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Abstract

Mediation analysis with high-dimensional mediators is crucial for identifying epigenetic pathways linking environmental exposures to
health outcomes. However, high-dimensional mediation analysis methods for longitudinal mediators and a survival outcome remain
underdeveloped. This study fills that gap by introducing a method that captures mediation effects over time using multivariate,
longitudinally measured time-varying mediators. Our approach uses a longitudinal mixed effects model to examine the relationship
between the exposure and the mediating process. We connect the mediating process to the survival outcome using a Cox proportional
hazards model with time-varying mediators. To handle high-dimensional data, we first employ a mediation-based sure independence
screening method for dimension reduction. A Lasso inference procedure is further utilized to identify significant time-varying
mediators. We adopt a joint significance test to accurately control the family wise error rate in testing high-dimensional mediation
hypotheses. Simulation studies and an analysis of the Coronary Artery Risk Development in Young Adults Study demonstrate the

utility and validity of our method.
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Introduction

Mediation analysis, as an important topic in causal inference,
has been used to explore the mechanisms through which inter-
mediate variables mediate the relationship between an exposure
and an outcome. Originally developed in psychology research
[1-3], it has since been extended to fields such as epigenomics
[4] and microbiome studies [5, 6]. In recent years, substantial
research efforts have been devoted to developing methodology for
mediation analysis, especially with the rise of high-dimensional
data. In these contexts, the sparsity assumption is often applied,
implying that only a few mediators have significant effects. There-
fore, selecting the relevant mediators is essential for estimating
and inferring mediation effects. Zhang et al. [7] and Gao et al.
[8] proposed innovative methods on testing mediation effects in
high dimensional epigenetic studies. Additionally, Zhou et al. [9]
presented an inference procedure for indirect effects in high-
dimensional linear mediation models, while Zhang et al. [10]
and Luo et al. [11] proposed a multiple-testing procedure for
high-dimensional mediation effects in survival outcomes. How-
ever, these methods typically focus on time-invariant mediators.
In many studies, mediators are measured repeatedly over time,
as in the longitudinal DNA methylation (DNAm) data. When
repeatedly measured assessments of mediators are available, a

straightforward approach to simplifying mediation analysis is to
aggregate the longitudinal mediators into a single one. However,
this simplification often fails to capture the full complexity of the
mediation process, leading to a weakening of the indirect effect
[12]. There is a dearth of suitable high-dimensional mediation
models for longitudinal mediators and a survival outcome.

Our motivating example stems from the DNAm research con-
ducted within the Coronary Artery Risk Development in Young
Adults (CARDIA) Study, an ongoing longitudinal cohort examining
the development and determinants of clinical and subclinical car-
diovascular disease (CVD) and their risk factors. CVD remains the
leading cause of death and disability in the USA and worldwide,
primarily due to the progressive decline in cardiovascular health
over the lifespan. In the CARDIA study, epigenome-wide DNAmM
profiling was conducted repeatedly over time, providing a rich
source of longitudinal epigenetic data.

Social determinants of health (SDH) have long been recognized
as major contributors to CVD [13, 14]. Both individual (e.g. educa-
tion, household income, occupation, financial strain) and parental
factors (education, occupation) have been associated with CVD
risk [15, 16]. Our research aims to investigate the mediating effects
of longitudinal DNAm markers on the relationship between the
development of CVD and the individual social determinants of
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health (iSDH), which is calculated from individual level factors
including personal, parental, and childhood family environments.

In this study, we propose novel statistical techniques within the
context of high-dimensional mediation analysis (HIMA), focusing
on longitudinal DNAm mediators and a survival outcome. Our
approach uses a mixed-effects model to investigate the relation-
ship between the exposure—iSDH and the longitudinal mediators.
We connect the mediating process to the survival outcome using
a Cox proportional hazards model with time-varying mediators.
Our methodology is structured into a three-step approach. First, a
screening process reduces the number of mediators in the model
from a very large set to a manageable size. Second, we select
important time-varying DNAm markers predictive of disease risk
through Lasso [17] in a Cox model. Third, we develop a joint
significance test for mediation effects, adjusting for multiplicity
using Bonferroni’s method.

The remainder of this paper is structured as follows: In Section
Model and estimation, we introduce our model and propose a
three-step testing procedure for mediation analysis. Section Simu-
lation evaluates the performance of our approach through Monte
Carlo simulation studies. In Section Application, we demonstrate
the proposed method using the CARDIA study as a practical
example. Finally, we summarize our methodology and discuss
potential future directions in Section Discussion.

Model and estimation

Let X; denote the exposure (e.g. iSDH) for individual i, 1=1,--- ,n;
and let Zi = (Zy,...,Zj)" represent the baseline covariates to
adjust for. Define My, (t) as the k-th mediator (e.g. DNAm at the kth
CpG site) of individual i measured at time pointt,k =1,--- ,p and
t=to,- -, tr. Mi(t) changes over time during the follow-up period.
The outcome is a survival endpoint, where the observed follow-up
time Y; is the minimum of the censoring time C; and the failure
event time T;. The censoring indicator is given by & = I(T; < C;).

For the longitudinal methylation data in the CARDIA study, we
use the following mixed-effects model to examine the association
of DNAm at each CpG site and the exposure to iSDH:

Mip(t) = ay + o Xi + 0] Zi +ege(t), k=1,...,p (2.1)

where oy is the parameter relating the exposure to the kth media-
tor; ny is the vector of regression coefficients for the covariates.
Each DNAm marker has its own random intercept, denoted by
ai, at the DNAm marker level. We assume that ap ~ N(O,ag) is
independent for all i's and k’s. The error term ey(t) ~ N(O,02)
is independent of random effects ay’s. This model captures the
hierarchical structure of the data, which includes two levels: level
1is the repeated measures for each DNAm marker, and level 2 is
the subject level. In the mediators screening step described below,
we fit model (2.1) separately for each DNAm marker, leading to the
fitting of p two-level models.

