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e HVTN 505 trial: trial of a preventive HIV vaccine
@ Stopped early after reaching predetermined cutoffs for efficacy futility [2]
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Motivation: HVTN 505 trial

The Journal of Infectious Diseases
MAJOR ARTICLE WIQ&AM.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
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@ Several biomarkers correlated with HIV among vaccine recipients [3, 1, 4]
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@ Several biomarkers correlated with HIV among vaccine recipients [3, 1, 4]

@ Is there a causal relationship between these biomarkers and HIV?
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@ Several biomarkers correlated with HIV among vaccine recipients [3, 1, 4]
@ Is there a causal relationship between these biomarkers and HIV?

@ Biomarker-HIV relationship is confounded
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A Koup?

@ Several biomarkers correlated with HIV among vaccine recipients [3, 1, 4]
@ Is there a causal relationship between these biomarkers and HIV?
@ Biomarker-HIV relationship is confounded

@ Biomarkers are measured with error
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Goal

To estimate the causal effect of a continuous exposure on an outcome when
(i) the exposure-outcome relationship is potentially confounded

(ii) the exposure is measured with error
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What Do We Mean by Causal Effect?

“What would be the risk of HIV if, possibly counter to fact, somebody were to have
biomarker level a?”
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What Do We Mean by Causal Effect?

“What would be the risk of HIV if, possibly counter to fact, somebody were to have
biomarker level a?”

a = Y(a) = E{Y(a)}
biomarker potential HIV status if a potential HIV risk if a

Estimand (dose-response surface): n(a) = E{Y(a)} forac A
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Measurement Error

confounder
€
measured exposure outcome
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Notation
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@ observed outcome: Y
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Notation

@ true exposure: A= (Ay,..., An)

measured exposure: A* = (A},... Al ) =A+¢

measurement error: €

potential outcome: Y'(a)

observed outcome: Y

e confounders: L = (Ly, Ly, ..., L,)
Observe: iid copies of (Y}, L;, A})
Estimand: dose-response surface n(a) = E{Y(a)} forac A

Brian Richardson Addressing Confounding and Measurement Error August 5, 2025 9/28
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(i) causal consistency: Y = Y(a) when A=a

=] F = = = DAl
Brian Richardson Addressing Confounding and Measurement Error



Assumptions

(i) causal consistency: Y = Y(a) when A=a

(i) conditional exchangeability: Y(a) 1L AL for all a € A

Brian Richardson Addressing Confounding and Measurement Error August 5, 2025 10/28



Assumptions

(i) causal consistency: Y = Y(a) when A=a
(i) conditional exchangeability: Y(a) 1L AL for all a € A
(iii) positivity: fa(a|l) > 0 for all I such that f,(/) > 0 and forallac A

Brian Richardson Addressing Confounding and Measurement Error August 5, 2025 10/28



Assumptions

(i) causal consistency: Y = Y(a) when A= a
(i) conditional exchangeability: Y(a) 1L AL for all a € A
(iii) positivity: fa(a|l) > 0 for all I such that f,(/) > 0 and forallac A
(iv) classical additive measurement error: € ~ N, (0,X,.) and e L (Y, L, A)

Brian Richardson Addressing Confounding and Measurement Error August 5, 2025 10/28



Assumptions

(i) causal consistency: Y = Y(a) when A= a

(i) conditional exchangeability: Y(a) 1L AL for all a € A

)

)
(iii) positivity: fa(a|l) > 0 for all I such that f,(/) > 0 and for all a € A
(iv) classical additive measurement error: € ~ N, (0,X,.) and e L (Y, L, A)
)

(v) known or estimable measurement error variance ¥ .
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Addressing Confounding Alone

How can we address confounding in the absence of measurement error?
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Addressing Confounding Alone

How can we address confounding in the absence of measurement error?

@ 3 classical methods:

© G-Formula
@ Inverse Probability Weighting (IPW)
© Doubly Robust Method (DR)

@ These can all be framed as M-estimators

Brian Richardson Addressing Confounding and Measurement Error August 5, 2025 11/28



Crash Course on M-Estimation

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

1’3/ ( : )

score fun.
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Crash Course on M-Estimation

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

Y, (Y,LA: 6 )
~— =

score fun. data param.

that is unbiased, meaning
E{W,(Y,L A 6, )} =0.
{ 0( t 0 )}
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Crash Course on M-Estimation (cont’d)

@ Given a score function Wy and observed data {(Y;,L;,A;):i=1,...,n}, we can

find an estimator @ as the solution to
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Crash Course on M-Estimation (cont’d)

