation: G-Formula

@ Fit the outcome regression model among uncensored responders

,ua(x,w) = E(Y,J|R,J = 1, C,'j = O,A,' = a,X,- = X,W,'J' = W)
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Estimation: G-Formula

@ Fit the outcome regression model among uncensored responders

pa(x,w) = E(Y;  |Rj =1, =0,Ai=a,X;=x,Wj; =w)
~——

expected outcome
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Estimation: G-Formula

@ Fit the outcome regression model among uncensored responders

pa(x, w) = E(Yy | Rj=1Ci=0, A=aX =xW;=w)
—_—

expected outcome among uncensored responders
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Estimation: G-Formula

@ Fit the outcome regression model among uncensored responders

pa(x,w) = E(Y; | R;j=1C;j=0

)
/

A,':a,Xi:X,W,j:W)

expected outcome among uncensored responders given treatment and covariates
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Estimation: G-Formula

@ Fit the outcome regression model among uncensored responders

pa(x,w) = E(Y; | R;j=1C;j=0

)
/

A,':a,Xi:X,W,j:W)

expected outcome among uncensored responders given treatment and covariates

@ Marginalize the estimator fi,(X, W) over the distribution of covariates in the auxiliary data:

N 1 m n; R
(@) = — D DSy =0) fia(Xi, W)

i=1 j=1

sample mean in auxiliary data
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

ma(x,w) =Pr(A; =a,Rj =1,C;j =0|X; =x,W;; = w)
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

mTa(x,w)=Pr (Ai=a,Rj=1,Ci=0 |Xj=x,W;=w)

treatment a and uncensored response
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

Ta(x,w)=Pr (Ai=a,Rj=1,Ci=0 |X;=x,W;=w)

treatment a and uncensored response given covariates
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

ma(x,w)=Pr (Ai=a,Rj=1,C;=0 |Xi=x,W;=w)

Vv
treatment a and uncensored response given covariates

@ Take the weighted mean outcome

ﬁIPW Zzl(A—a S_[_]- Rj_l CJ—O)Y
T ptrial
n ma(Xi, W
i=1 J 1 a( 8] U)
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Estimation: Inverse Probability Weighting
@ Fit the joint propensity score model

Wa(X,W):PI’ (A,':a,R,'j:].,C,'J':O ‘X,‘ZX,W,'J':W)

vV
treatment a and uncensored response given covariates

@ Take the weighted mean outcome

outcomes among uncensored responders with treatment a

ii 1(A;ZQ,SU:1,R,'J':1,C,'J':0)YU
%Q(X;,W,’j)

,'/,]\IPW( _

ntrlal
i=1 j=1
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

ma(x,w)=Pr (Ai=a,Rj=1,C;=0 |X;=x,W;=w)

TV
treatment a and uncensored response given covariates

@ Take the weighted mean outcome

outcomes among uncensored responders with treatment a

Zz”': 1(Ai=aSj=1,R;=1,C;=0)Y;

~IPW
7 ( iT\a(X,‘, WU)

ntrlal
i=1 j=1
inverse probability weights
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

ma(x,w)=Pr (Ai=a,Rj=1,C;=0 |X;=x,W;=w)

TV
treatment a and uncensored response given covariates

@ Take the weighted mean outcome

outcomes among uncensored responders with treatment a
-

1A =aS;=1R;=1C;=0)Y;
~IPW i 1 2l U] =y y
n ( ntrlal ZZ %a(xiawij)

~—~ i=1j=1

trial size

inverse probability weights
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Estimation: Inverse Probability Weighting

@ Fit the joint propensity score model

ma(x,w)=Pr (Ai=a,Rj=1,C;=0 |X;=x,W;=w)

treatment a and uncensored response given covariates

@ Take the weighted mean outcome

outcomes among uncensored responders with treatment a
N

1 v~ 1(Ai=a,S;=1,R;=1,C;=0)Y;
~IPW _ i s Dij s Mj s ~ij ij
n o (a) = Atrial ZZ Ta(Xi, W)

N——~ i=1 j=1

Hajek estimator inverse probability weights
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Joint Propensity Scores

ma(x,w) =Pr(Ai=a,Rj =1,C;j = 0|X; =x,W;; = w)

=) = - = = Dace
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Joint Propensity Scores

ma(x,w) =Pr(Ai =a,Rj =1, C; = 0|X; = x,W;; = w)
= PF(A,' = a, R,'j = 1|X,‘ = X,W,‘j = W) X PI’(C,'J' = 0|A,’ = a, R,'j = l,X,' = X,W,'j = W)
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Joint Propensity Scores

ma(x,w) =Pr(Ai =a,Rj =1, C; = 0|X; = x,W;; = w)
= PI’(A,’ = a, R,'j = 1|X,‘ = X,W,‘j = W) X PI’(CU = 0|A, = a, R,_, = 1,X,’ = X,W,:,' = W)

=niR(x,w)
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Joint Propensity Scores

7T3(X,W) = PI’(A,' = a, R,J = 1, C,J = 0|X, = X, W'J = W)
= PI’(A,' = a, R,J = ].|X, = X,W,‘j = W) X PI’(C,J = 0|A, = a, R,J = 1,X,’ = X,W,'J' = W)

=miR(x,w)

Response and Treatment Mechanism: 747 (x, w)

fx,wia,r(x,wl|a, 1)

= PF(A; = a, R,J = 1) fx W(X W)
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Joint Propensity Scores

