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Abstract

Recent advances in the literature on mediation have extended from traditional linear structural
equation modeling approach to causal mediation analysis using potential outcomes framework.
Pearl proposed a mediation formula to calculate expected potential outcomes used in the natural
direct and indirect effects definition under the key sequential ignorability assumptions. Current
methods mainly focused on binary exposure variables, and in this article, this approach is further
extended to settings in which continuous exposures may be of interest. Focusing on a dichotomous
outcome, we give precise definitions of the natural direct and indirect effects on both the risk
difference and odds ratio scales utilizing the empirical joint distribution of the exposure and
baseline covariates from the whole sample analysis population. A mediation-formula based
approach is proposed to estimate the corresponding causal quantities. Simulation study is
conducted to assess the statistical properties of the proposed method and we illustrate our
approach by applying it to the Jackson Heart Study to estimate the mediation effects of diabetes on
the relation between obesity and chronic kidney disease. Sensitivity analysis is performed to assess
the impact of violation of no unmeasured mediator-outcome confounder assumption.
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1. Introduction

Recently, research on the effects of exposure on health outcome has progressed from
estimating the total effect of a given exposure to more complex explanatory questions. In
particular, medical research has increasingly focused on identifying the mechanisms by
which an exposure may exert its effects on health, particularly by decomposing the total
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effect into an indirect effect mediated through a specific mediator and the remaining direct
effect. For example, obesity is known to be a risk factor for coronary heart disease and
stroke, but the question remains as how much of the increased risk is through blood pressure,
cholesterol and glucose, and how much is independent of these factors (Lu et al. 2014). This
type of question could be addressed using data from cohort studies that include
measurements of obesity as well as of possible mediators such as blood pressure,
cholesterol, and glucose at baseline and also the outcome as time to incident coronary heart
disease and stroke. A second example is the effect of the CHRNA5-A3 genetic locus on the
risk of lung cancer. It is well documented that the CHRNA5-A3 region on chromosome
15024-25.1 is strongly associated with an increased risk of lung cancer and nicotine
dependence, and this effect seems to be at least partly mediated through smoking and
chronic obstructive pulmonary disease (Wang et al. 2010).

The standard approach advanced by Baron and Kenny (1986) utilizes the linear structural
equation modeling (LSEM) framework and involves a series of linear regression models.
However, the popular product of coefficients approach used in the LSEM framework to
estimate the indirect effects does not have a “‘causal’ interpretation when extended to non-
linear models such as logistic regression (MacKinnon et al. 2007). More recently, causal
mediation analysis approaches have been developed based on the potential outcomes
framework (Robins and Greenland 1992; Albert 2008) and in one such approach, Pearl
(2012) proposed a mediation formula, applicable to linear and non-linear models for the
natural direct and indirect effects estimation. In this approach, the expected potential
outcomes used in the definition of causal quantities are identified as the integration (or
summation) of conditional means of the response variable over the probability density
distribution of the mediators. There are necessary assumptions for the identifiability of the
causal mediation effects using the mediation formula approach and the key assumption made
is that of ‘sequential ignorability” which consists of ignorable exposure and no mediator-
outcome confounders (Imai et al. 2010a, 2010b). Sensitivity analysis approaches have been
developed with different sensitivity parameters to formally quantify the robustness of
conclusion regarding the mediation effects to the potential violation of untestable
assumptions (Imai et al. 2010a, 2010b; Albert and Wang 2015). Building on the mediation
formula, Imai et al. (2010a) provided a general approach to causal mediation analysis that
accommodated linear and non-linear, parametric and non-parametric models, continuous or
discrete mediators, and various types of outcome variables. The mediation formula approach
is also extended to mediation analysis of complex causal models involving multiple
mediators (Wang et al. 2013; VanderWeele and Vansteelandt 2013) and multiple-stage
mediators (Albert and Nelson 2011; Wang and Albert 2012). To this date, mediation analysis
methods have mainly focused on binary exposure variables. Although Imai et al. mentioned
that the mediation formula approach can be extended to the case of hon-binary exposure
case at the cost of notational complexity, the corresponding population-wide average causal
mediation effects involving the distribution of the observed exposure and baseline covariates
are not clearly defined, specifically for a dichotomous outcome to identify the causal
mediation effects on multiple scales (Imai et al. 2010a). In this paper, we give precise
definitions of the natural direct and indirect effects utilizing the empirical joint distribution
of the exposure and baseline covariates from the whole sample analysis population and
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propose a mediation formula based approach to estimate the corresponding causal quantities
for a continuous exposure and a dichotomous outcome on both the risk difference (RD) and
odds ratio (OR) scales. In addition, a sensitivity analysis method is extended to this setting.

