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Abstract

Knowledge of causal processes through mediation analysis can help improve the effectiveness and reduce costs of public health
programs, like HIV prevention and treatment interventions. Advancements in mediation using the potential outcomes frame-
work provide a method for estimating the causal effect of interventions on outcomes via a mediating variable. The purpose
of this paper is to provide practical information about mediation and the potential outcomes framework that can enhance data
analysis and causal inference for intervention studies. Causal mediation effects are defined and then estimated using data from
an HIV intervention randomized trial among people who inject drugs (PWID) in Ukraine. Results from a potential outcomes
mediation analysis show that the intervention had a total causal effect on incident HIV infection such that participants in the
experimental group were 36% less likely to become infected during the 12-month study than those in the control arm, but
that neither self-efficacy nor network communication mediated this effect. Because neither putative mediator was significant,
measurement and confounding issues should be investigated to rule out these mediators. Other putative mediators, such as
injection frequency, route of administration, or HIV knowledge can be considered. Future research is underway to examine
additional, multiple mediators explaining efficacy of the current intervention and sensitivity to confounding effects.

Resumen

El conocimiento de procesos causales a través del andlisis de mediacioén puede ayudar a mejorar la eficiencia y reducir los
costos de programas de salud publica, incluyendo la prevencion y el tratamiento del VIH. Avances en mediacion, utilizando
el enfoque de resultados potenciales ofrece un método para estimar los efectos causales de las intervenciones en variables
dependientes a través de variables mediadoras. El objetivo de este articulo es ofrecer informacién acerca del anélisis de
mediacién y del enfoque de resultados potenciales, el cual permite el anélisis y la inferencia causal de las intervenciones. Los
efectos causales de mediacién son definidos y estimados utilizando los datos de un ensayo clinico con asignacion aleatoria
para disminuir riego del VIH entre usuarios de drogas inyectables (UDI) en Ucrania. Los resultados del analisis de mediacién
desde el enfoque de resultados potenciales muestran que la intervencion tuvo un efecto causal total en la incidencia de infeccién
del VIH, tal que, durante los 12 meses de estudio, fue 36% menos probable que los participantes del grupo experimental se
infectaran en comparacién con aquellos en el grupo control. Sin embargo, ni la autoeficacia ni la red comunicacién mediaron
el efecto. Dado que ninguno de los mediadores resulté ser significativo, seria necesario investigar problemas con la medicién
y efectos de confusion para poder descartarlos. Otros mediadores podrian ser considerados, tales como frecuencia de la inyec-
cion, ruta de administracion, o el conocimiento acerca del VIH. Futuras investigaciones podrian estudiar diferentes y multiples
mediadores para explicar la eficacia de esta intervencidn y realizar un andlisis de sensibilidad de efectos de confusion.

Keywords Mediation - Causal mediation - Potential outcomes - HIV intervention - HIV prevention

P< Heather L. Smyth
Heather.Smyth@asu.edu

Department of Psychology, Arizona State University, PO
Box 871104, Tempe, AZ 85287-1104, USA

School of Social Work, San Diego State University,
San Diego, CA, USA

Department of Psychiatry, University of Colorado, Denver,
CO, USA

@ Springer


http://orcid.org/0000-0001-7865-4096
http://crossmark.crossref.org/dialog/?doi=10.1007/s10461-021-03207-x&domain=pdf

2442

AIDS and Behavior (2021) 25:2441-2454

Introduction

The field of HIV prevention has undergone significant
advances in treatment and intervention approaches. For
example, scientists have made great strides in developing
and evaluating biomedical primary and secondary preven-
tion strategies (e.g., pre-exposure prophylaxis, or PrEP,
antiretroviral treatment). However, health disparities in
HIV continue to exist, as key populations and marginalized
communities around the world still face significant barri-
ers to accessing (let alone adhering to) such HIV preven-
tion tools [1-3]. Behavioral interventions to prevent HIV
remain critical in curbing the epidemic, especially among
key populations at higher risk, such as people who inject
drugs (PWID) [4, 5].

The purpose of this paper is to provide practical informa-
tion about data analysis and causal interpretation of media-
tion effects using a modern mediation analysis approach—
the potential outcomes framework [6-8]. As a relatively new
analytical tool, our goal is to make this causal mediation
analysis accessible to researchers investigating processes
involved with HIV prevention. Understanding causal pro-
cesses related to reducing HIV risk behaviors and disease
incidence is important for informing policy decisions and
future research. The potential outcomes framework repre-
sents a new and more comprehensive approach to estimating
the effects of interventions [9] compared to other widely
used approaches [10, 11]. Although the potential outcomes
framework for causal mediation is widely accepted in epi-
demiology and biostatistics, it has rarely been applied in
intervention analysis [6, 12—-16].