7T3(X,W) = PI’(A,' = a, R,J = 1, C,J = 0|X, = X, W'J = W)
= PI’(A,’ = a, R,J = ].|X, = X,W,‘j = W) X PI’(C,J = 0|A, = a, R,J = 1,X,’ = X,W,'j = W)

=miR(x,w)

Response and Treatment Mechanism: 747 (x, w)

fx,wia,r(x,wl|a, 1)

= PF(A; = a, R,J = 1) fx W(X W)

o Estimate this ratio of densities following an
approach in Sugiyama et al. (2010)
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Joint Propensity Scores

7T3(X,W) = PI’(A,' = a, R,J = 1, C,J = 0|X, = X, W'J = W)
= PI’(A,' = a, R,J = ].|X, = X,W,‘j = W) X PF(CU = 0|A, = a, RU = 1,X,‘ = X,W,‘j = W)

=miR(x,w) =nS(x,w)

Response and Treatment Mechanism: 747 (x, w)

fx,wia,r(x,wla, 1)

= PF(A; = a, R,J = 1) fx W(X W)

o Estimate this ratio of densities following an
approach in Sugiyama et al. (2010)

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 34 /54



Joint Propensity Scores

7T3(X,W) = PI’(A,' = a, R,J = 1, C,J = 0|X, = X, W'J = W)
= PI’(A,' = a, R,J = ].|X, = X,W,‘j = W) X PF(CU = 0|A, = a, RU = 1,X,‘ = X,W,‘j = W)

=miR(x,w) =nS(x,w)

Response and Treatment Mechanism: 747 (x, w)
c

Censoring Mechanism:

X, W
fx,wia,r(x,wla, 1) Gow)

= PF(A; = a, R,J = 1) fx W(X W)

o Estimate this ratio of densities following an
approach in Sugiyama et al. (2010)
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Joint Propensity Scores

7T3(X,W) = PI’(A,’ = a, R,J = 1, C,J = 0|X, = X, W'J = W)
= PI’(A,’ = a, R,J = ].|X, = X,W,‘j = W) X PF(CU = 0|A, = a, RU = 1,X,‘ = X,W,‘j = W)

=miR(x,w) =nS(x,w)

Response and Treatment Mechanism: 747 (x, w)

c

Censoring Mechanism: 7;

X, W
fx,wia,r(x,wla, 1) Gow)

Fw (X, w) o Estimate using responders in the trial (for
whom A;, X;, Wj;, Cj; are available)

= Pr(A,- = a, R,J = 1)

o Estimate this ratio of densities following an
approach in Sugiyama et al. (2010)

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026
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Estimation: Augmented Inverse Probability Weighting

O Fit the outcome regression model i,

=) = - = = Dace
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Estimation: Augmented Inverse Probability Weighting

O Fit the outcome regression model i,

@ Fit the joint propensity score model 7,
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Estimation: Augmented Inverse Probability Weighting

O Fit the outcome regression model 1,
@ Fit the joint propensity score model 7,

Q@ AIPW estimator: 7% (a) =

(Ai=a,5;=1,R; =1,G; =0) - LS =0
ZZ [ AT X W) {¥5 = (X0 W)} + ==L (X, Wy)
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Estimation: Augmented Inverse Probability Weighting

@ Fit the outcome regression model i,
@ Fit the joint propensity score model 7,

@ AIPW estimator: 7PV (a) =

m (Ai=a,S;=1R;=1,C; =0) =
ZZ |: ’\trlal’\a(xhwu) {\/’I - Na(xi’wij)} +

i=1 j=1

—> Double robustness to parametric model specifications for p,, 7,

Brian Richardson Causal Inference for Infectious Diseases
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Estimation: Augmented Inverse Probability Weighting

@ Fit the outcome regression model i,

@ Fit the joint propensity score model 7,

@ AIPW estimator: 7PV (a) =

n;

1(A, = a, SU = 1, RU = 1,
h*ria'%a(x,-, W,J)

1(S; =0)

naux

C; =0 N N
=9 (v, hL W)} + (X, W)

7 (a)

—> Double robustness to parametric model specifications for u,, 7,
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Estimation: Augmented Inverse Probability Weighting

@ Fit the outcome regression model i,
@ Fit the joint propensity score model 7,

@ AIPW estimator: 7PV (a) =

1(Ai=a,5;=1,R;=1,C; =0) . 1(S;=0) .
= Yij — Ha(Xi, Wij) } + ———11a(Xi, Wi
;121 ptrial a(X”WU) { /) /1’3( J)} paux :U/a( J)

—0

7 (a)

—> Double robustness to parametric model specifications for u,, 7,
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Estimation: Augmented Inverse Probability Weighting

@ Fit the outcome regression model i,
@ Fit the joint propensity score model 7,

@ AIPW estimator: 7PV (a) =

1(A=aS;=1R;=1,C; = - ( =0)..
ZZ /‘tr{al’\a(xhjwu) — {Yij _Ma(xhwij)} n— ( i u)

i=1 j=1

;]‘IPW (a)

—> Double robustness to parametric model specifications for u,, 7,
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Estimation: Augmented Inverse Probability Weighting

@ Fit the outcome regression model i,
@ Fit the joint propensity score model 7,

@ AIPW estimator: 7PV (a) =

1A =a,5=1,R;=1,C; = ~ 1(S; =0)..
;; /\trlalAa(XnWU) {YU ME(X”WU)} n— (x”WU)

,”7\IPW (a)

—> Double robustness to parametric model specifications for u,, 7,
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

QO )

score fun.
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

Y (Dj; )
score fun. data
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

S (Dy i 0)

score fun.
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

Y (D 0)

score fun.

that is unbiased, meaning
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

v, (D ¢
—~ L~~~

score fun. data Param.