The paper proceeds as follows. First of all, we introduce the model framework and give
precise definitions of the population-wide natural direct and indirect effects for a continuous
exposure and a dichotomous outcome on both risk difference and odds ratio scales. Next, a
mediation formula approach is proposed to estimate the natural direct and indirect effects
under given identification assumptions and we extend a previously proposed hybrid causal-
observational sensitivity analysis approach to assess the robustness of estimated causal
quantities. Then simulation studies are used to examine the statistical properties of the
proposed mediation analysis method. The subsequent section illustrates our methods with a
real data example and discussion follows.

2. Defining the natural direct and indirect effects

Assume that measurements have been made on a continuous exposure of interest X a
dichotomous outcome Y; a potential mediator M and a set of baseline covariates W/ not
affected by the exposure. The relations among these variables are depicted in Figure 1. For
example, X' may denote Body Mass Index (BMI), a measure of obesity, binary M diabetes
(yes or no) or continuous M fasting plasma glucose concentration (mg/dL), Y chronic
kidney disease (CKD), and W baseline covariates, including age, gender and binary cigarette
smoking (current smoker/non-current smoker). A question of interest may be the extent to
which the effect of BMI on CKD is mediated through diabetes and the extent to which it is
through other pathways (Maric-Bilkan 2013; Eknoyan 2007).

To model the causal effect of a continuous exposure, we use the potential outcomes
framework (Robins and Greenland 1992; Albert 2008). We will let M(x) denote the potential
value of the mediator under the exposure status x, Y(x, m) represent the potential outcome
of Ywhen X= xand M= mand Y(x, M(x")) indicates the counterfactual value of Y'that
would be observed if X was set to xand M was set to its potential outcome that would be
observed if X'was set to x . For binary outcomes, we can define the natural direct and
indirect effects of a continuous exposure on both the risk difference (Pearl 2001) and odds
ratio scales (VanderWeele and Vansteelandt 2010).

On the risk difference scale, the natural indirect effect can be defined for any two levels of
exposure,

IE(z), = E{Y (x,M (21))} — E{Y (2, M (20))} Q)

RD

where x; # xg. This equation can help understand the counterfactual question, what change
would occur to the binary outcome if one changes the mediator from the value that would be
realized under one condition M(xg), to the value that would be observed under another
condition, M(x1), while holding the exposure status at x, which represents the indirect effect
of the exposure on the outcome through the mediating variable. Equation (1) is equivalent to
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the definition in the binary exposure case when x; =1, xp=0and x=1 or 0. In our
definition, we assume that x; = xp + 1 in order to provide the exposure effect and mediation
effect estimates corresponding to ‘one’ unit increase of the continuous exposure variable,
and we can rescale our original exposure variable in advance to assess the corresponding
causal quantities for any unit increase of the exposure variable. In addition, we also define x
= Xp or xq by assuming the two manipulations xand x “in the potential outcome Y(x, M(x"))
are consecutive or equal (consistent with the definition in the binary exposure case). We only
consider xequals X in this article, and our definition and identification methodology,
however, can be applied to both “xequals x5” and ‘xequals x;” and also cases with any
arbitrary x value (neither xg nor x;). Under these two restrictions, the natural indirect effect
under exposure xis defined as,

I1E(z),, = E{Y (z, M (z+1))} — E{Y (z, M (z))} @)

On the risk difference scale, the natural indirect effect can be interpreted as the difference
between two mean potential outcomes that would result under exposure x, but where the
mediator takes values that would result under exposure statuses x + 1 and x respectively.
Similarly, we can define the natural direct effect and total effect using the potential outcomes
as,