Overview of Mediation Analysis

Mediation analysis is used to examine the effects of interven-
tions on behavioral outcomes, specifically, how an interven-
tion influences outcomes through an intermediary variable.
Investigating causes and mechanisms is important in HIV
intervention research because it can be used to test both the-
oretical models of behavior [e.g., Theory of Planned Behav-
ior [17, 18], the Information, Motivation, and Behavioral
Skills Model [19, 20]] as well as individual components of
intervention programs, informing public health programs
that are more efficient and effective [21-27]. Behavioral HIV
prevention interventions are inherently mediation models
designed to reduce HIV by first changing intermediate mech-
anisms of theory-based psychological or social determinants
[e.g. self-efficacy [28]], and subsequently changing behavior
or impacting STI/HIV biological outcomes. Consequently,
mediated effects would be expected in theory-based behavio-
ral HIV prevention interventions, making mediation analysis
a necessary step in their evaluation.
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Traditional mediation analysis using the product of path
coefficients is conducted by estimating two regression equa-
tions, shown below [11]. Equation 1 estimates the X-M asso-
ciation, where the a coefficient is the effect of X on M. In
Eq. 2, the ¢’ coefficient is the effect of X on Y adjusted for
M, the b coefficient is the effect of M on Y adjusted for X,
and the & coefficient is the effect of the interaction between
X and M. This interaction may be included if there are sub-
stantive hypotheses to be tested, but it is often ignored in
psychology and other social sciences as treatment effects
are assumed to be consistent across control and treatment
conditions [29]. However, the XM interaction plays an
important role in decomposing effects in the potential out-
comes framework [29, 30]. In addition, the XM interaction
is important in linking traditional mediation to the potential
outcomes framework, and highlighting differences between
the two frameworks when mediators and outcomes are not
continuous [29, 31]. In Egs. 1 and 2, i; and i, represent inter-
cepts and e; and e, are residuals. The mediated effect is
the product of the a and b coefficients. Standard errors and
confidence intervals for the distribution of the product of
coefficients can be obtained using the RMediation shiny app
allowing for a statistical test for mediation [32].

M=i+aX +e (1)

Y =i+ X+bM+hXM +e, )

Causal Inference

An important development in mediation analysis is the
application of the potential outcomes framework, which con-
siders actual and counterfactual conditions [12, 16], which
are defined as combinations of treatment and mediator val-
ues that could have been observed even though only some
of the potential outcomes are actually observed. Counter-
factual conditions are not simply an extension of a repeated
measures design where a participant receives different treat-
ments at different times, but rather a case where the same
individual simultaneously serves in both the treatment and
control condition. Creating an exact duplicate of an individ-
ual to serve in both conditions is not possible and therefore
we cannot collect data on both observed and counterfactual
outcomes at the same time for an individual participant. This
is known as “the fundamental problem of causal inference”
[33].

However, given a set of identifying assumptions, we can
estimate counterfactual mediation conditions using expected
values. In order to infer causality using expected values, it
is necessary to consider three specific criteria: consistency,
positivity, and exchangeability [34]. Consistency requires
a well specified intervention in which the treatment is



AIDS and Behavior (2021) 25:2441-2454

2443

unambiguously defined [35, 36]. When the treatment is
well defined, then it becomes clear when differing levels of
the treatment are assigned to different potential outcomes.
Essentially, the consistency criteria states that the potential
outcome at a given level of treatment is equal to the observed
outcome of the individual at that given level of treatment.
Positivity states that in order to compare two potential out-
comes, an individual must have a non-zero probability of
assignment to the treatment condition in each of the poten-
tial outcomes [37, 38]. Finally, exchangeability states that
the potential outcomes among treatment groups are com-
parable. The exchangeability criteria can be described with
four “no unmeasured confounder” assumptions [39]. In all
four assumptions, the relations among X, M, and Y may
be conditional on confounders such as pretreatment covari-
ates. Two of the confounder assumptions can be satisfied
by randomizing the intervention variable, namely that there
are no unmeasured confounders of the X-Y relation or the
X-M relation. The remaining confounder assumptions, that
there are no unmeasured confounders of the M-Y relation,
either conditional on treatment, or that are affected by X
(called post-treatment confounders), are more difficult to sat-
isfy because although X is randomized it cannot be assumed
that M is also randomized. Measures of possible confound-
ers of M to Y are often included in statistical analyses to
address these confounding assumptions. Advanced design
and statistical approaches are also available to address the
non-randomization of M, such as double-randomization
designs, inverse probability weighting, G-estimation, and
sensitivity analysis [40, 41].

The potential outcomes framework redefines the causal
effects of a mediation analysis as the difference between
these two potential outcomes. Although there are situa-
tions in which traditional and causal estimated effects are
the same [29, 31], the differences between traditional and
potential outcomes mediation is reflected in the associational
versus causal interpretations of the results. One benefit of
the potential outcomes framework is the explicit focus on
identifying assumptions, which when met, allow for causal
interpretations of mediation effects [12, 16, 39]. In addition,
this framework is generalizable and easily accommodates
non-linear models and outcomes of many data types.

Mediation analysis in the potential outcomes framework
results in six causal effects of interest [16]. The formulas for
the following causal effects include the nesting of the effect
of X on M within the effect of X on Y. Each term represents
the outcome, Y, given a certain value of X as well as the
mediator, M, given a certain value of X. As can be seen
from the formula, the values of X that are associated with
Y and M are not always the same. Each term in the formula
has the following structure Y(x, M(x)), where capital letters
represent a variable, and lower case letters represent specific
values of the variable.

The causal indirect effects are the Total Natural Indirect
Effect (TNIE) and the Pure Natural Indirect Effect (PNIE).
The TNIE is the effect of the intervention on the outcome,
conditional on all individuals being in the treatment group,
and is computed as the difference between being in the treat-
ment group with a mediator value estimated as the mean
for the treatment group versus being in the treatment group
with a mediator value estimated as the mean for the control
group, as in Eq. 3. The PNIE is the effect of the intervention
on the outcome, conditional on all individuals being in the
control group, and is computed as the difference between
being in the control group with a mediator value estimated
as the mean for the treatment group versus being in the con-
trol group with a mediator value estimated as the mean for
the control group, as in Eq. 4. In both effects, it is the value
of the mediator that is manipulated in the formulas, corre-
sponding to the effect that the mediator has on the outcome
for the treatment and control groups, respectively. When
both the mediator and the outcome are continuous and there
is no interaction between X and M, then the TNIE and PNIE
are equivalent. If there is an interaction, then the TNIE is
equivalent to the simple mediated effect of X on Y through
M when X is fixed to the treatment group and the PNIE is
equivalent to the simple mediated effect of X on Y through
M when X is fixed to the control group [29].