)

that is unbiased, meaning

E{W(D,‘j;\eg)/)} =0

true
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

v, (D ¢
—~ L~~~

score fun. data Param.

)

that is unbiased, meaning

E{W(Dy; fo )} =0
true

The M-estimator @ is the solution to
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

v, (D ¢
—~ L~~~

score fun. data Param.

)

that is unbiased, meaning

E{W(Dy; fo )} =0
true

The M-estimator @ is the solution to

212 V(D 0) =0
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Crash Course on M-Estimation

Estimating (Score) Function: a function of the observed data and the parameter of interest

v, (D ¢
—~ L~~~

score fun. data Param.

)

that is unbiased, meaning

E{W(Dy; fo )} =0
true

The M-estimator @ is the solution to

212 V(D 0) =0

0 is consistent and asymptotically normal and has a simple variance estimator (Stefanski and Boos, 2002)
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Inference: Estimating Equations

Each of the proposed estimators can be expressed as an M-estimator:

=) = - = = Dace
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Inference: Estimating Equations

Each of the proposed estimators can be expressed as an M-estimator:

7i°F has estimating function

wu(DUHB)
Wer(Djji Ocr) = | 7w 1(S5 = 0)o(Xi, Wiz 8) — n(0) | ,
L 1(S; — 0 (X, Wy 8) — (1)

where

@ W, is an estimating function for fitting the outcome model u.(x,w; 3)

e Ogr = [8,7(0),n(1)]

° anX — naux/n
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Inference: Estimating Equations

Each of the proposed estimators can be expressed as an M-estimator:

""" has estimating function
wTK‘(DIj7 ’Y)
A;i=0,5;=1,R;=1,C;=0)Y;
Wipw (Djj; Oipw) = p—&.-r = ,rj( “v(/ ) i=0)Y; —n(0)
1 1(A=1,5;=1,R;=1,C;=0)Y;
ptral ﬂjl(xl,vflu ) . s — 7’(1)

where

e W_ is an estimating function for fitting the joint propensity score model 7,(x, w; )

o Oipw = [v,1(0),n(1)]

° ptnal — ntnal/n
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Inference: Estimating Equations

Each of the proposed estimators can be expressed as an M-estimator:

TAPW has estimating function
w,u(Dijv )
aipw (Djj; Gaipw) = | 1(A;=0,5;=1,R;=1,C;=0 . 1(5;=0) )
! ( t”a'7jl'0(X,,\JIVU .Y)j ) {)/’J (Xi7 ijr ﬁ } + (p;ux H‘O(XHWU B) 17(0)

Wi;; 8)
1(A;=1,5;=1,R;=1,C;=0) . 1(S;=
e SI=O (Y — iy (X, Wi )} + 205201 (X3, Wi 8) — (1)

where

e Oapw = [B,7,7(0),n(1)]
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Simulation Study

X~N(0,1)

W,~N(0,1)

Brian Richardson

[ ] [ ] [ ]
ma .
Wy ~Bernoulli(0.5) ' ' {
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Simulation Study

@
X~N(0,1)

¢ ¢
Wi ~Bernoulli(0.5)

4“ q'\ q'\ but harmful when W; = 1
W,~N(0,1)

Treatment marginally protective,
[ ]
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Simulation Study

Treatment marginally protective,

X~N(0,1) butharmfulwhen W; = 1

Wy ~Bernoulli(0.5)
W,~N(0,1)

[ ] [ ] [ ]
.M m .M
Invited Trial Sample,
size n'"@ € {500,5000}

re
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Simulation Study

X~N(0,1)

Treatment marginally protective,
butharmfulwhenW; =1

Wy ~Bernoulli(0.5)

W,~N(0,1) ® ® ®
.M m [
Invited Trial Sample,
size '@ € {500,5000}
Marginal response rate:
50%
e o | e
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Simulation Study

Treatment marginally protective,
X~N(01) but harmful when W; = 1

Wi ~Bernoulli(0.5)
Wy~N(0,1)

[ ] [ ] [ ]
.M m .M
Invited Trial Sample,
size n'"® € {500,5000}

Marginalresponse rate:
50%

o More nonresponse when

L
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Simulation Study

Treatment marginally protective,
X~N(@01) but harmful when W; = 1

Wy ~Bernoulli(0.5)
W,y~N(0,1)

[ ] [ ] [ ]
.M m .M
Invited Trial Sample,

size '@ € {500,5000}

Marginal response rate:
50%

o o Y More nonresponse when
w w,=14=1
30% outcome censoring
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Simulation Study

Treatment marginally protective,

X~N(0,1) butharmfulwhen W; = 1
Wi ~Bernoulli(0.5)
W,~N(0,1) ® ® ®
.M m .M
Invited Trial Sample, Auxiliary Sample,
size n'"@ € {500,5000} size n™¥ € {500,5000}
Marginal response rate: o ® o

® ) More nonresponse when ® o o
w w,=1A4=1
30% outcome censoring
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Naive | | Proposed

G-formula estimator 2
0.0- jgnoring nonresponse 5
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Naive Proposed
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Naive Proposed
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PopART Application

o Trial data: PopART trial (Hayes et al., 2014, 2019)
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PopART Results
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Summary of Project 3

o Developed estimators to adjust for differential nonresponse and outcome censoring in a cluster RCT
> Established theoretical properties (consistency, asymptotic normality, double robustness of AIPW)
» Demonstrated empirical performance through simulations