To evaluate how DNAm biomarker trajectories influence CVD
development, we link Mj,(t) with CVD outcomes using a survival
model. Specifically, we define a discrete mediator process as
follows: Let tg = 0 < ty... < tr be an increasing
sequence of time points. Define the mediator process My (t) as
follows: My (t) = Mikj for § <=t <t with j = 0,1,...,T — 1.
Define My = {My; : k = 1,...,p,J) < j} to be the mediator
history up to time {; [18]. The mediators are only defined while
the individual is at risk (Y; > t); otherwise they are undefined. We
take a survival outcome and apply a high-dimensional Cox model

<t}' < ...

with time-dependent covariates to assess the association between
the survival outcome and time-varying mediators:

14
Ai(tIMy) = 20(D) eXp {01 X + 07 Zi + > BMu(,  (2.2)
k=1

where 2;(t) is the hazard for the survival endpoint for subject i;
Ao(t) is an unspecified baseline hazard function; 6; is the direct
effect of the exposure on the survival outcome; g = (B1,...,8p)7
is the regression parameter vector relating the mediators to the
survival outcome adjusting for the effect of the exposure and
covariates; 6, is the vector of regression coefficients for the covari-
ates.

To draw causal conclusions, assumptions about the absence of
confounders must be made. We assume the stable unit treatment
value assumption (SUTVA) holds [19]. Let m = (ma(to), ..., Mp(tr))
represent the vector of potential mediator values over time, and
let Y(x, m) denote the potential survival time when the exposure
is set to x and the mediators to m. My (%, t) denotes the observed
value for mediator k measured at time point t when the exposure
is set to x. Here, we assume that individual mediator process is not
causally related to each other. We would like to point out that this
assumption does not imply that all mediators are independent
given the exposure X and baseline adjusted covariates Z, and
it allows for potential unmeasured common causes (whether
induced by the exposure or not) between mediators. In addition to
the assumptions of positivity and consistency [20], the following
assumptions regarding potential confounding [4] will allow us to
identify both the joint causal mediation effect and path-specific
causal effects in the framework above:

(C1) X L Y(x,m)|Z, i.e. no unmeasured confounders between the
exposure and the survival outcome;

(C2) For any k, {Mp(x,1),t € [to,tr]} L Y(x,m)|X,Z, i.e. no unmea-
sured confounders between the mediators and the survival
outcome;

(C3)For any k, X L {Mi(x,t),t € [to,tr]}|Z, i.e. no unmeasured
confounders between the exposure and the mediators;

(C4) For any k, {Mp(x*,1),t € [to, tr]} L Y(x,m)|Z, i.e. no exposure-
induced confounding between the mediators and the sur-
vival outcome, where x* is the intervention for the exposure
X with different value than x.

Figure 1 illustrates the causal mediation pathway of high-
dimensional mediators Mk (t), exposure (X), and time-to-event out-
come (Y). The path-specific causal effect on the log-hazard differ-
ence scale for the mediator My (t) (X — Mi(t) — Y) can be defined

as a comparison of loghazard for Y(x, M1(x, 1), ..., Mp(x*, 1), ..., Mp(x, 1))

and Y(x,M1(x,1),..., Mp(x,t),...,Mp(x,1)), which can be approx-
imated as axfr(x* — X) [10]. The approximation holds under the
rare event assumption [21]. It is important to emphasize that even
if the rare event approximation does not hold, testing the null
hypothesis ax B = 0 remains valid for evaluating the existence of
a path-specific causal effect through M;. This approximation and
its assumptions have been rigorously discussed in [10].

Our aim is to estimate and test the null hypothesis e = 0 to
determine the presence of path-specific causal effect through My
with k = 1,...,p. Denote by Sp = {k : arBe # 0} the index set of
significant mediators. The proposed approach is as follows:

Step 1: Mediators screening. We reduce the dimension of medi-
ators from a very large to a moderate scale (below the sample
size). Motivated by the sure independence screening (SIS) [22, 23],
we consider a series of models with the single mediator, as shown
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Figure 1. The causal mediation pathway of high-dimensional mediators
Mg (t), exposure X, and time-to-event outcome Y.

in equations (2.1) and (2.3):
A(tMy) = Ao(t) exp {1 X; + 07 Z; + BeM (D} . (2.3)

We select a subset D = {k : My isamongthetop d =
[n/21log(n)] largest effect |arfe|, for k = 1,---,p}, where & and
Br are the estimates based on the above models (2.1) and (2.3),
respectively.

Step 2: Variable selection. We consider the following submodel

based on the selected set D,

Ai(tIMy) = Ao(t) exp [91Xi +0,Zi+ D BeMi(®) |- (2.4)
keD

In Step 2, we apply Lasso to further select important DNAm
markers predictive of disease risk. This simplifies the model to
a conventional regression with a small number of covariates. The
partial log-likelihood of Model (2.4) is defined as

(01,02, 8) =D 8 ’@1 —log [ZI(YI» >Y) exp(@i)i“ . (2.9)

i=1 =1

where ©; = 0, X; 461 Z; + > ke BeMip (Y. The penalized Cox partial
log-likelihood is defined as

Q(61,02, B)). = —£(61,02, B) + P..(B),

where P, (B) is the Lasso penalty function, and A > 0 is a tuning
parameter. The parameter estimates are obtained by minimizing
Q(01,02, B),. The penalized Cox proportional hazards model is
especially challenging when covariates vary over follow-up time
(i.e. the mediators are time-dependent). The above procedure
can be conveniently implemented using R function pcoxtime [24],
which uses proximal gradient descent algorithm for fitting penal-
ized Cox models.

