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Abstract:
Epigenome-wide mediation analysis aims to identify DNA methylation CpG sites that 
mediate the causal effects of genetic/environmental exposures on health outcomes. 
However, DNA methylations in the peripheral blood tissues are usually measured at 
the bulk level based on a heterogeneous population of white blood cells. Using the bulk 
level DNA methylation data in mediation analysis might cause confounding bias and 
reduce study power. Therefore, it is crucial to get fine-grained results by detecting 
mediation CpG sites in a cell-type-specific way. However, there is a lack of methods 
and software to achieve this goal. We propose a novel method MICS (Mediation In a 
Cell-type-Specific fashion) to identify cell-type-specific mediation effects in genome-
wide epigenetic studies using only the bulk-level DNA methylation data. MICS follows 
the standard mediation analysis paradigm and consists of three key steps. In step1, we 
assess the exposure-mediator association for each cell type; in step 2, we assess the 
mediator-outcome association for each cell type; in step 3, we combine the cell-type-
specific exposure-mediator and mediator-outcome associations using a multiple testing 
procedure named MultiMed [1] to identify significant CpGs with cell-type-specific 
mediation effects. We conduct simulation studies to demonstrate that our method has 
correct FDR control. We also apply the MICS procedure to the Normative Aging Study 
(NAS) and identify nine DNA methylation CpG sites in the lymphocytes that might 
mediate the effect of cigarette smoking on the lung function.  

Availability: 
An R package to implement MICS is available at: 
https://github.com/XiangyuLuo/MICS

Keywords: DNA methylation, mediation analysis, cell-type specific, multiple 
testing, inverse regression

1. Introduction
Mediation analysis is a useful statistical method for identifying biological pathways 
from genetic/environmental exposures to health outcomes [2–4], and has been widely 
used in both social and biomedical sciences. In epigenetic studies, it is of increasing 
scientific interest to study the mediator role of DNA methylation in the etiology of 
human diseases [5–10]. To claim a specific DNA methylation CpG site is a mediator in 
the causal pathway from an exposure to an outcome, the following two conditions must 
be satisfied simultaneously: (1) the exposure is associated with the mediator; (2) the 
mediator is associated with the outcome. For a continuous mediator and a continuous 
outcome, linear structural equation model (LSEM) is the standard method for detecting 
the presence of mediation effects [2–4,11]. The LSEM consists of two linear regression 
models: the mediator and the outcome regressions. The mediator regression links the 
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exposure to the mediator and can be used to assess whether the exposure is associated 
with the mediator; and the outcome regression links the exposure, the mediator to the 
outcome and can be used to assess whether the mediator is associated to the outcome. 
Both the exposure-mediator and mediator-outcome associations are required to be 
significant to claim the presence of mediation effects by the mediator, referred to as the 
joint significant test [12].

In epigenome-wide mediation analysis, as one usually needs to test hundreds of 
thousands of DNA methylation CpG sites simultaneously in order to discover 
statistically significant CpG sites that might mediate the effect of an exposure on an 
outcome, multiple testing correction needs to be performed to control the false positive 
findings. There are a number of multiple testing procedures developed recently for 
detecting mediation effects. Boca et al. (2014) proposed a permutation method to test 
multiple mediators simultaneously, however this approach is computationally 
expensive. Zhang et al. (2016) proposed to use the sure independent screening 
procedure [14] and minimax concave penalty [15] techniques to select promising CpG 
sites first, and then perform the joint significance test to detect the presence of 
mediation effects. However, Barfield et al. (2017) found that the joint significance test 
is overly conservative and has very low power in genome-wide epigenetic studies after 
multiple testing correction. Sampson et al. (2018) proposed a new multiple testing 
procedure with improved performance for identifying significant mediators with 
guaranteed control of the false discovery rate (FDR), building on the theory developed 
by Bogomolov and Heller (2018). This method has been implemented in the R package 
named MultiMed.