@ Applied the method to the PopART trial, along with auxilary data from national surveys

o Future Directions:
> show semiparametric efficiency of AIPW estimator

> derive asymptotic results for AIPW estimator under nonparametric estimators of pi5, 75

o Status: in preparation to submit to Annals of Applied Statistics
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Project 1 : Addressing Confounding and Continuous Exposure
Measurement Error Using Corrected Score Functions

Brian Richardson, Brian Blette, Peter Gilbert, Michael Hudgens (2025)
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Motivation: HVTN 505 trial

The NEW ENGLAND
JOURNAL o MEDICINE

ESTABLISHED IN 1812 NOVEMBER 28, 2013 VOL.369 NO.22

Efficacy Trial of a DNA/rAd5 HIV-1 Preventive Vaccine

Scott M. Hammer, M.D., Magdalena E. Sobieszczyk, M.D., M.P.H., Holly Janes, Ph.D., Shelly T. Karuna, M.D.,
Mark J. Mulligan, M.D., Doug Grove, M.S., Beryl A. Koblin, Ph.D., Susan P. Buchbinder, M.D.,
Michael C. Keefer, M.D., Georgia D. Tomaras, Ph.D., Nicole Frahm, Ph.D., John Hural, Ph.D.,

Chuka Anude, M.D., Ph.D., Barney S. Graham, M.D., Ph.D., Mary E. Enama, M.A,, P.A.-C,, Elizabeth Adams, M.D.,
Edwin DeJesus, M.D., Richard M. Novak, M.D., lan Frank, M.D., Carter Bentley, Ph.D., Shelly Ramirez, M.A,,
Rong Fu, M.S., Richard A. Koup, M.D., John R. Mascola, M.D., Gary ). Nabel, M.D., Ph.D., David C. Montefiori, Ph.D.,
James Kublin, M.D., M.P.H., M. Juliana McElrath, M.D., Ph.D., Lawrence Corey, M.D., and Peter B. Gilbert, Ph.D.,
for the HVTN 505 Study Team*

o HVTN 505 trial: trial of a preventive HIV vaccine
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o HVTN 505 trial: trial of a preventive HIV vaccine

o Stopped early after reaching predetermined cutoffs for efficacy futility (Hammer et al., 2013)
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Motivation: HVTN 505 trial

The Journal of Infectious Diseases
MAJOR ARTICLE %In ,,,,, Sacit of Americn y.un m

Higher T-Cell Responses Induced by DNA/rAd5 HIV-1
Preventive Vaccine Are Associated With Lower HIV-1
Infection Risk in an Efficacy Trial

Holly E. Janes Kristen W. Cahen,! Nicole Frahm,' Stephen C. De Rosa,! Brittany Sanchez," John Hural," Craig A. Magaret!
‘Shelly Karuna,! ! ! Greg Finak. i Barney . 2 Ri . Koup.?
Mark J. .4 Beryl Koblin P Keefer? Elizabeth :

Magdalena Sobieszczyk," Scott M. i

. Gilbert,

@ Several biomarkers correlated with HIV among vaccine recipients (Janes et al., 2017; Fong et al., 2018;
Neidich et al., 2019)
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. Gilbert!

Several biomarkers correlated with HIV among vaccine recipients (Janes et al., 2017; Fong et al., 2018;
Neidich et al., 2019)

@ Is there a causal relationship between these biomarkers and HIV?
o Biomarker-HIV relationship is confounded

Biomarkers are measured with error
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To estimate the causal effect of a continuous exposure on an outcome when
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Confounding

A
exposure outcome
(biomarker) (HIV)
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Measurement Error

confounder

>

measured exposure outcome
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Addressing Confounding Alone

o G-Formula

e IPW

@ Doubly Robust Estimator
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Addressing Confounding Alone

o G-Formula

{Y — u(L, A; B)} 9su(L, A; B)

Wo_cr(Y,L,A;0cr) =
0 GF( GF) n(a)—u(L,a;,B)

e IPW

@ Doubly Robust Estimator
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Addressing Confounding Alone

o G-Formula

. _{Y = (L, A; B)} O (L, A; B)
%‘GF(Y’L’A’GGF)_[ n(a) - p(L,a; B) ]

o IPW

Wes(L, A
Wo_ipw(Y,LA; 0pw) = [ ps( ) :|

SW(L,A){Y —n(A;7)} 9yn(A;7)

@ Doubly Robust Estimator
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Addressing Confounding Alone

o G-Formula

{Y - :U’(La A; B)} 65/,&([., A; ﬂ)

\I’o,(;/:(y7 |.7 A; HGF) = |: n(a) _ /,L(L,a; ﬂ)

e IPW
Wps(L,A)
Wo_ipw(Y,L A;0pw) =
SW(L,A){Y —n(A;v)} 9yn(A;v)
o Doubly Robust Estimator
‘uPS(L7 A)

Wo_pr(Y,L,A;0pr) = [ SW(L,A{Y — u(L,A; 8)}0su(L, A; B)
77(3) - //L(Lv a; /B)
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Addressing Confounding and Measurement Error

Can we just substitute A* for A and find the solution to

1

S Wo(Yi, L, AF ;60)=07
~—

mismeasured
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Addressing Confounding and Measurement Error

Can we just substitute A* for A and find the solution to

1

S Wo(Yi, L, AF ;60)=07
~~~
mismeasured

No! This leads to bias in 0 because

E{Wo(Y,L,A*;6)} # 0.
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Addressing Confounding and Measurement Error

Can we just substitute A* for A and find the solution to

Y Wo(YiLi, AT 10) =07
~~~
mismeasured

No! This leads to bias in 0 because

E{Wo(Y,L,A*;6)} # 0.