DE(z+1),,, = E{Y (e+1,M (e+1)} = E{Y (2, M (z+1))} ()

TEu, = E{Y (z+1, M (z+1))} = E{Y (z, M (2))} (4)

The total effect decomposes into the natural direct and indirect effects,

TE,, =1E(z), +DE(x+1), (5)

and the proportion of exposure effect due to the mediator is defined as,

P(.Z')RD = IE((L’)RD/TERD (6)

Similarly, we can define the natural indirect, natural direct and total effects on the odds ratio
scale as following,

_ E{Y (2, M (z+1))} /[1 = E{Y (2, M (z+1))}]
o E{Y (&, M (@)} /[1 = E{Y (z, M (2))}]  (7)

IE(z)
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_ B{Y (a+1,M (2+1))} /[1 = E{Y (a1, M (z+1))}]

DE@+1),, = —F Y @M (@t)}/[1- BEY (z, M (@1)}]  (8)
rp — BAY (@1 M (@+1)} /1= E{Y (a+1, M (e+1)}]
o E{Y (z, M (z))}/[1 = E{Y (2, M ())}] 9)

On the odds ratio scale, the decomposition still holds in which the total effect decomposes
into a product of odds ratios for the natural direct and indirect effects, and we can define the
corresponding mediation proportion using logarithm of odds ratio,

TEBoy = IE(x),, x DE(+1),,,, (10

OR

P(x),, =log (IE(z),,) /log (TE,) 1)

Of note, in this paper, the natural effects refer to the fact that we let the mediator take the
value it would take naturally when the exposure is set to a specific value. This is in contrast
to the controlled effects (Petersen et al. 2006; Goetgeluk et al. 2008), where the mediator is
kept fixed at a controlled level. As the controlled effects do not allow an obvious definition
of mediation effect, we will focus on the natural effects in this paper.

3. Estimation of the natural direct and indirect effects

3.1 Mediation formula (causal model) approach

Under a particular version of the sequential ignorability assumption, the natural direct and
indirect effects for a continuous exposure can be nonparametrically identified with the
observed data. We use the following version of this assumption proposed by Imai et al.
(2010b): Assumption 1 (Sequential Ignorability)

{Y (xm) M (:c)} LX W= (o)

Y (2',m) uM (z) [W=w, X=2 (13)

Thus, the exposure is first assumed to be independent of subsequent potential mediators and
potential outcomes given the baseline covariates (1), and then the mediator variable is
assumed to be independent of potential outcomes given the observed exposure and baseline
covariates. In addition, we also assume the technical assumption called ‘consistency’, that is,
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for any individual, the potential outcome of Y'setting X'= xis equal to the observed outcome
if the exposure of this individual is x. This assumption provides the connection between
potential and observed outcomes (VanderWeele 2009).

Under the sequential ignorability and consistency assumptions, the expected potential
outcomes for Y'used to define the natural direct and indirect effects can be written as
follows,

E{Y (2,M(2'))} = f f E{Y|M=m,X=o,W=w}dF_,  (m)dF, (v) )

where F,(w) and Fps/ x=x’, w=w (m) represent the distribution function of Wand the
conditional distribution function of M given Xand W, respectively. The above formula
(proof is given by Imai et al. (2010b)), referred by Pearl as the mediation formula (Pearl
2012), provides identification of the natural direct and indirect effects when a continuous
exposure is used. Instead of integrating over the unknown distribution of Was (14), an
alternative approach is to average over the empirical distribution of W/ for the subjects in the
chosen reference group and the integration of the mediator is replaced with summation in the
case of discrete mediators. The estimation of causal quantities typically proceeds by fitting
parametric models of Yand Mto the data. We assume the following regression models for a
dichotomous outcome Yand a binary or continuous mediator A,

logit (E (Y |X=z, M=m, W=w)) =fo+p1z+Bym+Bw (15)

logit (E (M| X =z, W=w))
—ap+aiz+aw for a binary mediator or E(M|X=z, W=w)

=ap+ajz+a w for a continuous mediator (16)