Step 3: Joint significance test. We develop a joint significance
test for mediation effects. We use Bonferroni’s method to adjust
for multiplicity. The indirect effect for the kth DNAm marker can
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be given by axfr. We thus need to test the significance of the
indirect effect as

Hok :oxfe =0 vs Hig:apfe #0.

We can use the joint significant test [7] to test the above hypoth-
esis. Let 8 = {k : B # 0}, which is based on the lasso-penalized
estimate in Step 2. The raw p-value for testing Hy : g = 0 is given
by Ps, = 2{1 — ®(|:|/6p,)}, where k € S, ®(-) is the cumulative
distribution function of N(0, 1), and 65, is the estimate of standard
error for . Since the lasso penalty can produce biased estimates,
we conduct a refitting step to obtain accurate parameter esti-
mates by maximizing the log partial likelihood with the selected
variables. This procedure can be conveniently implemented using
R function coxph, which provides f, 65, and Pg,. To control the
family wise error rate (FWER), we use Bonferroni's method to
adjust for multiple comparisons. Thus, the corrected p-value is
given by Py, = min(P,,|S|, 1), where k € S and |S| is the cardinality,
i.e. the number of elements in set S.

Similarly, the raw p-value for testing Hy : ax = 0 is P, = 2{1 —
D(|arl/64,)}, Where k € S, & is the estimate of a, and 4,, is the
corresponding estimated standard error. The Bonferroni corrected
p-valueis Pak = min(P,, |S|, 1). We will reject the null hypothesis of
no mediation effect with My only if both o and g are significant.
The Bonferroni corrected p-value for the joint significance test is
defined as

Praxx = max(P,,, Pg,). (2.6)

If Pmaxr < 0.05, we can conclude that there exists significant
mediation effect for mediator k.

Simulation

In this section, we conduct simulation studies in four examples to
assess our proposed procedure.

Example 1 We generate data from models (2.1) and (2.2).
The first nine elements of g are
(0.5,0.4,0.3,0,0,0,0.5,0.4,0.3)T, and the first nine
elements of « are (0.5,0.4,0.3,0.5,0.4,0.3,0,0,0)T. The
rest of B and « are all 0. Thus, the first three mediators
M1, M, and M3 are active (significant) mediators. The
exposure X; is generated from a normal distribution
N(0,0.5?). The covariate z; = (zi1,2) " is generated from
a multivariate normal distribution with mean O,
variance 1 and an exchangeable correlation p = 0.3. The
coefficient , = (0.4,0.4)T,0; = 0.4 and 6, = (0.4,0.4)T.
The time-dependent covariates M(t) are generated
based on equation
M (t) = e Xi + 1] Zi + b+ ag +e(), k=1,....p. A
subject-level random effect b; is generated from
N(0,0.22); the DNAm marker level random effect ay, is
generated from N(0, 0.2%); ey (t) is generated from N(O, 1).
The simulation of the survival data with
time-dependent covariates Mg (t) extends that of [25]
from dichotomous time-dependent covariates to
continuous time-dependent covariates. We consider two
time intervals R1 = [0, 0.2), R2 = [0.2, o0), where the
time-dependent covariates are constant within each
interval but can vary between intervals. The mediators
are measured at time points 0 and 0.2. The baseline
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Table 1. The biases and MSEs of the estimated mediation effects in Example 1

p = 5000 p =10 000

n = 300 n =600 n =300 n = 600
agBr Bias MSE Bias MSE Bias MSE Bias MSE
a1 0.032 0.006 0.023 0.002 0.040 0.007 0.025 0.003
arBo 0.041 0.007 0.016 0.001 0.053 0.009 0.017 0.001
a3f3 0.048 0.006 0.005 0.001 0.049 0.006 0.016 0.002
ag By 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Table 2. The frequency of active mediators being kept after the
screening step over 100 repetitions in Example 1

Table 3. The empirical power of three active mediators, FWER,
Nrp, Npp after the multiple testing in Example 1

p = 5000 p =10 000 p = 5000 p =10 000
My n = 300 n =600 n =300 n =600 n =300 n =600 n =300 n =600
M 100 100 100 100 Proposed Py, 0.96 1.00 0.94 1.00
My 100 100 99 100 P, 0.77 0.99 0.71 1.00
M3 93 100 90 100 Py 0.35 0.93 0.34 0.83
FWER 0.006 0.003 0.033 0.003
Nrp 2.08 2.92 2.00 2.83
_ _ - . Nip 0.02 0.01 0.10 0.01
hazard is generated from the Weibull distribution with
the scale and shape parameters of 1 and 4, respectively. Naive Pay 0.75 1.00 071 1.00
We consider administrative censoring with C; = 1.2. As a Py, 0.29 0.91 0.19 0.91
result, the censoring rate is approximately 40%, with a Prtg 0.06 055 0.03 0.40
.. . N FWER 0.000 0.000 0.000 0.000
similar number of events observed in the Application.
Wi ider th b £ ted f h Nrp 1.10 2.46 0.93 2.31
e consider the number of repeated measures for eac Nep 0.00 0.00 0.00 0.00

patient n; = 1 or 2. The simulation is performed under
four settings: two sample sizes (n = 300 and n = 600)
and two dimensions of mediators (p = 5000 and

p = 10 000). All simulation results are obtained via 100
replicates.