TNIE = E[Y(1, M(1)) = Y(1, M(0))] 3

PNIE = E[Y(0, M(1)) — Y(0, M(0))] &)

Two causal effects that represent the direct effect of an
independent variable on an outcome are the Total Natural
Direct Effect (TNDE) and the Pure Natural Direct Effect
(PNDE). The TNDE is the effect of the intervention on the
outcome, conditional on the mediator being fixed to the
value that would have been observed had the individual been
in the treatment group, which is estimated as the mean value
of the mediator for the observations that were actually in the
treatment group, as in Eq. 5. The PNDE is the effect of the
intervention on the outcome, conditional on the mediator
being fixed to the value that would have been observed had
the individual been in the control group, which is estimated
as the mean value of the mediator for the observations that
were actually in the control group, as in Eq. 6. In both the
TNDE and PNDE, it is the value of the intervention vari-
able that is manipulated in the formulas, corresponding to
the effect an intervention has on an outcome at two differ-
ent levels of the mediator (i.e., the average mediator value
in the treatment group and the control group, respectively.)
When both the mediator and the outcome are continuous and
there is no interaction between X and M, then the TNDE and
PNDE are equivalent. If there is an interaction, the TNDE is
equivalent to the simple direct effect of X on Y when M is
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at the mean value from the treatment group and the PNDE
is equivalent to the simple direct effect of X on Y when M
is at the mean value from the control group [29].

TNDE = E[Y(1, M(1)) — Y(0, M(1))] ®)

PNDE = E[Y(1, M(0)) — Y(0, M(0))] (6)

The Controlled Direct Effect (CDE) is the effect of the
intervention on the outcome, conditional on a particular
value of the mediator, that is, fixing the mediator to a spe-
cific value for all individuals (e.g., the mean of the mediator,
or a clinically important cutoff), as in Eq. 7. When both the
mediator and the outcome are continuous and there is no
interaction between X and M, the CDE is equivalent to a
simple effect of X on Y computed at a value of the media-
tor specified by the researcher. Common software packages
generally default to the mean value of the mediator [42].

CDE = E[Y(I, M(m)) — Y(0, M(m))] @)

The Total Effect (TE) is the effect of the intervention on
the outcome and is computed as the difference in means
between the treatment group and the control group, as in
Eq. 8e. When both the mediator and the outcome are con-
tinuous and there is no interaction between X and M, this
effect is equivalent to the difference between group means.
However, when there is non-linearity in the model, such as
an XM interaction or categorical outcomes, then the TE and
traditional effects may differ [29, 31].

TE = E[Y(I, M(1)) - Y(0, M(0))] ®)

In summary, the TNIE is interpreted as the indirect causal
effect of X on Y through M if everyone had been in the treat-
ment group and the PNIE is interpreted as the indirect causal
effect of X on Y through M if everyone had been in the
control group. The TNDE is interpreted as the causal direct
effect of X on Y if all individuals had received treatment and
the Pure Natural Direct Effect (PNDE) is interpreted as the
causal direct effect of X on Y if all individuals had been in
the control condition. Finally, the CDE is interpreted as the
causal effect of X on Y at the specified value of the media-
tor and the TE is interpreted as the causal effect of X on Y.

The potential outcomes framework also produces a quan-
tity known as the mediated interaction, which represents the
difference between TNIE and PNIE, as well as the differ-
ence between TNDE and PNDE [30, 43, 44]. The mediated
interaction tests whether the effects in the control group and
treatment group are equivalent. Unlike the interaction in a
traditional mediation analysis, which tests the simple direct
and mediated effects of the control and treatment groups
at the same value of the mediator, the mediated interaction
instead tests whether the effect at one value of the mediator
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is equivalent to the effect at a different value of the media-
tor [29].

The representation of effects in the potential outcomes
framework is nonparametric, meaning that the formulas
apply for any distribution of mediator or outcome. A strength
of the potential outcomes approach is that the formulas apply
to both a linear regression model with continuous M and Y,
and a logistic regression model with binary M and Y. The
different categorical or continuous distributions of M and
Y have the same potential outcomes formula, however dif-
ferent methods are used to estimate the potential outcomes
(e.g. linear regression for continuous measures and logistic
regression for binary measures.)

Empirical Demonstration

The following demonstration uses data from a recent ran-
domized trial testing an HIV prevention intervention for
PWID in Ukraine [45]. In this trial, PWID from three cities
were randomized into a peer-leader social network inter-
vention or a control condition. The main outcome paper
described how PWID in the intervention arm had signifi-
cantly lower HIV incidence than PWID in the control arm
[45]. However, more can be learned about how, or through
what mediating mechanism, the intervention reduced HIV
incidence. The purpose of this paper is to illustrate how to
conduct a mediation analysis within the potential outcomes
framework, while testing two possible mediators that may
explain lower HIV incidence as a result of the intervention
with PWID in Ukraine. The first mediator, self-efficacy to
practice safer behavior, is common in HIV prevention and
intervention research [46]. The second, communication with
network members, is a putative mechanism specific to the
intervention because the intervention was designed to pro-
mote communication about safer behavior among network
members in the experimental condition.