We need a new score function W¢s such that

E{ ‘UCS (Y, La \A/ ;90)} =0.

new score fun. mismeasured
Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 50 /54



Corrected Score Functions

Given the “oracle” score function Wy, a “corrected score” function Wcs can be created following Novick and
Stefanski (2002) (Novick and Stefanski, 2002):
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Corrected Score Functions

Given the “oracle” score function Wy, a “corrected score” function Wcs can be created following Novick and
Stefanski (2002) (Novick and Stefanski, 2002):

Wes(Y, LA 0) = E[Re{Wo(Y,L,A"+ic0)}|Y,L A"
The G-Formula, IPW, and DR score functions can all be corrected in this way

Wy cr — Wes_cr
Wo_ipw — Wes_ipw

Wo_pr — Wcs_pr
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Summary of Project 1

Paper in Biometrics (2025)

GitHub R package

Mismex: Causal Inference for Mismeasured Exposures
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Choice of Test Statistic

Test statistics: “proportion of possible transmission events attributable to students in the intervention group:”

Zk 22/ IZJ>/Z Uk

T(Z,A,Y) = .
Zk 2 Zl 1 Zj>l Uk

From Infected to Infected From Infected

Contact at k — 1 Eji = YA Y Eji = YA

Contact at k En = yikflAl,kj Y/ EZ = Yik71A5

Contact at kK — 1 or k Ex = Y‘."*l(AZ*l VASYS  ER = Yikfl(Agl—l v A%

Contact at k — 1 and k  Eff = Y/ (A <« AR)YS Eff = YITH (AT % Af)

Table: Definitions of a possible transmission event Ejj from student /i to student j at time k. Yl.k is an indicator for
student i being infected at week k, Af:‘,. is an indicator for students i and j being in contact at week k, and aV b denotes
the maximum of a and b.
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)

=) = - = = Dace
Brian Richardson Causal Inference for Infectious Diseases



Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

F;r(A =alX=x)=
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

F;r(A =alX=x)=

@ normalizing constant:

k(0,A,x) = ZaEA exp{0 - g(a, x)}
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

F;r(A =alX=x)=

@ normalizing constant:
’{(97 A, X) = ZaeA exp{9 : g(a’ X)}

o A: space of possible networks
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

F;r(A =alX=x)=

@ normalizing constant:
k(0,A,x) = ZaEA exp{0 - g(a, x)}
o A: space of possible networks

@ 0: model coefficients
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)

An ERGM assumes:
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F;r(A =alX=x)=

normalizing constant:

k(0, A, x) =

> acaexp{0-g(a,x)}

A: space of possible networks

0: model coefficients

g(a, x): sufficient statistics
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)

An ERGM assumes:
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F;r(A =alX=x)=

normalizing constant:

k(0, A, x) =

> acaexp{0-g(a,x)}

A: space of possible networks

0: model coefficients

g(a, x): sufficient statistics

> number of edges
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

go

iy _ v _ exp{0-g(a,x)}
F;r(A—a|X—x) = W

=0t =D
i
=$;=é

@ normalizing constant:
k(0,A,x) = > caexp{0 - g(a, x)}

o A: space of possible networks

6

0: model coefficients

g(a, x): sufficient statistics

> number of edges
> number of edges touching treated students
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X)
An ERGM assumes:

=2
O
/

=

oy oy &xp{0-g(a,x)}
F;r(Afa|Xfx) = W

1]
AR

/
® <
%o

@ normalizing constant:
k(0,A,x) = ZaEA exp{0 - g(a, x)}
o A: space of possible networks

0: model coefficients

g(a, x): sufficient statistics
> number of edges
> number of edges touching treated students
> number of edges touching infected students
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Exponential Family Random Graph Models

Goal: model a network (A) given covariates (X) )
An ERGM assumes: ﬁ ﬂ\’ﬁ:
— _ _ exp{e : g(av X)} /
F;r(A—a|X—x)— 7/{(9,./4#) -

e
=B

@ normalizing constant:
k(0,A,x) = > caexp{0 - g(a, x)}
o A: space of possible networks

0: model coefficients

g(a, x): sufficient statistics
> number of edges
> number of edges touching treated students
> number of edges touching infected students
> number of edges touching treated X infected
students

-
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ERGM Model Formulation

—aix — o = xP{0-g(a,x)}
F;r(A = a\X = X) = Wv

x(6, A, x) Zexp{@ g(a,x)}

ac A

For example, in the simulation study and eX-FLU application,

# edges D) @i
# edges touching a treated node > iz + z)
g(a,x) = # edges touching an infected node = > ai(yi + )
# edges touching a treated and infected node > ai(ziyi + zyj)
# edges between roommate pairs > @il(i,j roomates)
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ERGM Change Statistic Model Formulation

o Change statistic: Jg(a, x); = g(a;,x) — g(a; , x) is the change in network statistic that would occur if aj;
were changed from 0 to 1

> where azT and al.j. represent the network a with dyad aj; set to 1 or 0, respectively

@ Then the equivalent ERGM specification is

logit{Pr(A; = 1A = af,X = x)} = 6*04(a, x);
> where AI.JC. represents all dyads in A except Aj;

o Interpretation of #: the change in conditional log-odds of the network associated with a one-unit increase
in the corresponding component of g(a, x) resulting from switching a particular dyad A; from 0 to 1 and

leaving the rest of the network fixed at A,-?
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Dyadic Independence EGRMs

o Dyadic independence term: a component g of g in an ERGM for which the corresponding change statistic
d¢(a,x); can be calculated for any i, without knowing a