We also compare our procedure with the naive joint signifi-
cance test, where each mediator is tested individually for signifi-
cance, and p-values are adjusted to account for multiple testing.
Specifically, Bonferroni’s correction is applied based on the total
number of DNAm markers p, controlling the FWER by dividing the
nominal significance level (e.g. 0.05) by p. In the above setting, let
So = {1,2,3} denote the index set of significant mediators. We
define FWER = P(3k € S : Pmaxk < 0.05), where Py is given
in (2.6).

Table 1 presents the estimates and mean square errors (MSE)
for the indirect effect agBi, k = 1,..., 4. Here, we omit the results
for {akﬁk}izs, because their performances are similar to that of
a4B4. From the results in Table 1, we can see that both biases and
MSEs are very small. The estimates are close to the true values of
the indirect effects and the MSEs decrease as the sample size n
increases.

Table 2 presents the frequency at which active mediators are
retained after the screening step, calculated over 100 repetitions
for each active mediator. The retention frequency for active medi-
ators is consistently near or at 100%, indicating the effectiveness
of our screening method. These results highlight the robust per-
formance of the screening process across various scenarios.

In Table 3, four criteria are used to assess the model’s perfor-
mance:

(i). Power: the empirical power after the multiple testing;
(ii). FWER: the family wise error rate, with a threshold level of
0.05;

Pumy, Puy, and Py, : the empirical power of mediators M1, My, and M3,
respectively; FWER: the family-wise error rate; Np: average number of true
positives; Ngp: average number of false positives.

(iii). Nrp: the average number of true positives (i.e. the average
number of relevant predictors being correctly selected);

(iv). Npp: the average number of false positives (i.e. the average
number of irrelevant predictors being incorrectly selected).

From Table 3, we observe that the Nyp values for our method
are close to 3, while the Npp values remain very small. The esti-
mated FWER for mediation effects is below 0.05, demonstrating
that our joint significance test procedure effectively controls the
FWER under the threshold level. In contrast, the naive procedure
is overly conservative with poor control of Type I error. Further-
more, our method shows superior power compared to the naive
method.

Example 2. In this example, to simulate “spatially” shared
information among CpG sites, we generated ay, from a
multivariate normal distribution with an autoregressive
(AR) correlation structure, where cor(ag, a;j) = p'*J! with
a moderate correlation coefficient p = 0.5. The mean
and variance of ay, are identical to those specified in
Example 1. This structure captures high correlations
between adjacent mediators while allowing for low
correlations between distant mediators, effectively
simulating spatially shared information. The
time-dependent covariates My (t) are generated based
on equation My (t) = e Xi + 0} Z; + b; + ag + e (t). The
other parameters, including exposure X;, the covariate
z;, coefficient a, B, ny, 61, 02, ei(t), b;, the number of
repeated measures for each patient n;, and the time to
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Table 4. The biases and MSEs of the estimated mediation effects in Example 2

p = 5000 p =10 000
n =300 n = 600 n =300 n = 600

agBr Bias MSE Bias MSE Bias MSE Bias MSE

a1 0.043 0.006 0.037 0.003 0.058 0.009 0.036 0.003

a2 B 0.038 0.008 0.024 0.001 0.061 0.009 0.022 0.001

a3f3 0.054 0.006 0.012 0.001 0.058 0.006 0.020 0.002

ag By 0.000 0.000 0.000 0.000 0.001 2e-4 0.000 0.000

Table 5. The frequency of active mediators being kept after the
screening step over 100 repetitions in Example 2

Table 6. The empirical power of three active mediators, FWER,
Nrp, Npp after the multiple testing in Example 2

p = 5000 p =10 000 p = 5000 p =10 000
My n = 300 n = 600 n =300 n =600 n =300 n =600 n = 300 n =600
M1 100 100 100 100 Proposed Py, 0.96 1.00 0.90 1.00
My 99 100 98 100 P, 0.76 1.00 0.64 1.00
M3 95 100 91 100 Py 0.30 0.88 0.27 0.77
FWER 0.017 0.008 0.017 0.013
Nrp 1.97 2.88 1.81 2.77
event data are generated in the same way as in Nep 0.06 0.03 0.04 0.05
Example 1. Naive Puy 0.65 0.98 0.54 1.00
P, 0.26 0.88 0.17 0.86
Table 4 presents the estimates and MSEs for the indirect effect Pu, 0.03 0.37 0.03 0.36
aefe,k = 1,...,4. The results for {axpe};_ are omitted, as their FWER 0.010 0.003 0.010 0.006
performances are similar to that of as8s. The findings in Table 4 Nrp 0.94 223 0.74 222
Ngp 0.02 0.01 0.01 0.02

demonstrate that both the biases and MSEs are small. The esti-
mates closely approximate the true values of the indirect effects,
and the MSEs exhibit a decreasing trend as the sample size n
increases.

Table 5 reports the retention frequency of active mediators
after the screening step, calculated over 100 repetitions for each
mediator. The retention frequency for active mediators consis-
tently approaches or reaches 100%, demonstrating the robustness
and effectiveness of the proposed screening methods.

Table 6 shows the empirical power of mediators M;, M,, Ms,
FWER, Nrp, and Ngp for the proposed and naive methods. The
proposed method shows consistently higher power for detect-
ing mediators. Our method maintains FWER < 0.05 across all
scenarios, ensuring Type [ error control. In contrast, the naive
procedure is overly conservative with poor control of Type I error.
For true positives, the proposed method identifies more mediators
on average. Overall, the proposed method balances low FWER with
high power.