However, the DNA methylation samples are typically measured at the bulk level, and 
thus the obtained methylome for each sample actually measures the signals aggregated 
from distinct cell types [5,17,18]. For example, DNA methylation measurements based 
on peripheral blood samples essentially measure the DNA methylation levels of a 
mixture of white blood cells [17]. It is plausible that the genetic/environmental exposure 
variable only affects the methylation level of a CpG site in some but not all of the cell 
types, which in turn affects the outcome. Therefore, identification of the exact cell types 
that mediate the effect of the exposure on the outcome can help us gain novel biological 
insight into the disease etiology. However, detection of mediating CpG site in a cell-
type-specific fashion is challenging because the cell-type-specific methylation levels 
are typically not measured, but only the bulk-level DNA methylation measurements are 
available. To the best of our knowledge, no existing methods can achieve this goal.

Recently, several methods have been proposed to detect cell-type-specific CpG sites 
associated with one phenotype of interest, including a linear regression method with 
the cell type proportion and phenotype interaction terms [19], a hierarchical 
deconvolution model [20], and a tensor composition approach [21]. However, those 
methods are developed for association studies and thus cannot be directly applied to 
mediation analysis. Therefore, there is a pressing need of statistical methods for testing 
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the cell-type-specific mediation effects in genome-wide epigenetic studies.

In this paper, we propose a novel statistical method named MICS to discover CpG sites 
with cell-type-specific mediation effects using only the bulk-level DNA methylation 
data. Following the standard mediation analysis paradigm, we need to assess the 
exposure-mediator and mediator-outcome associations for each cell type. Inspired by 
previous work [19,20], the cell-type-specific exposure-mediator associations can be 
assessed by combining multiple cell-type-specific latent mediator regression models. A 
new challenge is that the cell-type-specific mediator-outcome associations cannot be 
assessed using the same trick. Leveraging the classical Frisch-Waugh-Lovell theorem 
[22,23], we propose an inverse regression framework to assess the mediator-outcome 
associations for each cell type. The exposure-mediator and mediator-outcome 
associations are further  combined using a multiple comparison procedure that has 
correct false discovery rate (FDR) control [1,16]. Our simulation studies show that the 
MICS procedure has correct FDR control and can identify cell-type-specific mediation 
effects with good power. An application to the Normative Aging Study (NAS) identifies 
nine CpG sites in lymphocytes that might mediate the effects of cigarette smoking on 
the lung function. We have implemented the MICS method into an R package which is 
now actively maintained and freely available.

The rest of our paper is organized as follows. We first define basic notation and 
introduce our new method MICS in Section 2. Second, we conduct simulation studies 
to evaluate the performance of MICS in Section 3. In Section 4, we apply MICS to the 
NAS data to demonstrate the usefulness of our method. We conclude the paper with 
discussions in Section 5. 

2. Methods
In this section, we present the MICS approach to test cell-type-specific mediation 
effects of a particular CpG site in the causal pathway from an exposure to an outcome 
in genome-wide epigenetic studies. Assume that there are  CpG sites and  cell 𝑚 𝐾
types. In an overview, MICS consists of three steps, as illustrated in Figure 1. In step 
1, we calculate p-values for the exposure-mediator associations for each cell type at 
each CpG site, and obtain an  by  p-value matrix Pval(1) =𝑚 𝐾

. In step 2, we calculate p-values for the mediator-outcome (𝑝𝑣𝑎𝑙(1)
𝑗𝑘 )1 ≤ 𝑗 ≤ 𝑚, 1 ≤ 𝑘 ≤ 𝐾

associations for each cell type at each CpG site and obtain another  by  p-value 𝑚 𝐾
matrix Pval(2). In step 3, we use the MultiMed multiple comparison procedure to 
combine the two p-value matrices, which can theoretically guarantee the FDR control 
[1,16].