> For example, if g(a,x) = 3=, ; a;j(Zi + Z;) counts the number of edges touching treated nodes, then
dg(a,x);j = zj + z; doesn’t depend on a

o Dyadic independence ERGM: an ERGM with only dyadic independence terms

> replace dg(a, x)j; with dg(x);; and write the model as
logit{Pr(Aj = 11X =x)} = 6 - 5g(x);

o Interpretation of 6: the change in log-odds of the network associated with a one-unit increase in the

corresponding component of g(a, x) resulting from switching a particular dyad A; from 0 to 1
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Separable Temporal Exponential Family Random Graph Models

A STERGM assumes that, at each time step k =1,...
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Separable Temporal Exponential Family Random Graph Models
A STERGM assumes that, at each time step k =1

yeuo, T — 10
o New edges form according to a formation ERGM

kt+ _ kb pk _ ok sy _ exp{6” -g"(a ko %)}
Pr(A*" =t | = X =) = =

f
Al . /ﬁéﬁ‘
.,
° ﬂ\o ﬁ
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Separable Temporal Exponential Family Random Graph Models
A STERGM assumes that, at each timestep k=1,...,7 — 1:
o New edges form according to a formation ERGM

@ Old edges persist according to a persistence ERGM

Pr(A*" =a" [A" =a" X = x) = &Pl0” -8 g (@}

R0 A (@), %)
avop
L |
AL . ’4.
ﬂ/ﬂ\ﬁfﬂ\ﬂ '
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Separable Temporal Exponential Family Random Graph Models
A STERGM assumes that, at each timestep k=1,...,7 — 1:
o New edges form according to a formation ERGM
@ Old edges persist according to a persistence ERGM
@ The network at time step k + 1 is the result of formation and persistence
AT = A U (Af—Af) -  (AF—AF)
~~ N——— S———

previous network .o edges formed old edges not persisting
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STERGM Model Formulation

@ Formation model is an ERGM conditional on only adding edges:

exp{0" - o x
Pr(AkJr:akJrlAk:ak’X: ) = p{ (k )}
* r{0F, A*(ak), x}
» A*(a): space of possible networks that can be formed by adding edges to a
o Persistence model is an ERGM conditional on only removing edges:

exp{0” -g~ (", x)}
{07, A~ (ak), x}

Pr(A"~ =a* |Ak =a" X =x) =
o

» A~ (a): space of possible networks that can be formed by removing edges to a
o A STERGM assumes the network at time k + 1 is then the result of applying the changes in A" and A~
to Ak
AR — AK U (Ak+ . Ak) o (Ak . Ak—)
~~ —_——— ——

previous network oy, edges formed  old edges not persisting
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Separability of STERGMs

@ AT 1L A*~|A*, i.e., the formation and persistence processes are conditionally independent give the network
at time k
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Separability of STERGMs

Q@ AT 1L Ak‘|Ak, i.e., the formation and persistence processes are conditionally independent give the network
at time k
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Separability of STERGMs

Q@ AT 1L Ak‘|Ak, i.e., the formation and persistence processes are conditionally independent give the network
at time k

@ the parameter space for § = (67,607) is the product of the parameter spaces for 67 and 6~

/\/\/\
\/\/\/
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Simulation Setup

n € {24,48} students were equally divided into two residence halls, each with six clusters of equal size

@ Within each residence hall group, the clusters were randomized using a 50:50 allocation to either the
intervention group or the control group

o Five pairs of students were randomly selected to be roommates, meaning they had contact with each other
each week

@ Baseline (k = 1) face-to-face contacts were simulated between each pair of students with probability 0.5

@ Baseline infection statuses were simulated for each student with probability 0.5

@ Social networks were simulated over the remaining 7 € {5, 10} weeks according to a STERGM with both

formation and persistence models including edge count, intervention assignment Z, infection status Y,

Z XY interaction, and an offset to force constant edges between roommates

@ Infection statuses were simulated for each student i at each week k € {2,...,7} with probability
—k—1 k-1

Pr(Y,-k =1A" Y ) = h;(S*7') depending on the vector S*~* = A*71Y*~! of counts of infected
contacts for each student at week k — 1.
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Simulation Setup

Three scenarios:

Null Formation Model Persistence Model Infection Probability
Hypothesis Parameters 0" Parameters 6~ Function h;
HE (—0.5,0,0,0) (—0.5,0,0,0) hi(s) = 0.5
H{NHY (-0.2,0,0,-1) (-0.2,0,0, 1) hi(s) = 0.5
HANHY (—0.2,0,0,—1) (—0.2,0,0,-1) hi(s) = Zexpit(s; — 5)/ Y7, expit(s; — )

Table: The null hypothesis refers to the null hypothesis that is true under the data generating process, formation model

parameters are 1 = (Gzzges, 9}, 94\;, O}Y), persistence model parameters are 6~ = (G;jges, 92,9;,95,), the infection
probability function h;(s) gives the probability of student i being infected at week k given the vector
Sk=1 = s =(s1,...,5n) of infected contact counts for each student at week k — 1, and 5 = n"137_ 5.

