Physical Distancing to Prevent Influenza-Like-lliness on College
Campuses: the eX-FLU Trial

Brian Richardson

o”s

August 06, 2026
. “‘M .? g
@ E‘M..s.

Scan for slides

::.. e o3 f Department of Statistical Sciences, Wake Forest University

Brian Richardson eX-FLU August 06, 2026 1/19



Coauthors

Michael Hudgens, PhD Allison Aiello, PhD
UNC Biostatistics Columbia Epidemiology

Brian Richardson eX-FLU August 06, 2026 2/19



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)
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o eX-FLU: trial to evaluate a physical distancing intervention on a college campus during flu season (Aiello
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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 prevent ILI infection?
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Example I: Intervention Affects Network and Infections
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Example Il: Intervention Affects Network, Not Infections
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Example IlI: Intervention Affects Infections, Not Network
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Example IlI: Intervention Affects Infections, Not Network
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Central Question: Does the Intervention Prevent ILI Infection?

Example I: Example II: Example IlI:

eeeeee

August 06, 2026 8/19



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
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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:
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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) 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

o Network history: A = {A¥}7_; ﬂ
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eX-FLU Observed Data

@ Baseline randomization assignments
Z=(%4,...,2Z,) € Z, for
Z; = 1(student i gets intervention) ﬂ ﬂ

> randomization distribution r(z) °

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

> networks Ak = [Af-j-], for
Az. = 1(students i,/ in contact at week k) %o

®
> infections YK = (Y[, ..., YK), for ﬁ o * ﬁ e
Y} = 1(student i infected at week k) ® ﬁ °% ﬂ
o Network history: A = {A*}}_, ﬂ ﬂ

o Infection history: Y = {Y*}7_, Week 1 Week 1
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eX-FLU Observed Data
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eX-FLU Observed Data

xeeex Nodes

x

uninfected student

XX 0 XX

> infected student

(93 out of 579 students with at least one infection)
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eX-FLU Observed Data
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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

J control group
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eX-FLU Observed Data

Nodes Edges

uninfected student between uninfected

> infected student ___ including infected

control
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eX-FLU Potential Outcomes
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eX-FLU Potential Outcomes
Potential outcomes are defined for the networks and ILI infections:

A(2),

Y(z) forzeZ
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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 a Null Hypothesis Hy

“How unlikely are the observed data under Hp?"
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Testing a Null Hypothesis Hy

“How unlikely are the observed data under Hy?" 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 a Null Hypothesis Hy

“How unlikely are the observed data under Hy?" 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 a Null Hypothesis Hy

“How unlikely are the observed data under Hy?" 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 Hp
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Testing a Null Hypothesis Hy
“How unlikely are the observed data under Hy?" 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)

@ Find the distribution of T under Hp

Randomization Networks Infections Test Statistic

Z;

Z3

Z|z|
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Testing a Null Hypothesis Hj
“How unlikely are the observed data under Hy?" 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)

@ Find the distribution of T under Hp

Randomization Networks Infections  Test Statistic
Z; K(Zl) =7 7(21) =7 T(Zl, ?, 7)
z; A(z2) =7 Y(z1) =7 T(z1,7,7)
z)z| A(ziz) =7 Y(zz)=? T(zz,%7)
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Testing a Null Hypothesis Hj
“How unlikely are the observed data under Hy?" 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)

@ Find the distribution of T under Hp
> This is relatively easy for a sharp null like Hg
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Testing a Null Hypothesis Hj
“How unlikely are the observed data under Hy?" 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 Hp
> This is relatively easy for a sharp null like Hg
> This is harder to do for a nonsharp null like Hg’

Randomization Networks Infections  Test Statistic
Z; K(Zl) =7 7(21) =7 T(Zl, ?, ?)
z; A(z2) =7 Y(z1) =7 T(z1,7,7)
z)z| A(ziz) =7 Y(zz)=? T(zz,%7)
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Testing a Null Hypothesis Hj
“How unlikely are the observed data under Hy?" 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)