[Insert Figure 1 here]
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2.1 Basic Notation
Denote the measured methylation beta value matrix by  with  CpG sites in rows 𝑶 𝑚
and  samples in columns. Specifically,  is the beta value of the CpG site  in 𝑛 𝑂𝑗𝑖 𝑗
sample . The beta value  is usually a mixture of methylation values from multiple 𝑖 𝑂𝑗𝑖
cell types, such as in blood. Denote the proportion of cell-type  in sample  by , 𝑘 𝑖 𝑤𝑘𝑖
which is now routinely calculated using the reference-based  Houseman method [17], 
implemented in the R package minfi [24]. Hence,  can be represented as a weighted 𝑂𝑗𝑖
sum of cell-type-specific methylation beta values with weights being the corresponding 
sample's cell type proportions. Denote the unmeasured methylation value of CpG site 
 in cell-type  for sample  by . We have the following expression𝑗 𝑘 𝑖 𝑢𝑖𝑗𝑘

𝑂𝑗𝑖 = ∑𝐾
𝑘 = 1𝑢𝑖𝑗𝑘𝑤𝑘𝑖.    (1)

We emphasize that the beta values rather than the M values should be used in MICS 
because the M values would break the linearity relationship between the aggregated 
methylation value  and the cell-type-specific methylation values  [17], which 𝑂𝑗𝑖 𝑢𝑖𝑗𝑘
will substantially increase the model complexity. The exposure vector 𝒔 = (𝑠1, 𝑠2, …, 

records the exposure variable of each sample, and the outcome vector is represented 𝑠𝑛) 
by . In addition, we use  to represent the  𝒚 = (𝑦1, 𝑦2, …, 𝑦𝑛) 𝒙𝒊 = (𝑥1𝑖, 𝑥2𝑖, …, 𝑥𝐷𝑖) 𝐷
dimensional covariates for the th sample.  Following the standard mediation analysis 𝑖
paradigm [2–4], our proposed MICS procedure also consists of three key steps: (1) 
assess the exposure-mediator association; (2) assess the mediator-outcome association; 
(3) combine the exposure-mediator and mediator-outcome associations to assess 
mediation effects. Since the analysis in the first two steps will be performed for each 
CpG site separately, we will suppress the CpG site index  for notation simplicity in 𝑗
Sections 2.2 and 2.3.

2.2 MICS Step 1: exposure-mediator association
First, we aim to test for the association between the exposure variable and the 
methylation levels for each cell type at each CpG site. The unmeasured (latent) cell-
type-specific methylation values  for the th sample and the th cell type can be 𝑢𝑖𝑘 𝑖 𝑘
modeled using the following latent mediator regression

𝑢𝑖𝑘 =  𝛽0,𝑘 + 𝛽𝑠,𝑘𝑠𝑖 + ∑𝐷
𝑑 = 1𝛽𝑥,𝑑𝑘𝑥𝑖𝑑 + 𝜖𝑖𝑘,    (2)

where the random error term  is assumed to have mean zero and variance .  𝜖𝑖𝑘 𝜎2
𝑘

Note that this regression model cannot be fitted directly because the response variable 
 is not observed in the data. Nevertheless, the association between the exposure 𝑢𝑖𝑘

variable  and the DNA methylation level in the th cell type is captured by the 𝑠 𝑘
regression parameter  and can be assessed by testing the following hypothesis𝛽𝑠,𝑘

𝐻0:𝛽𝑠,𝑘 = 0  𝑣𝑠 𝐻1:𝛽𝑠,𝑘 ≠ 0.
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If the cell-type-specific DNA methylation values  in Equation (2) are measured, 𝑢𝑖𝑘
then it is straightforward to fit the regression model (2) and perform the corresponding 
hypothesis testing to test whether  is zero. However, those cell-type-specific 𝛽𝑗𝑘
methylation values  are typically unmeasured, imposing one major challenge for 𝑢𝑖𝑘
assessing the association between the exposure variable and the methylation levels of 
those  cell types. We circumvent this difficulty using the trick as in Zheng et al.  𝐾
(2018) and Luo, Yang and Wei (2019).