The error term in the linear regression for continuous mediator M is assumed normally
distributed with constant variance. In this paper, we focus on the identification and inference
of the average causal effect using the whole sample analysis population as our reference
group and the population-wide causal effects are defined as mean of the individual causal
effect using the empirical joint distribution of the exposure and baseline covariates. If the
assumptions of sequential ignorability (Assumption 1) hold and the regression models (15)
and (16) are correctly specified, the average natural indirect effect on the risk difference
scale is given by (continuous mediator case),

J Stat Theory Pract. Author manuscript; available in PMC 2017 June 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Zhang Page 7

— JE{Y|M=m, X=z;,W=w;}dF,,,_ . (m))

I X=2;+1,W=w; (m)

1 N
]E(I)zw = Nzi:l (fE {Y|M=m, X=x;, W=uw;} dF,

7)

where Nis the number of subjects in the total sample population, x;and w;are the exposure
status and the baseline covariate for subject 7 respectively. Similarly, the average natural
direct effect and total effect can be defined. On the odds ratio scale, the geometric mean of
individual causal quantities is used for the average natural direct and indirect effects
definition which is equivalent to arithmetic mean of logarithmic odds ratio. Variance
estimates for causal quantities can be obtained via the delta method and integration of
normally distributed mediators is approximated with a 40-point Gauss-Hermite quadrature
(Lee et al. 2009; Lee et al. 2013).

3.2 Sensitivity analysis

For the identified mediation effect in our potential outcomes framework, the quantity cannot
be given a causal interpretation without the particular sequential ignorability assumption.
Specifically, the second no mediator-outcome confounder assumption (13) is nonrefutable in
the sense that it cannot be directly tested with the observed data. Imai et al. argued that a
mediation analysis is not complete without a sensitivity analysis (2010b). When the
unmeasured mediator-outcome confounders exist, the expected potential outcomes £{ Y{x
+1, M(x+ 1))} and E{ Y(x, M(X))} are identifiable but not £{ Y(x, M(x + 1))}. We examine
the effect of violation of assumption (13) on the estimation of the natural direct and indirect
effects with the proposed hybrid causal-observational model approach (Albert and Wang
2015). In this approach, we consider a hybrid causal-observational model that extends the
association model of the final outcome by incorporating both the causal and cohort effects,
and this approach provides a novel sensitivity parameter presenting the proportion of the
association effect due to the cohort effect. The model is specified as following,

logit (E (Y (x,m) |X=x/,JW ((L‘/> =m, sz)) =Bo+01 ((bx/—l- (1-9) £> —l—ﬁgm—l-ﬂ/w

(18)

where By represents the association effect of Xon Y; and all 8s in (18) are estimable from
the corresponding association model if we set x = x’. The weaker condition of sequential
ignorability assumption ‘mediator comparability” is satisfied if ¢ equals O indicating that the
conditional expectation of the potential outcome Y{(x, m) does not depend on the observed
group X, and therefore the related conditional expected potential used for the natural direct
and indirect effects definition can be identified. So ¢ can be interpreted as the
nonidentifiable proportion of the association effect due to the cohort effect and equivalently,
(1 - ¢) is the proportion of the association effect due to the causal effect of exposure. As the
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causal effect B1(1 - ¢) and the cohort effect 51 ¢ need not be in the same direction, it is
possible for this ‘proportion’, ¢, to be negative or greater than 1. For the more general hybrid
model with x” not equal to x, the natural direct and indirect effects can be estimated by
varying ¢ to assess the effect of departure from mediator comparability.