@ Find the distribution of T under Hp
> This is relatively easy for a sharp null like Hg
> This is harder to do for a nonsharp null like H(}/

o Compute a p-value: p = Fr(T|Ho), where
FT(t|Ho) = PI’(T < tlHo)

is the cumulative distribution function (CDF) of T

e IIIIII-

'
Observed T
Brian Richardson eX-FLU August 06, 2026 14/19




Testing a Null Hypothesis Hj
“How unlikely are the observed data under Hy?" 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)

@ Find the distribution of T under Hp
> This is relatively easy for a sharp null like Hg
> This is harder to do for a nonsharp null like H(}/

o Compute a p-value: p = Fr(T|Ho), where
FT(t|Ho) = PI’(T < tlHo)

is the cumulative distribution function (CDF) of T

o Reject Hp if p < 0.05
IIIII'-

'
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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

uninfected student

> infected student

intervention group

.) 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—
__ number of yellow edges Dk i jAi ZiY; lAij ! — 0.359
total number of edges AP Dy it YI.“71A5f1 '
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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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.
ph = 0.046

Density

0.2
Test Statistic

Brian Richardson eX-FLU

August 06, 2026 16/19



eX-FLU: Hypothesis Test Results

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

T =0.350.
B = 0.080 P = 0.046

Density

08 02
Test Statistic
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Discussion

Summary:

@ Novel testing procedure for testing Hy

o Moderate evidence against Hy in the eX-FLU trial
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Discussion

Summary:

@ Novel testing procedure for testing Hy

o Moderate evidence against Hy in the eX-FLU trial
Not included in this talk:

o What is the procedure for testing Hy ?

@ Theoretical results for type | error control

o Empirical results from simulation study
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Discussion

Summary:
@ Novel testing procedure for testing Hy
o Moderate evidence against Hy in the eX-FLU trial
Not included in this talk:
o What is the procedure for testing Hy ?
@ Theoretical results for type | error control
o Empirical results from simulation study
Future directions:
@ Account for measurement error in self-reported networks

o Estimate causal parameter(s)
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Discussion

Summary:
@ Novel testing procedure for testing Hy
o Moderate evidence against Hy in the eX-FLU trial
Not included in this talk:
o What is the procedure for testing Hy ?
@ Theoretical results for type | error control
o Empirical results from simulation study
Future directions:
@ Account for measurement error in self-reported networks
o Estimate causal parameter(s)
Project status:

@ Under revision with PNAS
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Questions?

contact: richabr@wfu.edu
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Testing H§

“How unlikely are the observed data under HZ?"
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Testing H§

“How unlikely are the observed data under HZ?" Randomization test
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Testing H§

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

“How unlikely are the observed data under Hg?” Randomization test
e Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under Hi : Y(z) = Y(2) and A(z) = A(Z) for all z,Z € Z
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; f
Testing H,
“How unlikely are the observed data under H:?" Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under Hf : Y(z) = Y(2) and A(z) = A(Z) for all z,Z € Z

Randomization Networks Infections Test Statistic

Z;

Z3

Z|z|
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; f
Testing H,
“How unlikely are the observed data under H:?" Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under Hf : Y(z) = Y(2) and A(z) = A(Z) for all z,Z € Z

Randomization Networks Infections  Test Statistic
Z; K(Zl) =7 7(21) =7 T(Zl, ?, 7)
z; A(z2) =7 Y(z1) =7 T(z1,7,7)
z)z| A(ziz) =7 Y(zz)=? T(zz,%7)
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Testing H,
“How unlikely are the observed data under H:?" Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under H} : ¥(z) = Y(Z) and A(z) = A(Z) for all z,Z € Z

Randomization Networks Infections Test Statistic
Z] K(Zl) = K 7(21) = 7 T(Zl,K, 7)
Y4 K(Z2) = K V(Zz) = 7 T(Z2,K, V)
zz| Aziz)=A Y(zz)=Y T(zz,AY)
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Testing H,
“How unlikely are the observed data under H:?" Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under H} : ¥(z) = Y(Z) and A(z) = A(Z) for all z,Z € Z
> This is possible since A(z),Y(z) are imputable under Hg