Three p-values:
° p’,;: testing the sharp null
o pY: testing Hy using known g
o py: testing H{ using estimated g
March 25, 2026 14 /30



Simulation Study

Goal: use simulated data to investigate the performance of our testing procedure
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Simulation Study

Goal: use simulated data to investigate the performance of our testing procedure
o n € {24,48} students
o 7 € {5,10} weeks

@ 50:50 cluster randomization with 12 equal-sized clusters

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 15/30



Simulation Study

Goal: use simulated data to investigate the performance of our testing procedure
o n € {24,48} students
o 7 € {5,10} weeks

@ 50:50 cluster randomization with 12 equal-sized clusters
@ Three scenarios:
(1] Hg: no effect of intervention on networks or infection
Q Pé N Hy : no effect of intervention on infection
Q ﬁg ﬂﬁg: effect of intervention on both networks and infection
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Simulation Study

Goal: use simulated data to investigate the performance of our testing procedure
n € {24, 48} students
7 € {5,10} weeks

50:50 cluster randomization with 12 equal-sized clusters

Three scenarios:

(1] Hg: no effect of intervention on networks or infection

Q Pé N Hy : no effect of intervention on infection

Q Pé ﬂﬁg: effect of intervention on both networks and infection
@ Three testing procedures:

(1) pt}g: testing Hg

Q pE: testing H(}/ using known g

Q ﬁg: testing H(}/ using estimated g
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Simulation Results: Empirical CDF of P-Values

n=24,1=5 n=48,t=10
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eX-FLU: STERGM Results
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Type | Error Control

o Proposition 2.1: Let Ty be a test statistic with CDF Fy under Hp.

© Under Hy, Fn(Tp) stochastically dominates a Uniform(0, 1) distribution for any .

@ If the test statistic Ty has a continuous limiting distribution, then Fy(Ty) —< Uniform(0,1).
o Corollary 2.2:

@ Under Hﬁ, the sharp null p-value p?v stochastically dominates a Uniform(0, 1) distribution for any N.

@ Under HY, the oracle p-value p% stochastically dominates a Uniform(0, 1) distribution for any N.

© If the test statistic Ty has a continuous limiting distribution, then p?v —d Uniform(0, 1) under Hg and
pY, —9 Uniform(0, 1) under HY' .
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Type | Error Control

o Proposition 2.3: Let g(a,z,0) = Pr{A(z) = a; 0} denote the PMF of the distribution of stochastic
potential networks A(z) at parameter value 6, let Oy denote the estimator of 6, and let Fu(-; ) denote the
CDF of the test statistic Ty at 8, with limiting CDF F(+;6). Let 6y denote the true value of 6. Assume the

following:
(A1) By —P 6y
(A2) F(t;6p) is continuous in t on R

(A3) there exists a o > 0 such that
sup sup |Fn(t;0) — F(t;0)] — 0

O€Bs, (60) tER

(A4) F(t;0) is continuous in 0 at 6y uniformly in t, i.e.,
lim sup|F(t;0) — F(t;60)] =0
0—60 tcR

Then the plug-in p-value 5y, converges in distribution to Uniform(0, 1).
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Type | Error Control

o Proposition 2.4: Let py = Fy(Ty) for test statistic Ty and CDF Fy (not necessarily the true CDF of Ty).
Let Ty = hn(Tw) for a sequence of deterministic, strictly increasing functions hy. Define
Fr(t) = Fn{hy'(t)}, the (not necessarily true) CDF of the transformed test statistic, and let py = F;(Tx).
Then py = pw.

o Corollary 2.5: Let hy be a sequence of deterministic, strictly increasing functions.

© If the hypotheses of Proposition 2.1 are met for a test statistic Ty, then the results also hold for Ty = hn(Tw).
@ |If the hypotheses of Proposition 2.3 are met for Ty, Fy(+; 0), then the results also hold for
Ty = hn(Tw), Fy(:0) = Fu{hy'(-): 6}
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Supplement to Project 3 : Causal Inference from Cluster Randomized
Trials with Differential Nonresponse

Brian Richardson, Bonnie Shook-Sa, Michael Hudgens
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Assumptions

o Design assumptions
> Cluster-randomization: A; 1L (Wj;,..., W, )|X;
> Independent random sampling of trial and auxiliary data: S; 1 (A;, X;, Wy, R;;, Cjj, Yj;)
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Assumptions

o Design assumptions
> Cluster-randomization: A; 1L (Wj;,..., W, )|X;
> Independent random sampling of trial and auxiliary data: S; 1 (A;, X;, Wy, R;;, Cjj, Yj;)

e “Standard” causal inference assumptions
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Assumptions

o Design assumptions
> Cluster-randomization: A; 1L (Wj;,..., W, )|X;
> Independent random sampling of trial and auxiliary data: S; 1 (A;, X;, Wy, R;;, Cjj, Yj;)

@ “Standard” causal inference assumptions
> Causal consistency: Yj = Yjj(a), Rj = Rjj(a), and Cj = Cj(a) when A; = a
> Conditional exchangeability: Yj;(a) 1L A;|X;, W;;
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Assumptions

o Design assumptions
> Cluster-randomization: A; 1L (Wj;,..., W, )|X;
> Independent random sampling of trial and auxiliary data: S; 1 (A;, X;, Wy, R;;, Cjj, Yj;)

e “Standard” causal inference assumptions
> Causal consistency: Yj = Yjj(a), Rj = Rjj(a), and Cj = Cj(a) when A; = a
> Conditional exchangeability: Yj;(a) 1L A;|X;, W;;
> Positivity of treatment assignment: Pr(A; = a|X; = x) > 0 V x with positive density fx(x) > 0.
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Assumptions