4. Simulation study

We conducted a simulation study to examine the bias, efficiency and coverage of the
confidence intervals for the natural indirect estimator from our proposed method on the risk
difference and odds ratio scales when the outcome and mediator models were correctly
specified or mis-specified. The outcome model (Y) includes a continuous exposure indicator
(X) and a mediator variable M (either binary or continuous) and the mediator model (M)
only includes the continuous exposure X. We considered eight different scenarios, classified
into two groups as following (binary mediator case for scenarios 1 to 4 and continuous
mediator case for scenarios 5 to 8),

Q) Y| XM follows a logit model and M| X follows a logit model;
2 Y| XM follows a logit model and A/| X follows a probit model;
3 Y| XM follows a probit model and M| X follows a logit model;
4 Y| XM follows a probit model and M| X follows a probit model,

(5) Y| XM follows a logit model and /| X follows a linear regression model with
normal errors;

(6) Y| XM follows a logit model and A/| X follows a Gaussian mixture model;

@) Y| XM follows a probit model and M| X follows a linear regression model with
normal errors;

(8 Y| XM follows a probit model and M| Xfollows a Gaussian mixture model;

For each of above scenarios, 1000 simulated datasets were generated with total sample size
of 200.

The true natural indirect effect on risk difference scale is defined by the formula (17),
assuming the true models for the mediator and the outcome are known with true coefficients
in place of the estimates. The true natural indirect effect on odds ratio scale (presented as
log(/E(X) oR)) can be calculated in a similar way. For each generated dataset of all eight
scenarios, the proposed mediation formula approach was used to calculate the estimated /£
(/1E(X) pp or log(/E(X) o)), consistently assuming a logit model for Y| XM and a logit model
or a linear regression model for M| X. For /E(X) pp estimates on risk difference scale, we
calculated the average estimate of /A(X) pp; the average percent error (PE = 100 x (Average
Estimated /E(X) pp— True /E(X) gp)/true /E(X) zp), a measure of relative bias; the standard
deviation (SD) of estimated /A(X) zp; the average estimated standard error (SE) of estimated
1E(X) pp; the coverage probability (CP, percent of simulated datasets for which 95%
confidence interval for /E(X) zp covered the true value). Similar summary statistics were
calculated for log(/E(X) or) estimates on odds ratio scale.
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The simulation results are given in Table 1. For both the binary mediator and the continuous
mediator cases, we see that the proposed approach produces a small relative bias (< 2.5%) in
its estimation of /E(X) zp and log(/E(X) or), and the coverage probabilities of 95%
confidence intervals are within 4% of the nominal level when both the outcome model and
the mediator model are correctly specified (scenario 1 and scenario 4). The average SEs are
close to the SDs of the estimates, indicating that the proposed estimation and inference
procedure work well for our finite samples. When either the outcome model or the mediator
model is mis-specified (scenarios 2, 3, 4, 6, 7 and 8), the mediation formula approach using
incorrect models is biased with relative bias up to 9%.

5. lllustration and data example

Our motivating example comes from the Jackson Heart Study (JHS) investigating the effect
of obesity on CKD and its potential mediation effect through diabetes. The JHS is a single-
site, prospective cohort study of the risk factors and causes of cardiovascular disease in adult
African Americans (Sempos et al. 1999). The exposure variable for our example is the
continuous variable BMI (kg/m?2), and the outcome considered is the dichotomous CKD
status (yes or no), with CKD defined as estimated glomerular filtration rate (eGFR) less than
60 ml/min/1.73 m2 or presence of albuminuria. We also considered, in separate models, the
potential mediators, binary diabetes (yes or no) or continuous fasting plasma glucose (mg/
dL), an accurate marker for diabetes. We considered diabetes or fasting plasma glucose
individually in two different causal models to demonstrate the generality of our method. It is
well known that obesity is a major cause of CKD and End Stage Renal Disease possibly
through mediating effects of diabetes (Maric-Bilkan 2013). We aimed to test this hypothesis
and quantify the proportion of the effect of obesity on CKD through diabetes in African
Americans using the proposed methods discussed above. Of note, we only consider the
standard two-stage causal model as Figure 1 in which obesity (exposure) leads to CKD
(outcome) through diabetes (mediator) for illustrative purposes, other potential causal
pathways, e.g. insulin therapy in patients with diabetes may induce weight gain (Russell-
Jones ad Khan 2007), are not considered in our data example.