Methods
Overview

The data for the empirical example comes from a rand-
omized trial of a social network intervention to affect HIV
incidence among PWID in the Ukraine [45]. In this demon-
stration, some of the data have been simplified, for example,
geographic clustering has been ignored. In addition, self-
efficacy, a common variable for trials using an individual
approach rather than a social network approach to behavior
change, has been specified as a mediator in one of the exam-
ples, while the putative mediator, communication with net-
work members by peer leaders, is specified as the mediator
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in the second example. Finally, in the original analysis by
Booth et al., (2016), incident HIV infection was predicted
using a Cox proportional hazards model [45], however, sur-
vival analysis in the potential outcomes framework is outside
the scope of the current paper [47].

Measures

Self-efficacy was measured as the sum of eight items that
measured the degree of respondent’s agreement. The items
were measured as an index where 1 =disagree and 2 =agree.
The range of responses in this data set were 0-2, with 0
representing missing data that were not included in the sum
total. Example items include, “You would feel uncomfort-
able talking to a sex partner about using condoms;” and “If
someone ‘new’ offered you their used syringe, you would
not use it without cleaning.” The KR-20 internal reliability
coefficient was 0.46, which suggests low reliability. Poor
reliability in a mediator could lead to underestimation of
the mediated effect [48]. Several methods to account for the
unreliability of the measure were considered, including a
synthetic reliability adjustment, modeling the mediator as a
latent variable, and removing scale items that showed low
correlations with the sum score. In each case, the final con-
clusions regarding the mediated effect remained unchanged
and each method introduced new statistical limitations to
the analysis, which are discussed in the limitations section.

Network communication was measured as the sum of 15
items that each counted the number of times the respondent
talked with their primary or secondary network members
about risk behaviors related to sexual activity or drug use.
Example items include, “Since your last interview, how
many times did you talk with your network member about
how HIV can be spread from person to person?” and “Since
your last interview, how many times have you talked with
your network member about the problems that make it hard
for them to use safer injection practices?”” Cronbach’s alpha
was 0.87, suggesting good reliability. Findings from the self-
efficacy and network communication examples are primarily

intended for illustrative purposes, thus inferences should be
made with caution.

Data Analysis

The original trial included 1200 PWID (25.1% female) who
were HIV negative at baseline and randomized into inter-
vention and control groups. To ensure temporal precedence
of the mediator to outcome relation, the current analyses
include only those participants who were also HIV negative
at the 6-month follow-up, leaving n =927 cases used in this
example. There were 15 cases that were missing data on
the self-efficacy baseline covariate, and 4 additional cases
that were missing data on the self-efficacy mediator, which
is a 2.1% rate of missing responses, leading to an analyzed
sample of n=908 for the first model. There were 65 cases
with missing data on the network communication media-
tor, which is a 7.0% rate of missing responses, leading to
an analyzed sample size of n=_862 for the second model.
The first model included a binary intervention variable (X;
0=control, 1 =intervention), self-efficacy score measured
at 6 months (time 2; M), and the occurrence of incident
HIV infection at some point between the 6- and 12-month
follow-up (Y; O0=no infection, 1 =HIV infection). The self-
efficacy sum score at baseline was included as a covariate
to control for individual differences in self-efficacy that are
unrelated to the intervention. A linear regression model for
the mediator is specified in Eq. 9 that includes the interven-
tion and baseline self-efficacy. The logistic regression model
for incident HIV infection is shown in Eq. 10 and includes
the intervention, self-efficacy at time 2, the treatment by
mediator interaction, and baseline self-efficacy. Note that
the XM interaction has been included in the models. Typi-
cally, if this interaction is not significant it would be left
out of a final model. However, in the potential outcomes
framework, it is advisable to retain the interaction as it is a
part of the decompositions of the total effect, as described
by VanderWeele [30]. Figure 1 shows the mediation model
as a direct acyclic graph.

Fig. 1 Direct acyclic graph ] Smam1
self-efficac ]
with self-efficacy at time 2 as (baseline)y > self.-efﬁcacy
a mediator and self-efficacy at (time 2)
baseline as a covariate
b ym2

treatment

& HIVinfection

v
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Fig.2 Direct acyclic graph with
network communication as a
mediator

treatment e

communication with
network members

,» & HIVinfection

7 . . . .
self —eff. =i, + a,,,(intervention) + s,,,,,,(s.e.baseline)
&)
logit(Pr(HIWry‘"\ection =1) =i, + C:W(intervention) + by (self — eff)

+ hy,,, | (s.e.baseline) + h(intervention * self — eff)

10)

The second model included the same intervention and
HIV status variables, as well as a composite variable that
represents communication among network members. Equa-
tions 11 and 12 show the linear regression models for the
network communication mediator, and the logistic regres-
sion model for incident HIV infection outcome, respectively.
Figure 2 shows the mediation model as a direct acyclic
graph.