In Examples 3 and 4, we examine scenarios where mediators
interact under both strong and weak heredity assumptions. The
strong heredity assumption requires that an interaction term be
included in the model only if both corresponding main effects
are significant, whereas the weak heredity assumption relaxes
this requirement by allowing interactions when at least one main
effect is significant.

Example 3. In this example, we evaluate the performance
of our proposed method when mediators exhibit
pairwise interactions under the strong heredity
assumption. The mediators Mj(t) are generated using
the same approach as described in Example 1. We also
include the interactions of the first three significant
mediators: M1M,, M1Ms, and M;Mj5 in the generation of
the time-to-event data. Specifically, we model the
hazard function as:

Pumi, Puy, Py, : the empirical power of mediators M1, My, and M3, respectively;
FWER: the family-wise error rate; Ntp: average number of true positives;
Np: average number of false positives.

Xi(tIMy) = Ao(t) eXp{61Xi + 03 Zi + 3, BeMi (D) +

1M1 (DM (D) + 02 Min (DMiz (1) 4+ @3 Mip (DMi3(1)}, where

»1 = @2 = g3 = 0.4. All other parameters are generated in
the same way as in Example 1. In the analysis, we ignore
interactions and consider only the main effects during
both screening and model fitting. This setup allows us
to evaluate the robustness and effectiveness of our
method in scenarios where the true data structure
includes interactions that are not explicitly accounted
for in the analysis.

Table 7 summarizes the estimates and MSE for the indirect
effects axBr,k = 1,...,4. The results in Table 7 show the robust
performance of our method, with consistently low biases and
MSEs. Moreover, the MSEs decrease as the sample size nincreases,
demonstrating improved estimation accuracy with increasing
sample size.

Table 8 presents the retention frequency of active (significant)
mediators after the screening step, based on 100 repetitions for
each mediator. The results indicate that active mediators are
consistently retained with high frequencies, demonstrating the
effectiveness of our method in identifying and preserving impor-
tant variables at the screening step. Moreover, the retention fre-
quencies reach 100 for n = 600.

Table 9 shows the empirical power of mediators M;, My, M3,
FWER, Nrp, and Npp for the proposed and naive methods. The
proposed method achieves higher power in detecting important
mediators while effectively controlling the FWER across all set-
tings. It strikes an optimal balance between low FWER and high
power. In contrast, the naive procedure is overly conservative.
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Table 7. The biases and MSEs of the estimated mediation effects in Example 3

p = 5000 p =10 000

n = 300 n =600 n =300 n = 600
agBr Bias MSE Bias MSE Bias MSE Bias MSE
a1 0.049 0.008 0.023 0.003 0.066 0.013 0.027 0.003
arBo 0.030 0.006 0.008 0.001 0.038 0.008 0.012 0.001
a3f3 0.042 0.006 0.007 0.001 0.039 0.006 0.004 0.002
ag By 0.000 0.000 0.000 0.000 0.000 0.000 7e-4 Se-5

Table 8. The frequency of active mediators being kept after the
screening step over 100 repetitions in Example 3

p = 5000 p =10 000
My n = 300 n = 600 n = 300 n = 600
M 100.00 100.00 100.00 100.00
M, 98.00 100.00 98.00 100.00
Ms 81.00 100.00 80.00 100.00

Table 9. The empirical power of three active mediators, FWER,
Nrp, Npp after the multiple testing in Example 3

p = 5000 p =10 000
n =300 n =600 n =300 n =600
Proposed Pumy 0.95 1.00 0.88 1.00
P, 0.82 0.99 0.75 0.99
Py 0.39 0.94 0.37 0.87
FWER 0.022 0.008 0.022 0.009
Ntp 2.16 2.93 1.98 2.86
Nrp 0.06 0.03 0.05 0.04
Naive Pumy 0.38 0.94 0.37 0.94
Pum, 0.15 0.73 0.13 0.68
Py 0.01 0.25 0.02 0.12
FWER 0.000 0.000 0.000 0.000
Ntp 0.54 1.92 0.52 1.74
Npp 0.00 0.00 0.00 0.00

Pumy, Pmy, Py, : the empirical power of mediators M1, My, and Ms, respectively;
FWER: the family-wise error rate; Np: average number of true positives;
Nrp: average number of false positives.

Even in the presence of interactions among important mediators,
our method remains robust.

Example 4. In this example, we evaluate the performance
of our proposed method in more complex scenarios by
incorporating interactions under both strong and weak
heredity assumptions. The mediators M(t) are
generated using the same approach as in Example 1.
The first three mediators My, M, and M3 are active
(significant) mediators. In Example 3, the interactions
MiM,, M1Ms, and M,;M; are constructed under the
strong heredity assumption. In this example, we include
three additional interactions M;M4, M1Ms, and M, Mg,
which follow the weak heredity assumption.
Specifically, the hazard function is modeled as:
i(tIMy) = ho(t) explo: X + 03 Zi + 34, BeMin(D) +
1Mt (OMi () + g2 Min (O M3 (t) + 3Mip (DM (1) +
@aMip (DMia () + s Mig (DMis (1) + @sMiz (Mg (D)}, where

»1 = @2 = g3 = 0.4, consistent with Example 3, and

@1 = s = g = 0.1. All other parameters are generated in
the same way as in Example 1. We also ignore
interactions and consider only the main effects in the
analysis.