@ Given a score function Wy and observed data {(Y;,L;,A;):i=1,...,n}, we can

find an estimator 5 as the solution to
n
Zi:l WO( )/l'a Li7 Ai; 0) = 0.
N—_——

observed
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Crash Course on M-Estimation (cont’d)

@ Given a score function Wy and observed data {(Y;,L;,A;):i=1,...,n}, we can

find an estimator 5 as the solution to
n
Zi:l WO( )/l'a Li7 Ai; 0) = 0.
N—_——

observed

@ 0 is consistent and asymptotically normal and has a simple variance estimator [6].
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G-Formula

Q fit the outcome model u(L, A; ) = E(Y|L, A)

SR = E = Dace

Brian Richardson Addressing Confounding and Measurement Error



G-Formula
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@ estimate the dose-response curve by marginalizing over the distribution of
confounders: 7j(a) = n~* Y7 u(L;, a; B)
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G-Formula

Q fit the outcome model u(L, A; ) = E(Y|L, A)

@ estimate the dose-response curve by marginalizing over the distribution of
confounders: 7j(a) = n~* Y7 u(L;, a; B)

This can be expressed as an M-estimator with score function

YoM EAG) = | ) it
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IPW

© obtain/estimate standardized propensity score weights

fa(A)

SWILA) = faiL(AIL)
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IPW

© obtain/estimate standardized propensity score weights

fa(A)

SW(L,A) = —fAu_(A|L)

@ use weighted observations to estimate the dose-response curve 7(a;7y)

This can be expressed as an M-estimator with score function

Wps(L, A)

Vo pw(Y,L A 0py) = SW(L,A){Y — n(A;7y)} 0yn(A;y)
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DR

© obtain/estimate standardized propensity score weights SW(L,A)
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DR

© obtain/estimate standardized propensity score weights SW(L,A)
@ use weighted observations to estimate the outcome model p(L, A; 8) = E(Y|L, A)
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© obtain/estimate standardized propensity score weights SW(L, A)
@ use weighted observations to estimate the outcome model (L, A; 8) = E(Y|L, A)

© estimate the dose-response curve by marginalizing over the distribution of

confounders
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© obtain/estimate standardized propensity score weights SW(L, A)
@ use weighted observations to estimate the outcome model (L, A; 8) = E(Y|L, A)

© estimate the dose-response curve by marginalizing over the distribution of

confounders

This can be expressed as an M-estimator with score function

Wps(L,A)
Vo pr(Y,L A 0pr) = | SW(LA{Y — u(L,A; B)}0su(L,A; B)
n(a) — (L, a; B)
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© obtain/estimate standardized propensity score weights SW(L, A)
@ use weighted observations to estimate the outcome model (L, A; 8) = E(Y|L, A)

© estimate the dose-response curve by marginalizing over the distribution of

confounders

This can be expressed as an M-estimator with score function
wPS(LJA)
WO—DR( Y7 L7 A; aDR) = SW(L7 A){ Y — M(Lv A; :B)}aﬁu(l-a A; IB)
77(3) - M(L’ a;ﬁ)
Doubly robust* to models for ;(L,A; B) and faL(A|L).
August 5, 2025 16 /28



Addressing Confounding and Measurement Error

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

1

ST W(Yi LAY 0) =07
—~—

mismeasured
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1

ST Wo(Yi L, AT 8) =07
[ d

No! This leads to bias in /0\ because
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Addressing Confounding and Measurement Error

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

1

ST Wo(Yi L, AT 8) =07
[ d

No! This leads to bias in /0\ because

E{Wo(Y,L,A%;6o)} #0.
We need a new score function Ws such that
new score fun. mismeasure
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Corrected Score Functions

Given the “oracle” score function W, the “corrected score” function W s can be
created following Novick and Stefanski (2002) [5]:
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Corrected Score Functions

Given the “oracle” score function Wy, the “corrected score” function Ws can be
created following Novick and Stefanski (2002) [5]:

Wes (Y, L,A%0) = E[Re {Wo(Y, L A"+ i€ 0)}|Y,L, A"

© Add additional imaginary measurement error i€ to the mismeasured exposure
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Given the “oracle” score function Wy, the “corrected score” function Ws can be
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© Keep only the real part of the resulting complex-valued function
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Corrected Score Functions

Given the “oracle” score function Wy, the “corrected score” function Ws can be
created following Novick and Stefanski (2002) [5]:

Wes (Y, L,A%0) = E[Re {Wo(Y, L A"+ i€ 0)}|Y, L, A

© Add additional imaginary measurement error i€ to the mismeasured exposure
© Keep only the real part of the resulting complex-valued function

© Take the expectation over the additional measurement error .
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Corrected Score Functions (contd)

Under certain conditions, the corrected score function W¢s is then unbiased, meaning

E{WCS(YaLa & 100)} =0.

mismeasured
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Corrected Score Functions (contd)

Under certain conditions, the corrected score function W¢s is then unbiased, meaning

E{WCS(YyLa & 100)} =0.

mismeasured

The G-Formula, IPW, and DR score functions all satisfy these conditions, and so can be

“corrected:”

Vo_or — Ves_cr
Vo_ipw — Ves_ipw

Vo _pr — Ves_pr
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Monte Carlo Corrected Score Functions

@ Sometimes we can find a closed-form algebraic expression for

Ves(Y,L A 0) =E[Re{Wo(Y,L,A" +ic;0)} |Y,L A"].