—

communication = i,, + a,, (intervention) (11

m

yx

logit(PR(HWction =1)) =i, + c’vx(interventi(m) + h}.m(communication)

+ h(intervention * communication)

(12)

Data were analyzed with PROC CAUSALMED in SAS
9.4, a program for estimating causal mediation effects. The
treatment and outcome variables were listed as categori-
cal variables using the class statement with the descend-
ing option specified in order to model the probability of
incident HIV infection (y =1). Incident HIV infection was
modeled using a binomial distribution and log link function.
The log link function was specified because HIV incidence
in the sample was 21.67% and would not be considered a
rare event. By default, the estimation procedures in PROC
CAUSALMED assumes that the binary outcome is rare and
uses logistic regression to estimate Y [16, 30]. The outcome
model included the treatment by mediator interaction and
baseline self-efficacy as a covariate. Reported effects were

Table 1 Excess relative risk and regression parameters for self-efficacy mediator

Effect Estimate Bootstrap Percentile Bootstrap Z Pr>\ZI
Standard Error 95% Confidence Limits
TE -0.35 0.13 -0.56 —0.05 —2.65 0.01
CDE -0.34 0.13 -0.56 —0.05 -2.57 0.01
TNDE -0.34 0.13 -0.56 —0.05 -2.60 0.01
PNDE -0.35 0.13 -0.56 —-0.06 —2.64 0.01
TNIE —-0.00 0.01 -0.02 0.02 —-0.08 0.94
PNIE -0.01 0.01 —0.03 0.02 -0.61 0.54
Mediated Interaction  0.01 0.01 -0.02 0.04 0.48 0.63
Parameter® Estimate Standard Error Wald 95% Wald Pr>1Z|
Confidence Limits
a 0.11 0.12 -0.13 0.34 0.81 0.37
b —0.05 0.06 -018 0.07 0.68 0.41

“Effect labels correspond to the following effects in PROC Causalmed output: TNDE Total Direct, PNDE Natural Direct, TNIE Natural Indirect,

PNIEPure Indirect

The regression coefficient for the a-path shows whether the action theory led to a significant effect, while the b-path shows whether the concep-

tual theory led to a significant effect
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Table 2 Excess relative risk and regression parameters for network communication mediator
Effect® Estimate Bootstrap Percentile Bootstrap Zz Pr>\Zl
Standard Error 95% Confidence Limits
TE —0.40 0.13 -0.64 -0.12 -3.14 <.00
CDE -0.34 0.15 -0.56 0.05 -2.34 0.02
TNDE -0.32 0.13 —0.55 -0.03 -2.39 0.02
PNDE -0.42 0.13 —-0.66 -0.14 -3.38 <.00
TNIE 0.02 0.03 -0.04 0.07 1.19 0.23
PNIE —0.08 0.08 -0.29 0.03 -1.13 0.26
Mediated Interaction  0.10 0.09 -0.03 0.32 1.41 0.16
Parameter” Estimate Standard Error Wald 95% Wald 2 Pr>|Zl
Confidence Limits
a 6.51 1.48 3.61 9.41 19.31 <.00
b —0.01 .01 -0.03 0.01 1.26 0.26

#Effect labels correspond to the following effects in PROC Causalmed output: TNDE Total Direct, PNDE Natural Direct, TNIE Natural Indirect,

PNIEPure Indirect

The regression coefficient for the a-path shows whether the action theory led to a significant effect, while the b-path shows whether the concep-

tual theory led to a significant effect

estimated at the sample means of the mediator and covariate,
which are the default software settings. The percentile boot-
strap procedure was used to compute 95% confidence inter-
vals for the causal effects using 1,000 bootstrap replications.

Results

The empirical example investigated the effect of a social
network intervention on incident HIV infection through
self-efficacy related to safer behavior practices, and through
communication between the peer leader and social net-
work members. In the first example, self-efficacy scores at
baseline were included as a covariate and effects were esti-
mated at the sample mean of this score. When the outcome
is binary PROC CAUSALMED presents results for the six
causal effects on the excess relative risk scale. Results for a
model with self-efficacy as the mediator are reported first,
and then for a model with communication as the mediator.
Tables 1 and 2 summarize the excess relative risk estimates
and regression coefficients for self-efficacy and network
communication, respectively. The tables are an example for
researchers who wish to present causal mediation effects in
a tabular form.

Model with Self-Efficacy Mediator

The total effect of the intervention on HIV conversion with
self-efficacy in the model was significant, with TE=—0.35,
95% CI [-0.56, —0.06], z=—-2.65, p=0.01. There was a
total reduced risk of 35% due to the intervention for those

in the treatment group with mediator values equal to the
treatment mean compared to those in the control group with
self-efficacy values equal to the control group mean.

The controlled direct effect of the intervention on inci-
dent HIV infection calculated at the sample mean of the
mediator, self-efficacy, was significant, with CDE =—0.34,
95% CI [-0.56, —0.05], z==2.57, p=0.01. There was a
34% reduced risk of incident HIV infection due to the inter-
vention among those with mean mediator scores and mean
self-efficacy at baseline; if everyone had self-efficacy values
equal to the grand mean, then those in the treatment group
would be 34% less likely to become infected than those in
the control group.

The direct effect of the intervention on incident HIV
infection, had everyone’s mediator value been equal to the
mean self-efficacy score in the treatment group, was sig-
nificant, with TNDE =-0.34, 95% CI [-0.56, —0.05],
z=-—2.60, p=0.01. The TNDE can be interpreted as a
reduced risk of incident HIV infection of 34% due to the
intervention among those with mediator scores equal to
the treatment group mean and grand mean scores on self-
efficacy at baseline; if everyone had mediator scores equal
to the treatment group mean, those in the treatment group
would be 34% less likely to become infected compared to
those in the control group.

The direct effect of the intervention on infection, had
everyone’s mediator value been equal to the mean self-
efficacy score in the control group, was significant, with
PNDE =-0.35, 95% CI [-0.56, —0.06], z=—2.64,
p=0.01. There was a reduced risk of incident HIV infection
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of 35% due to the intervention among those with media-
tor scores equal to the control group mean and grand mean
scores on self-efficacy at baseline; if everyone had mediator
scores equal to the control group mean, those in the treat-
ment group would be 35% less likely to become infected
compared to those in the control group.