Randomization Networks Infections Test Statistic
Z] K(Zl) = K 7(21) = 7 T(Zl,K, 7)
Y4 K(Z2) = K V(Zz) = 7 T(ZQ,K, 7)
zz| Aziz)=A Y(zz)=Y T(zz,AY)
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Testing H,
“How unlikely are the observed data under H:?" Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under H} : ¥(z) = Y(Z) and A(z) = A(Z) for all z,Z € Z
> This is possible since A(z),Y(z) are imputable under Hg = Hg is sharp

Randomization Networks Infections Test Statistic
Z] K(Zl) = K 7(21) = 7 T(Zl,K, 7)
Y4 K(Z2) = K V(Zz) = 7 T(ZQ,K, 7)
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; f
Testing H,
“How unlikely are the observed data under Hg?” Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under H{ : Y(z) = Y(2) and A(z) = A(Z) for all z,Z € Z
> 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
Fr(t|HE) = Pr(T < t|H§) =3 (@UTAY) < t}
zeZ

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?” Randomization test
o Choose a test statistic T = T(Z,A,Y)
o Find the distribution of T under H{ : Y(z) = Y(2) and A(z) = A(Z) for all z,Z € Z
> 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
Fr(t|HE) = Pr(T < t|H§) =3 (@UTAY) < t}
zeZ

is the cumulative distribution function (CDF) of T

o Reject H if p* < 0.05
IIIIII.

1
Observed T
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Testing H§

@ This test of Hg controls the type | error rate exactly:
Pr( f < Hu) <
pF<alHy) <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

Brian Richardson eX-FLU August 06, 2026 3/20



Testing Hy

“How unlikely are the observed data under Hy ?”

o F = = = Dar
Brian Richardson eX-FLU



Testing Hy

“How unlikely are the observed data under Hy ?”

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

=) = - = = Dace
Brian Richardson eX-FLU



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 : Y(z) = Y(2) for all z,Z € Z
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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 : Y(z) = Y(z) for all z,z € Z

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 : Y(z) = Y(z) for all z,z € Z

Randomization = Networks Infections  Test Statistic
z: A(z1) =7 Y(z1) =? T(z1,7,7)
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 : Y(z) = Y(z) for all z,z € Z

Randomization = Networks Infections Test Statistic
Z K(Zl) =7 7(21) = V T(Zl7 ?,V)
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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 : Y(z) = Y(z) for all z,z € Z

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

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 : Y(z) = Y(z) for all z,z € Z
> 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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—> we don't know Fr(t|Hy) and thus cannot compute a p-value testing Hy

@ Solution: model the distribution of potential network histories
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@ Problem: H{ is nonsharp
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@ Solution: model the distribution of potential network histories
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
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Testing H,

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

Friey) =Pr(T <tH)) =3 3" r(2)a(@2)1{T(z.a.Y) < t}

zeZacA
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@ Problem: H{ is nonsharp
—> we don't know Fr(t|Hy) and thus cannot compute a p-value testing Hy
@ Solution: model the distribution of potential network histories
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Friey) =Pr(T <tH)) =3 3" r(2)a(@2)1{T(z.a.Y) < t}
zeZac A

> p-value: p¥ = Fr(TIHY)
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Testing H,

@ Problem: H{ is nonsharp
—> we don't know Fr(t|Hy) and thus cannot compute a p-value testing Hy
@ Solution: model the distribution of potential network histories
> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Fr(elHy) =Pr(T < tlH)) = >0 > r(2)a(@2)1{T(z,3,Y) < t}
zeZac A

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

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

@ Solution: model the distribution of potential network histories

> Define g(a,z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)

» Then

Fr(tlHY) = Pr(T < t|HOY) =33 r2)q(a,2)1{T(zaY) < t}
zeZac A
> p-value: p¥ = Fr(TIHY)
> If/when g is unknown, estimate it
* E.g., using a Separable Temporal Exponential Random Graph Model
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Testing H,