The JHS dataset used for the analysis included 2,285 subjects with complete data for all the
variables specified in the models. We note that the average BMI (SD) was 33.1 (8.2) for
participants with CKD (n7= 326) and 31.3 (6.9) for participants without CKD (/7= 1,959). In
addition, the measured average BMI (SD) was 34.8 (7.6) for participants with diabetes (n7=
361) and 31.0 (6.9) for participants without diabetes (n7=1,924), and the Pearson's
correlation coefficient between BMI and fasting plasma glucose was 0.145 with 95%
confidence interval (Cl) [0.104, 0.184]. The models (15) and (16) were fitted and three
baseline covariates (age, gender and smoking) were included in all three models, so that the
parameters were a’ = (ap, az, as), B = (B3, Ba, Bs)- Thus, the exposure BMI is first
assumed to be ignorable given the pre-BMI covariates age, gender and smoking, and then
the mediator variable (diabetes or fasting plasma glucose) is assumed to be ignorable given
the observed value of the exposure BMI as well as the three covariates age, gender and
smoking. We rescaled BMI by dividing the original BMI by 5 so that the resulting causal
quantities correspond to 5 kg/m? increase of BMI. Estimates of the natural direct, natural
indirect, total effects and mediation proportion (%) for binary and continuous mediators are
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provided in Table 2 on the risk difference scale and odds ratio scale respectively. The 95%
asymptotic Cls are constructed using the delta method.

In the binary mediator case, the results indicate that the natural indirect effect through
diabetes (yes or no) accounts for approximately 25% of the total effect of obesity on CKD.
The effect estimates are interpreted as follows, 5 kg/m? higher BMI increases the probability
of CKD by 3.09% (95% CI: 1.99%, 4.18%), with an estimated 0.78% (95% CI: 0.47%,
1.09%) due to the indirect effect through diabetes (yes or no) and an estimated 2.31% (95%
Cl: 1.21%, 3.41%) due to the direct effect (or other unknown pathways). On the odds ratio
scale, the results show that every 5 kg/m? increase in BMI increases the odds of developing
CKD by 28% (95% CI: 17%, 39%), and 23.6% (95% CI: 11.5%, 35.6%) of the excess risk
of CKD is mediated through diabetes (yes or no). Similarly, when assessing causal quantities
for the continuous mediator fasting plasma glucose (mg/dL), the magnitude of the total
effect is comparable with that of the binary mediator, diabetes (yes or no), and a significant
but lower proportion of the total effect (approximately 15%) is mediated through fasting
plasma glucose (mg/dL).

In addition, we conducted sensitivity analyses for the binary mediator case using the hybrid
observational-causal model approach. It should be noted that we assume that the exposure
BMI is independent of subsequent potential mediators and potential outcomes given age,
gender and smoking in this sensitivity analysis and no further exposure-mediator or
exposure-outcome confounders exist. The elicitation of plausible sensitivity parameter value
¢ for the present data example is described in the Appendix. In the sensitivity analysis, we
examined the natural direct and indirect effect estimates of varying the assumed proportion
¢, the association effect due to the cohort effect (from -2 to 2 in increments of 0.02). The
change of /E(X) pp, DE(Xx + 1) pp, 1E(X) op and DE(x + 1) o estimates over ¢ are shown in
Figure 2. On the risk difference scale, /E(X) zp increases and DE(x + 1) pp decreases as ¢
increases (Figure 2A and 2B). The elicited value of ¢ = —0.02 provides an estimate for
1E(X) pp 0f 0.74% (95% CI: 0.42%, 1.05%) and an estimate for DE(x + 1) pp of 2.35% (95%
Cl: 1.23%, 3.47%). The plausible range for ¢ of [-0.1, 0] provides a range for an estimate of
1E(X) pp from 0.56% to 0.78% and for the estimate of DA(x + 1) gp from 2.52% to 2.31%,
and neither the sign nor lack of statistical significance changes over the plausible range for
¢. Figure 2C and 2D show similar results on the odds ratio scale and the only difference is
that the change of DE(x + 1) over ¢ is concave down for the risk difference scale and
concave up for the odds ratio scale. In summary, the sensitivity analysis results indicate that
our original conclusion regarding the significant positive natural indirect effect through
diabetes still holds if unmeasured mediator-outcome confounders (inducing a cohort effect
proportion between —0.1 to 0) between the mediator and the outcome exist.