The indirect effect of the intervention on incident HIV
infection through self-efficacy, had everyone been in the
treatment group, was not significant, with TNIE =—0.00,
95% CI [-0.02, 0.02], z=—0.08, p=0.94. For illustra-
tive purposes, the TNIE can be interpreted as a reduced
risk of incident HIV infection of < 1% due to the inter-
vention’s effect on self-efficacy among the treated with
mean scores on self-efficacy at baseline; if everyone had
been in the intervention, those who had mediator values
at the treatment group mean would be < 1% less likely to
become infected than those whose mediator value was at
the control group mean.

The indirect effect of the intervention on infection
through self-efficacy, had everyone been in the control
group, was also not significant, with PNIE=-0.01, 95%
CI[-0.03,0.02], z=—-0.61, p=0.54. For illustrative pur-
poses, there was a reduced risk of incident HIV infection
of 1% through the intervention’s effect on self-efficacy
among those in the control group with mean scores on
self-efficacy at baseline. If everyone had been in the con-
trol group, those who had mediator values at the treatment
group mean would be 1% less likely to become infected
than those whose mediator value was near the control
group mean.

The mediated interaction of the intervention on inci-
dent HIV infection was not significant which suggests the
indirect effects of self-efficacy in the treatment and control
groups do not differ, MI=0.01, 95% CI [—-0.02, 0.04],
7=0.48, p=0.63. Both the TNIE and PNIE in the example
data were non-significant and they were not significantly
different.

Model with Network Communication Mediator

The total effect of the intervention on incident HIV infection
with communication with network members in the model
was also significant, with TE=-0.40, 95% CI [—0.64,
—0.12], z=-13.14, p=0.00. There was a total reduced risk
of 40% due to the intervention for those in the treatment
group with mediator values equal to the treatment mean
compared to those in the control group with communica-
tion scores equal to the control group mean.

The controlled direct effect of the intervention on incident
HIV infection calculated at the sample mean of the media-
tor, communication with network members, was significant
according to the normal theory p-value, with CDE =—0.34,
95% CI [—0.56, 0.05], z=—2.34, p=0.02. The discrepancy
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between the confidence limits and the p-value can be attrib-
uted to the difference between assessing significance using
a bootstrap method versus a normal theory method. While
the confidence limits do contain zero, they do not drastically
differ from the conclusion using the z-test. There was a 34%
reduced risk of incident HIV infection due to the interven-
tion among those with mean mediator scores; if everyone
had communication scores equal to the grand mean, then
those in the treatment group would be 34% less likely to
become infected than those in the control group.

The direct effect of the intervention on incident HIV
infection, had everyone’s mediator value been equal to the
mean communication score in the treatment group, was
significant, with TNDE=-10.32, 95% CI [—-0.55, —0.03],
z=-2.39, p=0.02. The TNDE can be interpreted as a
reduced risk of incident HIV infection of 32% due to the
intervention among those with mediator scores equal to the
treatment group mean; if everyone had mediator scores equal
to the treatment group mean, those in the treatment group
would be 32% less likely to become infected compared to
those in the control group.

The direct effect of the intervention on infection, had eve-
ryone’s mediator value been equal to the mean communica-
tion score in the control group, was also significant, with
PNDE=-0.42,95% CI [—-0.66, —0.14], z=-3.38, p=0.00.
There was a reduced risk of incident HIV infection of 42%
due to the intervention among those with mediator scores
equal to the control group mean; if everyone had mediator
scores equal to the control group mean, those in the treat-
ment group would be 42% less likely to become infected
compared to those in the control group.

The indirect effect of the intervention on incident HIV
infection through communication, had everyone been in
the treatment group, was not significant, with TNIE=0.02,
95% CI [-0.04, 0.07], z=1.19, p=0.24. For the purpose
of illustration, the TNIE can be interpreted as a reduced
risk of incident HIV infection of 2% due to the interven-
tion’s effect on communication among the treated. In other
words, if everyone had been in the intervention, those who
had mediator values at the treatment group mean would be
2% less likely to become infected than those whose media-
tor value was at the control group mean.

The indirect effect of the intervention on infection
through communication, had everyone been in the control
group, was also not significant, with PNIE =—0.08, 95%
CI[-0.29,0.03], z=—1.13, p=0.26. For illustrative pur-
poses, there was a reduced risk of incident HIV infection
of 8% through the intervention’s effect on communica-
tion among those in the control group; if everyone had
been in the control group, those who had mediator values
around the treatment group mean would be 8% less likely
to become infected than those whose mediator value was
near the control group mean.
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The mediated interaction of the intervention on inci-
dent HIV infection was not significant which suggests the
indirect effects of network communication in the treatment
and control groups do not differ, MI=0.10, 95% CI [-0.03,
0.32], z=1.41, p=0.16. Both the TNIE and PNIE in the
example data were non-significant and they were not sig-
nificantly different.