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

» Then
Fr(tlHY) = Pr(T < t|HOY) =33 r2)q(a,2)1{T(zaY) < t}
z€ZacA
> p-value: p¥ = Fr(TIHY)
> If/when g is unknown, estimate it
* E.g., using a Separable Temporal Exponential Random Graph Model
>

If/when the double sum Zzez 2564 cannot be computed exactly, approximate it using a Monte-Carlo method

Brian Richardson eX-FLU August 06, 2026 5/20



Testing H,

o Problem: H{ is nonsharp
—> we don't know Fr(t|Hy) and thus cannot compute a p-value testing Hy
@ Solution: model the distribution of potential network histories
> Define g(a, z) = Pr{A(z) = a}, the probability mass function (PMF) of A(z)
> Then
Fr(elHy) =Pr(T < tlH)) = >0 > r(2)a(@2)1{T(z,3,Y) < t}
z€ZacA

> p-value: p¥ = Fr(TIHY)
> If/when g is unknown, estimate it
* E.g., using a Separable Temporal Exponential Random Graph Model

> If/when the double sum > - > . 4 cannot be computed exactly, approximate it using a Monte-Carlo method

@ Proposition: This procedure will asymptotically control the type | error rate
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Exponential Family Random Graph Models (ERGMs)

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

Goal: model a network (A) given covariates (X)
An ERGM assumes:
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exp{fg(a,x)} ﬁ
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exp{fg(a,x)} ﬁ

Prg(A=a|lX=x) = a0, A %)
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Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X) )
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@ normalizing constant:
K’g(07 A: X) = ZaeA exp{@g(a, X)}

@ A: space of possible networks
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Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X) )
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@ normalizing constant:
K’g(07 A: X) = ZaeA exp{@g(a, X)}

@ A: space of possible networks

[«

@ 0: model coefficients

c-~o~-c-H
D»—‘CDC)C)»—‘H

1 0
1 0
1 0
1 0
0 0
0 0

Brian Richardson eX-FLU August 06, 2026

6/20



Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X) )
An ERGM assumes:
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@ normalizing constant:
K’g(07 A: X) = ZaeA exp{@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 (ERGMs)

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

- °
exp{fg(a,x)} ﬁ

Prg(A=a|lX=x) = a0, A %)
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@ normalizing constant:
K’g(07 A: X) = ZaeA exp{@g(a, X)}

@ A: space of possible networks

[«

0: model coefficients

g(a, x): sufficient statistics, for example:
> Gedges(a; X) = Ei,j ajj
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Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X) )
An ERGM assumes: ﬁ ﬂ\’ﬁ:
Pro(A=a|lX =x) = exp{0g(a, x)} /
/{g(a, A, X) #0 o

@ normalizing constant: ﬂ
/’Cg(ev A, X) = ZaeA exp{&g(a, X)} 1

@ A: space of possible networks
0

0

0

0

1

0

0: model coefficients

g(a, x): sufficient statistics, for example:

> gedges(aax) = Zi,j ajj
> gz(a,x) =3 ; aj(z + z)
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Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X)
An ERGM assumes:
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@ normalizing constant:
K’g(07 A: X) = ZaeA exp{@g(a, X)}

@ A: space of possible networks

0: model coefficients

g(a, x): sufficient statistics, for example:
> Gedges(a; X) = Ei,j ajj
> gz(a,x) =3 aj(zi + z)
> gy(a,x) =32, ;a;(vi +y))
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Exponential Family Random Graph Models (ERGMs)

Goal: model a network (A) given covariates (X) s
An ERGM assumes: ﬁ ﬂ\'ﬁ:
exp{tg(a, )} /
Prg(A=alX=x) = ———"—==
(A =alX =x) == 0.4 .