Table 10 presents the biases and MSEs for the estimates of
arBr,k =1,...,4. Overall, the biases and MSEs remain small. Com-
pared to including only interactions under the strong assumption
in Example 3, incorporating interactions under both strong and
weak heredity assumptions leads to a slight decrease in perfor-
mance. This is likely due to the inclusion of additional interactions
under the weak heredity condition, which introduces more noise
into the model and reduces power when the interactions are
omitted from the analysis.

Table 11 presents the retention frequency of active mediators
after the screening step, based on 100 repetitions for each media-
tor. We observe that M; is consistently selected in all cases, while
M, and M3 are identified with high frequency, particularly when
the sample size is increased to n = 600.

Table 12 shows the empirical power of mediators M;, My,
M3, FWER, Np, and Ngp for the proposed and naive methods.
Compared to the naive approach, the proposed method achieves
higher power across all mediators while maintaining a proper
FWER, effectively identifying true mediators while controlling
false positives.

Application

We apply our method to the CARDIA Study, which is designed
to investigate the factors (behavioral, environmental, and race-
and sex-associated) that contribute to the development of CVD.
The CARDIA study is a multicenter, longitudinal, population-
based cohort involving 5115 Black and White men and women
aged 18-30 years old at baseline (1985-1986). Participants were
recruited from four urban areas: Birmingham, Alabama; Chicago,
Illinois; Minneapolis, Minnesota; and Oakland, California. Within
each center, the sample is designed to have approximately equal
numbers of participants by sex, race (Black or White), age groups
(18-24 years and 25-30 years), and education levels (high school
graduate or less, and beyond high school). Eight follow-up exam-
inations have been conducted through 30 years, starting from
baseline in 1985-1986 (Year 0), followed by 1987-1988 (Year 2),
1990-1991 (Year 5), 1992-1993 (Year 7), 1995-1996 (Year 10), 2000
2001 (Year 15), 2005-2006 (Year 20), 2010-2011 (Year 25), and
2015-2016 (Year 30). During the follow-up visits, extensive data
have been collected, including residential addresses, demograph-
ics, psychosocial factors, subclinical and clinical CVD outcomes.
DNAm data collection is planned at four time points: Year 15,
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Table 10. The biases and MSEs of the estimated mediation effects in Example 4

p = 5000 p =10 000

n =300 n = 600 n =300 n = 600
agBr Bias MSE Bias MSE Bias MSE Bias MSE
a1 0.066 0.010 0.028 0.003 0.069 0.011 0.033 0.003
a2 B 0.058 0.009 0.023 0.002 0.067 0.010 0.024 0.002
a3f3 0.052 0.006 0.004 0.001 0.053 0.006 0.016 0.002
ag By Se-4 2e-5 0.000 0.000 0.000 0.000 0.000 0.000

Table 11. The frequency of active mediators being kept after the
screening step over 100 repetitions in Example 4

p = 5000 p =10 000
My n = 300 n = 600 n = 300 n = 600
My 100 100 100 100

M, 97 100 94 100

Ms 81 100 82 96

Table 12. The empirical power of three active mediators, FWER,
Nrp, Npp after the multiple testing in Example 4

p = 5000 p =10 000
n =300 n =600 n =300 n =600
Proposed Py, 0.92 1.00 0.91 1.00
Pum, 0.70 0.97 0.63 0.99
Py, 0.29 0.90 0.29 0.81
FWER 0.032 0.003 0.010 0.003
Nrp 191 2.87 1.83 2.80
Nep 0.09 0.01 0.03 0.01
Naive Pumy 0.38 0.96 0.29 0.92
Pu, 0.05 0.61 0.05 0.54
Pums 0.01 0.16 0.00 0.08
FWER 0.00 0.00 0.00 0.00
Ntp 0.44 1.73 0.34 1.54
Npp 0.00 0.00 0.00 0.00

Pumy, Pu,, Pumy: the empirical power of mediators M1, M», and Ms, respectively;
FWER: the family-wise error rate; N7p: average number of true positives;
Nep: average number of false positives.

Year 20, Year 25, and Year 30. Due to data availability, epigenome-
wide DNAm data from blood samples of CARDIA subjects at Year
15 and Year 20 are included for our analysis, encompassing 856
626 CpG sites. Future studies may incorporate data from Years 25
and 30 to validate findings and investigate longitudinal changes
in DNAm patterns.

The iSDH index measured at Year 10 is the exposure variable.
Developed by Gao et al. [26], the iSDH index reflects more detri-
mental conditions with higher values. It incorporates personal
factors (education, household income, occupation, financial
strain), parental factors (education, occupation), and adverse
childhood family environment, collected through structured
questionnaires at the baseline and follow-up visits. The Boosted
Regression Tree model is used to determine the contribution of
each factor to coronary artery calcification risk. The selected
SDHs, along with their contributions (including the direction of
influence), are weighted and summed to construct the iSDH
index. To enable comparability across study years, the index

at each visit is standardized using the visit-specific standard
deviation.

We consider the time to the first occurrence of CVD or death
as the composite survival outcome, using Year 15 as the time
origin. Since mediators are observed at Years 15 and 20, this choice
ensures that the exposure at Year 10 precedes the mediators,
maintaining the correct temporal sequence for causal inference:
exposure — mediator — outcome. To maintain a valid causal
relationship, individuals diagnosed with CVD or deceased before
Year 15 are excluded. Individuals whose events occurred between
Years 15 and 20 are retained, as their DNA methylation measured
at Year 15 could still serve as a mediator. Notably, for these indi-
viduals, DNA methylation measured at Year 20 is not considered
as a mediator since it is observed after the survival outcome. For
individuals whose events occur after Year 20, DNAm measured at
both Years 15 and 20 is used as the mediator. The model adjusts
for priori confounders, including age, sex (coded as female = 0,
male = 1), race (coded as white = 1, Black = 0), examining center
(i) Birmingham, AL; (ii) Chicago, IL; (iii) Minneapolis, MN; and (iv)
Oakland, CA, blood cell type proportion, and batch effect. All
covariates are measured at Year 10, and continuous variables are
standardized before analysis.