In addition to the six causal effects, PROC
CAUSALMED also gives Wald X tests of the regression
coefficients, which allows for evaluation of the action and
conceptual theories behind the intervention. The effect of
the intervention on network communication was signifi-
cant X*(1, n=862)=19.31, p <0.00, 95% Wald CI [3.61,
9.41]. However, neither the effect of the intervention on
self-efficacy while controlling for baseline self-efficacy,
nor the effects of either mediator on incident HIV infec-
tion were significant. These results show support for action
theory that the intervention increases network communi-
cation, but not self-efficacy. Conceptual theories for the
effects of self-efficacy and network communication on
incident HIV infection by themselves are not supported.
However, it would be expected that the conceptual theory
that links the mediator to the outcome consists of a media-
tion chain, where the tested mediators cause changes in
risk behaviors, which has a more direct influence on inci-
dent HIV infection.

Overall, the results for this demonstration reflect the
findings from the original study that the intervention
resulted in reduced risk of incident HIV infection [45].
Using the potential outcomes framework, the interven-
tion had a positive causal effect on incident HIV infection
such that individuals in the treatment group had a reduced
risk of infection during the last 6 months of the study.
However, potential outcomes mediation analysis shows the
intervention did not have a causal effect on HIV through
self-efficacy or through network communication.

Discussion

In this paper, we illustrate how to use the potential out-
comes framework to conduct a mediation analysis with
example data from an HIV prevention intervention for
PWID in Ukraine. Results show that neither self-efficacy
to practice safer behaviors nor communication with net-
work members causally mediate the effect of the interven-
tion on HIV incidence. However, the intervention did have
significant direct effects, which suggests that there are
other possible mediating processes. Indeed, the interven-
tion was based on multiple theories [45], and therefore a
number of other variables may serve as significant media-
tors (which is beyond the goal and scope of this paper).

One of the greatest strengths of mediation analysis is
that it directly tests the theories upon which prevention
programs are based [49, 50]. The theory-based variables
that are shown to be significant mediators explaining
intervention efficacy lend support to the theory, whereas
non-significant theory-based hypothesized mediators sug-
gest the need for improved measurement, further testing,
or theory re-development [50]. Chen [48] described how
mediation analysis informs and evaluates action theory
and conceptual theory. Action theory is the theory relat-
ing the intervention components to the mediators targeted
by the intervention, and conceptual theory is the theory
relating mediating variables to the outcome variable [49].
In the examples above, the intervention had significant
effects on the network communication mediator in the
regression models, but the mediators did not have signifi-
cant effects on the outcome. This suggests a failure of con-
ceptual theory. Evaluating action and conceptual theory
increases understanding of the mechanisms of behavior
change and identifies the most effective components of an
intervention. If an intervention fails to significantly change
targeted mediators, the intervention may have been inef-
fective, or measures of the mediators may have been inade-
quate. If the mediating variables show no relationship with
the outcome, the mediators may not cause the outcome,
confounder bias may have occurred, or measurement may
be inadequate. It is also possible that a more complex
sequential mediation model is necessary to capture the
mediation process. In this example, additional mediators
that measure risk behaviors, such as receptive needle shar-
ing or sharing injection equipment could help explain the
link between self-efficacy or network communication and
incident HIV infection.

The results from the examples in this paper support
the original research showing that the HIV intervention
had a positive effect in reducing incident HIV infections.
However, we are left with a question of how the interven-
tion had its effect on incident HIV infections. Identifying
the mechanism at work can help future intervention pro-
grams focus on the most important aspects of the interven-
tion. Although the proposed mediators for the examples
in this paper were not significant, it does not suggest that
a mediator does not exist. Rather, it is possible that either
there is another aspect of the intervention that is respon-
sible for transmitting its effect to the outcome, or there
are modeling concerns that limit our ability to detect the
mediational process of the proposed mediators.

The non-significant TNIE and PNIE of self-efficacy and
network communication on incident HIV infection may also
be a result of unmeasured confounding variables. Unmeas-
ured confounders can obscure the true relations among the
independent variable, the mediator, and the outcome. In
most studies, it is not feasible to measure every potential
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confounder in order to control for its effect in a model, how-
ever, sensitivity analysis can provide evidence for the likeli-
hood that an unmeasured confounder is exerting a substan-
tial effect on the variables that are included in the model.

The current social network intervention for PWID in
Ukraine was based on theories including Social Cognitive
Theory [51], Theory of Reasoned Action [52], and Social
Diffusion Theory [53, 54]. Similar to other social network
interventions, the current intervention aimed to promote
changes among the networks of PWID; for example, by
changing social norms around injection drug use, and com-
munication among network members, specifically in conver-
sations around injection practices [55-57]. This is in contrast
to interventions that solely target individuals, and not their
social context, such as interventions aimed at improving an
individual’s HIV knowledge, motivation to practice safer
behavior, behavioral skills [58], or self-efficacy to prac-
tice safer behavior. Other possible mediators may oper-
ate more at the network level, including perceived norms
around injection risk behaviors, or communication among
network members about practicing safe injection. Thus, we
sought to test both self-efficacy to practice safer behavior
and network communication as two conceptually different
potential mediators. As the primary purpose of this paper
was to describe how to conduct mediation analysis using the
potential outcomes framework, we believed that analyzing
these two simple mediators would be most pragmatic and
easiest to interpret. Future research is underway to examine
additional, multiple mediators explaining efficacy of the cur-
rent intervention.

Additional hypothesized mediators can be added to the
single mediator model and tested simultaneously with a
multiple mediator potential outcomes model. The poten-
tial outcomes framework for multiple mediators introduces
many new counterfactuals that must be considered because
of the increased number of variables and possible relations
among the mediators themselves [59]. Potential outcomes
analysis of multiple mediators is an active area of research
that can increase the information available about causal
mechanisms of interventions [60-71]. However, there are a
limited number of software programs that can accommodate
multiple mediators in a causal mediation analysis, including
the mediation and medflex packages in R [42, 72, 73].