6. Conclusions and discussion

In this article, we consider a two-stage mediation model with a continuous exposure variable
and a binary outcome. We give precise definitions of the population-wide natural direct and
indirect effects on both the risk difference and odds ratio scales utilizing empirical joint
distribution of the exposure and baseline covariates from the whole sample analysis
population. The natural direct and indirect effects are estimated with a mediation formula
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approach, and a sensitivity analysis method is proposed to assess the robustness of the
estimated causal quantities.

To estimate the natural direct and indirect effects for a continuous mediator, we used 40-
point Gauss-Hermite quadrature to evaluate the integration in formula (14). The integration
results are very close with those using the ‘QUAD’ function in SAS/IML, which is a
numerical integrator based on adaptive Romberg-type integration technique (data not
shown). Gauss-Hermite quadrature is commonly used for low dimensional random effects
models and a major disadvantage of the Gauss-Hermite quadrature is that the number of
quadrature points increases as an exponential function of the number of dimensions.
Alternatively, the quasi-Monte Carlo method which utilizes uniformly distributed
deterministic sequences can be considered for mediation effect estimation involving multiple
normally distributed mediators (Lee et al. 2009; Judd, 1998).

The variance of the estimated causal quantities was obtained using the delta method in this
study. For the population-wide natural direct and indirect effects estimation on the odds ratio
scale, the standard way is to first log-transform the ratio, calculate a confidence interval on
the log scale using the delta method and assuming a normal distribution, then exponentiate it
to give a 95% confidence interval for the desired causal quantities. Another approach is to
obtain the variance estimates via the bootstrap resampling at the expense of higher
computational cost (Efron and Tibshirani, 1993) which has the potential advantage of
allowing the computation of the confidence intervals without requiring a normal distribution
assumption for the estimator.

The two most common critiques with mediation analysis in epidemiological studies are 1)
Mis-specification of parametric models for the mediator and outcome, for example, the
outcome model and/or the mediator model can be mis-specified or an exposure-mediator
interaction term is mistakenly excluded from the model, and 2) existence of possible
mediator-outcome confounders. Either of them can cause biased results regarding mediation,
resulting in invalid inference and possibly erroneous medical decisions. The simulation
study in Section 4 suggests that our mediation formula approach is not robust and will be
biased to estimate the mediation effect if either the outcome models or the mediator model is
mis-specified. Standard model assessment techniques and selection procedures (e.g.
likelihood ratio test, utilization of penalized model selection criteria as AIC or BIC) may be
used to formulate reasonably correct association models. In our data example, the model
selection criteria AIC in model (15) suggests excluding the exposure-mediator interaction
term. However, the definition and the estimation method proposed in this paper can be
extended to settings when interactions between the mediator of interest and the exposure are
present. For the second critique, the researchers are recommended to collect all possible
variables that may confound the mediator-outcome relationship and also perform sensitivity
analysis to assess the robustness of conclusions regarding the mediation effect. For our data
example, we consistently adjusted for age, gender and smoking as the minimum set of
confounders, and our sensitivity analysis results indicate that the significant natural indirect
effect of BMI on CKD through diabetes is robust even though other potential mediator-
outcome confounders such as physical activity and alcohol usage exist. However, since the
Jackson Heart Study is not a randomized experiment, it is possible that additional covariates
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other than age, gender and smoking could possibly confound the exposure-mediator or
exposure-outcome relationship and invalidate the assumption (12).

In summary, this paper has described an estimating procedure of the natural direct and
indirect effects for a continuous exposure and a dichotomous outcome on both risk
difference and odds ratio scales. The procedure can be applied to any mediator type and
definition of the natural direct and indirect effects for a continuous exposure can also be
extended to other types of outcome. Mediation effects estimation method described in this
paper has been encoded in a SAS macro, which is available for downloading from the
webpage, https://github.com/souwwang/Continuous-Exposure-Mediation.
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Elicitation of Sensitivity Parameter ¢