In our study, we address missing data for both the exposure
and mediators. For the exposure, we impute missing iSDH factors
with the mean of the subject during follow up visits and calculate
the iSDH index accordingly. For the mediators, individuals who
are not consent to DNAm profiling are excluded. We use the
k-nearest neighbors method to impute missing data in the
high-dimensional DNAm dataset, ensuring completeness and
consistency for downstream analysis. Importantly, a comparison
of the characteristics of subjects with and without DNAm data
reveals no significant differences, suggesting that the DNAm
sample is representative of the broader population. Ultimately,
2032 subjects with complete data—including exposure variables,
covariates, DNAm data, and survival outcomes—are included in
the analysis, with a total of 3663 measurements. Of these, 146
subjects are diagnosed with CVD or experienced death during the
follow-up.

Our research specifically investigates how repeatedly mea-
sured DNAm markers mediate the relationship between iSDH and
the risk of developing the composite survival outcome of CVD or
death. The total effect of the exposure on the survival outcome,
denoted as X — Y, is estimated to be y = 0.322, with a p-value
of 0.0005, indicating a significant association. Table 13 presents
the estimates and standard error (SE, in parenthesis) for & and
B, the Bonferroni-adjusted p-values (p-value) and the percentage
of total effect (per) for the selected DNAm markers that exhibit
significant mediation effects based on our method, with a FWER
threshold set at 0.05.

Our analysis identifies two significant CpGs as mediators. For
cg05575921, located in the aryl hydrocarbon receptor repressor
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Table 13. Summary of selected DNAm markers with significant
mediation effects

Br (SE)

-0.205 (0.023) -0.164 (0.075) 0.033  10.4
~0.062 (0.016) -0.486 (0.108) 0.015 9.4

CpGs Gene & (SE) p-value per (%)

cg05575921  AHRR
cg06834630  KSR1

(AHRR) gene on chromosome 5, the estimated pathway effect
for X — M is -0.205, indicating that higher levels of (detri-
mental) iISDH factors are associated with reduced methylation at
cg05575921. The estimated pathway effect for M — Y is -0.164,
suggesting that lower methylation at cg05575921 is associated
with an increased risk of CVD/death. These findings are consis-
tent with previous studies [7]. Similarly, cg06834630, located in
the kinase suppressor of ras 1 (KSR1) gene on chromosome 17,
exhibits estimated pathway effects of -0.062 for X — M and -
0.486 for M — Y. These results mirror the pattern observed for
cg05575921. Thus, both selected CpGs contribute to a log-hazard
indirect effect that favorable iSDH factors are associated with a
decreased risk of CVD/death. Moreover, we examine the relative
magnitudes of the total effect mediated through methylation
markers, defined as axfr/y for each methylation marker. The
results, presented in the last column of Table 13, show that 10.4%
of total effect between iSDH index and CVD/death risk is medi-
ated via cg05575921, and cg06834630 mediates 9.4% of the total
effect.

Interestingly, although smoking during early adulthood is not a
component of the iISDH index, it is often associated with detrimen-
tal iISDH factors, potentially contributing to some of the observed
associations. Previous epigenome-wide association studies have
also identified a connection between smoking and methylation
changes at the AHRR gene, with cg05575921 being the most
significantly affected CpG site [27]. Moreover, AHRR methylation
has been explored as an objective marker for smoking behavior
and its implications for pulmonary and cardiovascular risk pre-
diction [28]. In addition, the KSR1 gene encodes scaffold proteins
that are integral to the Raf/MEK/ERK MAPK signaling pathway.
This pathway is crucial for various cellular processes, including
those related to cardiovascular function. Notably, KSR1 is linked
to isoform A of the Ras association domain-containing protein
1, which has been shown to regulate cardiac hypertrophy [29].
These findings highlight the importance of DNAm markers in
mediating the relationship between early life social determinants
and cardiovascular outcomes.

Discussion

In this study, we propose a novel model for high-dimensional
mediation analysis that accommodates time-varying mediators
and a survival outcome. Our approach integrates a longitudinal
mixed effects model to assess the relationship between the expo-
sure and mediators over time, and a Cox proportional hazards
model to link the mediating process to the survival outcome. This
framework addresses the complexities associated with longitudi-
nal and survival data, providing a robust mechanism to explore
mediation effects in high-dimensional settings.

There are several potential extensions for our method. First,
our method can be extended to mediation analysis with multi-
omic data, such as lipidomics [30] and proteomics, where medi-
ation analysis offers valuable insights into the comprehensive
biological mechanisms. Second, further refinement of the Lasso
inference procedure and the multiple-testing correction method

can improve the accuracy and power of detecting significant
mediators. We can use SCAD [31] and MCP [32] as alternative
regularization techniques, which could yield better performance
[33-36]. Third, the health outcome might depend on the expected
values of markers, rather than the observed values of markers
accompanying measurement errors. We will use the joint model
to explore this mediation analysis framework, e.g. [37-39].