E{f(e)}
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Monte Carlo Corrected Score Functions

@ Sometimes we can find a closed-form algebraic expression for

Wes (Y.L, A%0) = E[Re {Wo(Y, L A"+ iE0)} |V, L AT

E{f(e)}

@ Alternatively, we can approximate this expectation with Monte Carlo replicates
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Monte Carlo Corrected Score Functions

@ Sometimes we can find a closed-form algebraic expression for

Wes (Y.L, A%0) = E[Re {Wo(Y, L A"+ iE0)} |V, L AT

E{f(e)}

@ Alternatively, we can approximate this expectation with Monte Carlo replicates

E{f(€)} ~ B 2251 f(b)
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Monte Carlo Corrected Score Functions

@ Sometimes we can find a closed-form algebraic expression for
Wes (Y, LA 0) = ERe {Wo(Y, L A"+ i&8)} | Y, L A].
E(1()
@ Alternatively, we can approximate this expectation with Monte Carlo replicates

E{f(€)} = B Y 5, f(é)
— WE_(Y,L,A0) = B 158 Re{Wy(Y,L A"+ icy;0)}
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Simulation Setting
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Simulation Setting

L ~ N(0,0.36)

A

A|L ~ N5(0,1)
Y|LA~N(A + Ay + L, 1)
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Simulation Setting

€ ~ N3(0,02.1) L ~ N(0,0.36)

A

AlL ~ N5(0,1)
YILLA~N(AL+ A+ L 1)

Addressing Confounding and Measurement Error August 5, 2025 21/28



Simulation Setting

€ ~ N3(0,02.1) L ~ N(0,0.36)

O,

A =A+e AL ~ N>(0,1)
YILLA~N(AL+ A+ L 1)

Addressing Confounding and Measurement Error August 5, 2025 21/28



Simulation Setting

€ ~ N5(0,02,1) L ~ N(0,0.36)

®

A =A+e A|L ~ N0, 1)
YILLA~N(AL+ A+ L 1)
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Simulation Setting

@ implies a dose-response surface of n(a;y) =%+ m

ar + Y2a
estimand

=] F = = = DAl
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@ implies a dose-response surface of (a;7) =%+ 71 a1+ Nea
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estimand

@ sample size n = 800
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@ 2 estimators compared:

© Naive IPW (ignores measurement error)
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Simulation Setting

@ implies a dose-response surface of (a;7) =%+ 71 a1+ Nea
—~—

estimand

@ sample size n = 800
@ 2 estimators compared:

© Naive IPW (ignores measurement error)
© Corrected Score IPW
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Simulation Results: Estimator

Naive IPW

2.04

Parameter Estimate
5
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

m 1
1

II

1

0.04

05 0.56 0.61 0.67 0.72 0.78 0.83 0.89 0.94 1
Exposure Reliability

SR = E = Dace
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Simulation

Parameter Estimate

Brian Richardson Addressing Confounding and Measurement Error

Results: Estimator
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Simulation Results: Confidence Interval
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Simulation Results: Confidence Interval
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Application: HVTN 505 Trial

@ two exposures (both log-transformed):

(i) antibody-dependent cellular phagocytosis (ADCP)
(ii) recruitment of FcyRlla of the H131-Con S gp140 protein (RII)

@ case-cohort sampling: biomarkers only measured in stratified random sample of
controls

@ covariates: age, race, BMI, behavior risk, CD4-P, and CD8-P

e analysis: DR estimator with a log-linear outcome model
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Application: HVTN 505 Trial
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Appendix: Corrected Score Functions

@ 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,L,A0) =E [Re {wo(y, L,,’i;a)} |Y,L,A*} ,

where A = A* + i€, i = v/—1, Re(-) denotes the real component of a complex
number, and € ~ N(0,X,,.).
@ Then
E{Vcs(Y,LA%0)|Y,LLA} =V, (Y,L A;6)
=— E[E{Wcs(Y,L,A%0)|Y, LA} =E{W,(Y,L A0)}

*,
— E{Ws(Y,L,A0)) =0
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