We follow the guidelines to elicitate the sensitivity parameters ¢ using the technique
proposed by Albert and Wang (2015) which is a simple step-by-step approach involving
effects of unobserved confounders. Simply, we consider the linear regression of Yon X; M,
and Wand denote the coefficient of X'in this model as By.xus, w In general, By.xu, wwill
not be the same as the true direct effect of X'on Y, denoted as By.xs, 1, v» Which would be
estimable if the unmeasured M- Y confounders (denoted by the vector U) were included in
the above model. The ‘relative bias’, (By-xm, w- By-xmm, w; V) By-xjm, wirom the linear
model provides a reasonable approximation of the sensitivity parameter ¢ for the assumed
generalized linear model. The elicitation of the sensitivity parameter value for the JHS data
analysis is specified as following,

1 From the fit of the linear model of CKD status ('Y) regressed on BMI (.X),
diabetes (M) and baseline covariates (5: age, gender and smoking), we
obtained the estimate, by.xy, s (the ordinary least squares estimates of
Byxim, w) = 0.02, and from the regression of diabetes on BMI and 4 we
obtained by.x (the ordinary least squares estimates of By x, = 0.05.

2. Potential M- Y confounders considered (from ‘strongest’ to ‘weakest”) are
physical activity (0 for non-ideal health and 1 for ideal health based on American
Heart Association physical activity classification), and Alcohol drinking in the
past 12 months (0 for No, and 1 for Yes).

3. From prior substantive knowledge, we specify the regression coefficients for the
two potential confounders as follows:
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k Confounder bY-Uk|M, X, W bM-Uk|><, w
1  Physical Activity -0.06 -0.10
2 Alcohol Drinking 0.02 0.10

4, We compute the bias as B=-0.05 x {(-0.06) x (-0.10) + 0.02 x 0.10} =
—0.0004, resulting in a specified sensitivity parameter value of ¢ = B/by.xn, =
-0.02.

For conservatism, we suppose a 5-fold increase in ¢ from our calculation, resulting in a
value of around ¢ =-0.1. Thus, we consider a plausible range for ¢to be —0.1to 0
(including as an upper bound the most optimistic scenario of no M- Y confounding).

This approach supposes that the relative bias from the linear model transports reasonably
well to a generalized linear model with a non-identity link function. In many applications it
will be not essential that this approximation is very accurate, as only a rough idea of
plausible values for the sensitivity parameter is needed. Albert and Wang (2015) shows that
this approximation can be quite good using some simulation results.
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Figurel.
Mediation model with exposure X; mediator M, outcome Y and covariates W.
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Figure 2.

Se%sitivity analysis with the binary mediator diabetes (yes or no) for the Jackson Heart
Study data. Figure 2A and 2B show the maximum likelihood estimates of the natural
indirect effect /E(X) pp and the natural direct effect DE(x + 1) p on the risk difference scale.
Figure 2C and 2D show the maximum likelihood estimates of the natural indirect effect
1E(X) or and the natural direct effect DE(x + 1) o on the odds ratio scale. The solid line
represents the estimated natural direct and indirect effects, and the gray areas represent the
95% Cls from the delta method at each value of the sensitivity parameter ¢.
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Table 2

Estimated causal quantities and 95% Cls from the delta method of diabetes/fasting plasma glucose on the
relationship between BMI and CKD in the Jackson Heart Study based on the mediation formula approach.

Binary Mediator Diabetes (yes or no) Continuous M ediator Fasting Plasma Glucose (mg/dL )

Risk Difference (%) Odds Ratio Risk Difference (%) Odds Ratio
Est. 95% ClI Est. 95% CI Est. 95% CI Est. 95% CI
Natural Indirect Effect /£{x) 0.78 0.47,1.09 1.06 1.04,1.08 0.45 0.28, 0.62 1.04 1.03, 1.06
Natural Direct Effect DA(x+1)  2.31 1.21,3.41 121 111,132 2.52 1.42, 3.62 1.23 1.13,1.34
Mediation Proportion (%) Ax) ~ 25.3  12.7,37.9 236 115,356 15.1 7.5,22.8 16.1 8.3,23.9
Total Exposure Effect 7E 3.09 1.99,4.18 128 1.17,1.39 2.97 1.87,4.07 1.28 1.17,1.39
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