In this work, we make a simplifying assumption by treat-
ing the mediator process as piecewise constant, corresponding
to the discrete times at which mediators are observed. While
the underlying mediator process may be continuous, it is not
directly observable. Our approach is consistent with standard
practice in survival analysis, where time-dependent covariates
are updated at observed time points. Modeling the continuous
underlying processes would introduce significant complexity and
is typically not pursued. Furthermore, addressing time-varying
effects and adjusting for time-varying confounding covariates,
especially in the context of high-dimensional mediation analysis,
presents important challenges but is beyond the scope of this
framework.

The choice between a point exposure and a time-varying expo-
sure depends on whether the goal is to assess the potential
impact of a one-time intervention or a continuous intervention.
In our study, we choose a fixed exposure framework (at Year
10) to align with the temporal order necessary for causal infer-
ence: exposure — mediator — outcome. This choice simplifies
the model while maintaining computational feasibility and inter-
pretability, particularly in a high-dimensional setting with over
850 000 mediators. Importantly, if there is no inverse causation,
i.e. early methylation (mediator) does not affect later social deter-
minants of health (exposure) and no lag in the effect, the current
method can be extended to incorporate time-varying exposures.
However, if inverse causation exists, even low-dimensional mod-
els become complex, requiring methods such as the marginal
structural model or g-formula [40] to compute causal effects.
Extending these methods to a high-dimensional mediator setting
is a promising direction for future work but is beyond the scope
of this study.

We note that there is no universally accepted standard for the
number of variables to retain in the screening step; however, the
choice of d = [n/2log(n)] is consistent with the recommendations
of [22]. This choice reflects a balance between false negatives
(type II error) and false positives (type I error). In Step 2, we
use the lasso penalty for variable selection, as it is currently
the only available method for handling high-dimensional Cox
models with time-dependent covariates. While lasso is known to
be prone to false positives, reducing the number of mediators to
d = [n/2log(n)] helps mitigate this issue, increasing the likelihood
of identifying truly significant mediators. Conversely, retaining a
larger number of variables, such as d = [n/log(n)], could reduce
statistical power in the joint significance testing step, especially
when Bonferroni's method is used for multiplicity correction. A
larger d inflates the number of hypotheses tested, resulting in
stricter corrections. Our simulation results indicate that the cho-
sen criterion strikes an effective balance, demonstrating strong
performance in practice.

In our current study, our model does not explicitly account for
the time scale on which DNA methylation changes from baseline
and corresponding effects occur. To capture these time-dependent
dynamics, we could modify Model (2.2) as follows:

p b
Ai(tIMy) = Ao(t) exp |91X1- +03Zi+ D neMix(to) + D BeAMi (D) ]
k=1 k=1



where AM;, (t) is the difference between My, (t) at time t and M, (to)
at the time origin t, for the kth mediator. If the p-value for the
coefficient B, of AMj(t) is significant, it indicates that change of
the kth mediator from t, is significantly associated with the time
to event. This model allows us to assess the temporal changes
in mediators and their impact on the survival outcome. However,
incorporating these temporal changes introduces complexity, par-
ticularly in defining and interpreting indirect effects. For example,
there are two high-dimensional vectors of variables My (to) and
AMi,(t), k = 1,..,p, so variable selection is needed for these
two sets of variables. Furthermore, this dual-parameter structure
complicates the decomposition of total effects into direct and
indirect components, making it more challenging to define and
interpret mediation pathways clearly. Despite these challenges,
such an extension provides a more nuanced understanding of the
mediators’ temporal roles in influencing survival outcomes, thus
worth further exploration in future research.

Our study has several limitations. First, our mediation methods
did not account for interaction effects among CpGs, a limitation
also present in our previous studies [7, 10]. In our simulations, we
evaluate the performance of our proposed method in the presence
of interactions under different heredity conditions. Specifically,
Example 3 includes interactions under the strong heredity
condition, while Example 4 incorporates interactions under both
strong and weak heredity conditions. Our method demonstrates
consistent performance, even when these interactions are ignored
during analysis. While incorporating interactions between pairs
of mediators could enhance statistical power and provide more
accurate estimates of indirect effects, doing so would significantly
increase dimensionality and computational demands. Given
that the primary goal of this study is to perform epigenome-
wide mediation analysis with 856 626 potential mediators,
incorporating all pairwise interactions is beyond the scope of
this paper. Nevertheless, this is a promising direction for future
research. Interaction screening methods for high-dimensional
data (e.g. [41, 42]), could effectively identify interactions and
offer a practical approach to addressing this challenge. Second,
our current dataset does not include genomic variant infor-
mation, and incorporating such data in future analyses could
significantly enhance the depth and scope of the study. It is
important to recognize that genomic variants could serve as
potential confounders, especially if they directly influence the
outcome independent of DNA methylation. To mitigate this,
genetic variants could be included as additional covariates in
the model to account for their confounding effects, thereby
ensuring a more robust and accurate interpretation of the
results. Finally, while potential DNAm markers are identified as
significant mediators in this application, the causal relationships
between iSDH, DNAm markers, and the outcomes require further
investigation and validation through biological experiments.
Incorporating such experimental evidence into future research
will be crucial to strengthening the interpretation of these
findings.

Key Points
e We develop high-dimensional mediation analysis meth-
ods for longitudinal mediators and survival outcomes.
e Our method can accommodate time-varying media-
tors, avoiding the limitations of simplified aggregate
approaches.
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e QOur approach outperforms existing methods, offering
enhanced accuracy and rigorous control of family-wise
error rates.

e Ourmodel addresses a critical need in longitudinal stud-
ies to identify pathways linking environmental expo-
sures to survival outcomes.
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