o Additional assumptions

Brian Richardson

Causal Inference for Infectious Diseases



Assumptions

o Additional assumptions

> Positivity of uncensored response:
Pr(Rj =1,C;j =0|X; =x,A; = a,W;; = w) > 0 Vx,w with fx w(x,w) >0
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Assumptions

o Additional assumptions
> Positivity of uncensored response:
Pr(Rj =1,C;j =0|X; =x,A; = a,W;; = w) > 0 Vx,w with fx w(x,w) >0
> Conditional independence of potential outcome and response: Yj;(a) 1L Rjj(a)|A;, X;, Wj;
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Assumptions

o Additional assumptions
> Positivity of uncensored response:
Pr(Rj =1,C;j =0|X; =x,A; = a,W;; = w) > 0 Vx,w with fx w(x,w) >0
> Conditional independence of potential outcome and response: Yji(a) Il Rj(a)|Ai, X;, W;
» Conditional independence of potential outcome and censoring among responders:
Y,-j(a) jin C,j(a)|A,-,X,-,W,-j, R,'j =1
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Simulation Details

@ m = 20 clusters

> cluster treatment Pr(A=1) =0.5
> cluster covariate X ~ N(0,1)

e invited trial sample of size n*™ € {500, 5000}
o individual covariates Wi ~ Bernoulli(0.5), W> ~ N(0, 1)

@ potential outcomes

Y (0) ~ Bernoulli{expit(—0.5 + 0.25X; + 0.5W1 + 0.5W»)},
Y (1) ~ Bernoulli{expit(0 — 1Ws — 0.5W5)}

— treatment is marginally protective, but harmful when W; =0

@ observed outcomes Y = (1 — A)Y(0) + AY(1)

@ response R ~ Bernoulli{expit(ao — 2AW4)}
= marginal Pr(R = 1) = 0.5, but higher response rate if Wy =0
@ auxiliary sample of size n* € {500, 5000}

> same covariates Wi, W,
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Simulation Details

naive and proposed versions of the g-formula, IPW, and AIPW estimators of 7(a)
> naive versions used trial data only, and ignored nonresponse
e Estimand: RD = n(1) — n(0)
o Estimator: RD = 7(1) — n(0)
> variance estimated using the delta method
@ Outcome model specification

> L, correctly modeled with logistic regression with covariates X, Wi, W5 and their interaction with treatment A
> L5 mis-specified by excluding the covariate Wi and its interaction with A

Joint propensity score model specification

> censoring mechanism 7raC always correctly specified as logistic regression with covariates X, W;, W5 and their
interaction with treatment A
> response mechanism 73R possibly mis-specified by incorrectly assuming R AL Aj|X;, Wj;
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Simulation: Variance Estimation

Naive Proposed
- Incorrect i, Correct 1,
= Incorrect i, Correct pg Incorrect p, Correct p,
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Empirical Variance

Parameter ® n(0) A n(1) ® RD + RR

Trial and Auxiliary Sample Size ® 500 @® 5000

Brian Richardson Causal Inference for Infectious Diseases March 25, 2026 25 /30



Supplemental Analysis: Arms A/B vs Standard of Care

Naive Proposed
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Supplemental Analysis: Arms A/B vs Standard of Care

Naive Proposed
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Supplement to Project 1 : Addressing Confounding and Continuous
Exposure Measurement Error Using Corrected Score Functions

Brian Richardson, Brian Blette, Peter Gilbert, Michael Hudgens
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Corrected Score Functions: What?

@ Suppose the oracle score function is conditionally unbiased, meaning
E{Wo(Y,L,A;0)|A} =0.
@ Define the corrected score function as
Wes (Y,LA0) =E [Re{wo(Y,L,Z\;e)} \Y,L,A*] ,
where A = A* +i¢, i = /—1, Re(-) denotes the real component of a complex number, and € ~ N(0, X ).
@ Then

E{“’CS(Y,L,A*;G) |Y7 LaA} = WQ(Y,L,A,Q)
— E[E{Wcs(Y,L,A%0)|Y,L A} = E{W,(Y,L A;0)}
- E{‘ch(Y, L,A*;G)} =0
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Corrected Score Functions: Why?

The key result (Novick and Stefanski, 2002) for corrected score functions is that, for a smooth enough function
f, the function f defined by

f(A*) = E[Re{f(A" + id)}|A,A"]
does not depend on A and satisfies
E{f(A")|A} = f(A).

The proof of this for the special case f(A) = exp(cA”) is illustrative.
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Corrected Score Functions: Why?

CLAIM: E{f(A*)|A} = f(A) for f(A) = exp(cAT).

=) = - = = Dace
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Corrected Score Functions: Why?

CLAIM: E{f(A*)|A} = f(A) for f(A) = exp(cAT).
F(A") = E(Re[exp{c(A" + &) "}]|A,A")

= exp (cA*T) Re[E{exp(icET) }H =exp (cA*T) exp (—%c}:mecT)
7

normal c.f.
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Corrected Score Functions: Why?
CLAIM: E{f(A")|A} = f(A) for f(A) = exp(cAT).

f(A*) = E(Re[exp{c(A* + i) }]|A, A”)

= exp (cA*T) Re[E{exp (ic€T> H=exp (cA*T) exp (— %c):mecT>
N S

normal c.f.

— E{f(A")|A} = E{exp(cA*T)|A}exp<—%czmecT>
= E{exp{c(AT +¢")}|A} exp(—%c):mecT>

= exp (cAT> E{exp (ceT) }exp (— %c}:mecT>
—_—

normal m.g.f.

= exp (cAT) exp (%czmecT) exp(—%cimecT)

- exp(cAT) — f(A)
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