@ normalizing constant: ﬂ
/’Cg(ev A, X) = ZaeA exp{&g(a, X)} 1

@ A: space of possible networks
0

0

0

0

1

0

0: model coefficients

g(a, x): sufficient statistics, for example:
> gedges(aax) = Zi,j ajj
> gz(a,x) =3 aj(zi + z)
> gv(a,x) =2, a;(yi + ¥)
> gzv(a,x) =3, aj(ziyvi + Zy;)
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Separable Temporal Exponential Family Random Graph Models

A STERGM assumes that, at each timestep k=1,...,7 — 1:
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Separable Temporal Exponential Family Random Graph Models

A STERGM assumes that, at each time step k=1,...,7 —1L:

@ New edges form according to a formation ERGM
Pry (A — 2 [A — 2, XKH! — xE41) — exp (0t gt (akt, a*, x*1))
4 ’ reg (07, AT (ak), ak, xk+1)
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Separable Temporal Exponential Family Random Graph Models
A STERGM assumes that, at each timestep k=1,...,7 — 1:

@ New edges form according to a formation ERGM

o Old edges persist according to a persistence ERGM

0~ g (a",a" x")
Pro_ (A — ak | AF — ak XK — ykt1y — exp( ,as,
1o ( a| a, x) Fg— (60—, A—(ak),ak, xk+1)’
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Separable Temporal Exponential Family Random Graph Models
A STERGM assumes that, at each timestep k=1,...,7 — 1:
@ New edges form according to a formation ERGM
o Old edges persist according to a persistence ERGM
AR — A U (A AR (AK — A*7)
~ N ~

previous network oy edges formed  old edges not persisting

k+ @
AA“«.

Iy
“h o ey
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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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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 Procedure:
@ Estimate the unknown parameter 0 in the PMF q(a, z; §) of A(z2)
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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 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)
© 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
pr=B1'Y LT, <T)
b=1
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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' .

Brian Richardson eX-FLU August 06, 2026 10/20



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

0€Bsy(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}

Brian Richardson eX-FLU August 06, 2026 12/20



Simulation Study

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

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

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

Goal: use simulated data to investigate the performance of the 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

A . . . .
@ Hy N HY: no effect of intervention on infection

A Y . . : .
© Hy N Hy: effect of intervention on both networks and infection
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Simulation Study

Goal: use simulated data to investigate the performance of the 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 ﬁé ﬂﬁg: effect of intervention on both networks and infection
@ Three testing procedures:

(1) ptfg: testing Hg

Q pE: testing H(}/ using known g

Q ﬁg: testing Hg’ using estimated g
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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Simulation Results: Empirical CDF of P-Values
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eX-FLU: STERGM Specification
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eX-FLU: STERGM Results

Model Parameter  Estimate (95% Confidence Interval)
0 iges -7.85 (-8.00, -7.71)
65 0.09 (0.02, 0.15)
07 0.71 (0.50, 0.93)
0%y -0.42 (-0.79, -0.05)
i Br50m oo (offset)
Formation 07 ier 2.02 (1.90, 2.14)
O 1.71 (1.57, 1.84)
67 e -0.09 (-0.11, -0.07)
Ortans 2.88 (2.82, 2.94)
Ocdges 0.16 (-0.02, 0.33)
07 0.03 (-0.03, 0.10)
0y -0.06 (-0.32, 0.21)
07y -0.11 (-0.55, 0.33)
; bro oo (offset)
P room
ersistence - uster 0.26 (0.13, 0.39)
Ohal 0.15 (0.00, 0.31)
O ime 0.04 (0.02, 0.06)
Otrans 0.42 (0.35, 0.48)
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eX-FLU Diagnostics: STERGM

Model Term: edges
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eX-FLU Diagnostics: Alternate STERGM 1
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eX-FLU Diagnostics: Alternate STERGM 2

Model Term: edges Model Term: Z Model Term: Y
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eX-FLU Sensitivity Analysis

Alternate STERGM 2 (By = 0.077)

Primary STERGM (g = 0.08)

Alternate STERGM 1 (B = 0.038)

Density
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