Limitations

The low reliability of the self-efficacy mediator is a limita-
tion in this example. In this study, self-efficacy was opera-
tionalized equally in terms of both injection and sexual risk
behavior. Results may differ when the two risk domains are
separated. Self-efficacy scores were the sum of eight binary
items, however there were varying degrees of missingness
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on each of the eight items. The sum scores treated missing
values as zero, which could introduce an excess of measure-
ment error. Other measurement options could include the
imputation of missing data, IRT scores, or average scores
for the items that did have responses.

In traditional mediation analysis, unreliability in the
mediator can result in underestimation of the mediator’s
effect on the outcome, and overestimation of the independ-
ent variable’s effect, controlling for the mediator [48, 59].
Specifying a latent variable for the mediators is a preferred
method for handling measurement unreliability in the media-
tor, and if this is not feasible, then adjustments for unreli-
ability could be made using a manifest variable model where
estimates of reliability from previous research are used to
adjust for unreliability in the study [59].

Several methods to account for the unreliability in the
self-efficacy mediator were investigated, but each intro-
duced new limitations to the analysis while leading to the
same final conclusions concerning the mediated effect. First,
self-efficacy was modeled as a latent variable. Estimating
latent mediators is relatively new in the potential outcomes
framework and there is still work to be done to include the
XM interaction in software programs, and in verifying the
estimation and interpretation of causal effects. This work
is beyond the scope of the current paper. Next, a synthetic
reliability adjustment was attempted. This method involves
estimating the mediator as a latent variable with the sum
score as a single indicator. As such, the synthetic adjustment
is also limited in the ability to include the XM interaction in
current software packages. Finally, an EFA was estimated
which showed that three items had correlations with the sum
total that were near zero, and when these three items were
removed, the KR-20 internal reliability coefficient increased
to 0.59. However, two of the three items were related to
drug use behavior, and removing them from the scale would
create an imbalance between items related to drug use and
sexual activity, which may lead to inappropriate inferences
about the mediating effect.

Conclusions

A primary purpose of this paper is to introduce and illus-
trate how to conduct a counterfactual causal mediation
analysis in the realm of HIV intervention research. An
HIV intervention for PWID in Ukraine was used as an
empirical example. Self-efficacy and network commu-
nication were not found to be mediating mechanisms in
this analysis, however future research will continue to
investigate possible mechanisms. The method described
in this paper can be used to evaluate the causal effects of
interventions with a variety of outcomes types, including
binary outcomes as demonstrated in the example. Next
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steps include investigating both parallel and sequential
mediator models, testing latent variable mediation models
in the potential outcomes framework, conducting psycho-
metric analysis and adjustments to improve reliability of
measured mediators and outcomes, sensitivity analysis,
and conducting a survival analysis in the potential out-
comes framework.

The potential outcomes framework is a major advance-
ment for mediation analysis with practical benefits to
HIV prevention research. HIV primary prevention scien-
tists have spent over 30 years developing and evaluating
interventions designed to change behavior. Meta-analyses
have described the efficacy of behavioral interventions to
reduce risky behavior for various populations (e.g. PWID,
Black women, heterosexual couples), regions (e.g. Asia,
Latin America), and types of interventions (e.g. peer-edu-
cation, brief single-session) [74—79]. Across meta-analy-
ses, behavioral interventions were consistently effective
at changing behavior (e.g. condomless sex), but were less
consistently effective for STI/HIV biological outcomes,
including HIV incidence [80, 81]. The variability and
inconsistency demonstrated by behavioral interventions
might be perceived as a significant challenge to HIV pre-
vention, and yet, the differences between studies present
a unique opportunity to disentangle the heterogeneity of
efficacy findings in HIV prevention trials. Identifying
mediators through which effective programs influence
behavioral outcomes is an important step toward increas-
ing effectiveness in preventing HIV. Mediation analysis
from the potential outcomes framework can be a useful
tool to help shed light on the causal mechanisms underly-
ing intervention efficacy, informing why some interven-
tions are efficacious, and why some are not.

Estimating causal mediation effects increases the infor-
mation that can be drawn from intervention study data
and clarifies causal interpretations of those effects. A
pragmatic benefit of potential outcomes mediation is an
emphasis on model assumptions and strategies for han-
dling assumption violations, such as how confounder bias
influences causal inferences [40, 59, 82-84]. With this
focus, researchers can better address the theoretical ques-
tions at the heart of an intervention program. Investigating
causation through potential outcomes mediation can lead
to better decisions during program design and implemen-
tation, and ultimately more effective and efficient public
health programs.

Appendix
PROC CAUSALMED Program

/*The following program performs a causal mediation
analysis*/

/*X is treatment (O=control, 1=treatment), M is a con-
tinuous mediator measured at time 2, Y is a binary out-
come (0=no disease, 1=disease), and C is the baseline
measurement of the mediator as a covariate*/

/*The class statement specifies the two categorical vari-
ables. The descending option is used to predict the prob-
ability Y=1%/

/*A binary distribution for Y and the log link function
are specified in the model statement. The log link is used
because the outcome is not rare.*/

/*bootstrap confidence intervals are specified using
1000 bootstraps and a specified random seed.*/

Title *Single mediator with baseline covariate’;

proc causalmed data=use.data pall alpha = .05;

class X Y/descending;

model Y = XIM / dist=bin link=log;

mediator M = X

covar C;

bootstrap CI (all) nboot = 1000 seed = 08012019;

run;

quit;
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