We note that, given pre-computed cell type proportions , we can connect the 𝑤𝑘𝑖
measured bulk-level methylation levels to the exposure variable  and covariates 𝑂𝑖 𝑠𝑖

 without the need to know those cell-type-specific methylation levels . 𝑥𝑖𝑑 𝑢𝑖𝑘
Specifically, we combine Equations (1) and (2) to obtain (with  suppressed) the 𝑗
following equation

𝑂𝑖 = ∑𝐾
𝑘 = 1𝛽0,𝑘𝑤𝑘𝑖 + ∑𝐾

𝑘 = 1𝛽𝑠,𝑘𝑠𝑖𝑤𝑘𝑖 + ∑𝐷
𝑑 = 1∑𝐾

𝑘 = 1𝛽𝑥,𝑑𝑘𝑥𝑖𝑑𝑤𝑘𝑖 + ∑𝐾
𝑘 = 1𝑤𝑘𝑖𝜖𝑖𝑘   (3)

where the error term  can be shown to satisfy  and ∑𝐾
𝑘 = 1𝑤𝑘𝑖𝜖𝑖𝑘 𝐸(∑𝐾

𝑘 = 1𝑤𝑘𝑖𝜖𝑖𝑘) = 0
. The model (3) can thus be fitted because  is 𝑉𝑎𝑟(∑𝐾

𝑘 = 1𝑤𝑘𝑖𝜖𝑖𝑘) = ∑𝐾
𝑘 = 1𝑤2

𝑘𝑖𝜎2
𝑘 𝑂𝑖

measured and can be treated as the response variable, and , {𝑤𝑘𝑖:1 ≤ 𝑘 ≤ 𝐾} {𝑠𝑖𝑤𝑘𝑖
, ,  are all observed and can be treated as :1 ≤ 𝑘 ≤ 𝐾} {𝑥𝑖𝑑𝑤𝑘𝑖:1 ≤ 𝑘 ≤ 𝐾} (𝑖 = 1,…,𝑛)

the regressors. To handle the heteroscedasticity of the linear model, we can use the 
weighted least squares (WLS) to fit the above model. Therefore, we can detect the 
association between the exposure variable and the th cell type at a given CpG site by 𝑘
testing whether  is zero using the standard t test in linear regression models.𝛽𝑠,𝑘
We denote the p-value for testing  as , where the superscript 𝐻0:𝛽𝑠,𝑘 = 0 𝑝𝑣𝑎𝑙(1)

𝑘
indicates that this is the p-value from step 1. We then perform this t test to scan the 
whole epigenome for all the  CpG sites and obtain the  by  cell-type-specific 𝑚 𝑚 𝐾
p-value matrix Pval(1) for the exposure-mediator associations.

2.3 MICS Step 2: mediator-outcome association
In step 2, our goal is to detect any association between the mediator and outcome for 
each cell type. Specifically, for the th cell type, we propose to use the following 𝑘
outcome regression model

𝑦𝑖 = 𝛾0,𝑘 + 𝛾𝑠,𝑘𝑠𝑖 + 𝛾𝑢,𝑘𝑢𝑖𝑘 + ∑𝐷
𝑑 = 1𝛾𝑥,𝑑𝑘𝑥𝑖𝑑 + 𝛿𝑖𝑘,   (4)

where the regression parameter  captures the association between the mediator and 𝛾𝑢,𝑘
the outcome. Therefore, the mediator-outcome association can be inferred by testing 
the following hypothesis

𝐻0: 𝛾𝑢,𝑘 = 0  𝑣𝑠 𝐻1: 𝛾𝑢,𝑘 ≠ 0.

Unfortunately, the cell-type-specific methylation level  is unknown, and thus this 𝑢𝑖𝑘
regression model cannot be fitted, and the corresponding hypothesis testing cannot be 
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performed. If we apply the same trick as in step 1 by using Equation (1), then the term  

 in Equation (4) will become  which still contains the unknown 𝛾𝑢,𝑘𝑢𝑖𝑘 ∑𝐾
𝑘 = 1𝛾𝑢,𝑘𝑢𝑖𝑘𝑤𝑘𝑖

quantity  and thus cannot be used for model fitting and hypothesis testing. 𝑢𝑖𝑘
Leveraging the classical Frisch-Waugh-Lovell theorem [22,23], we observe that  
testing whether   is equivalent to testing whether  in the 𝐻0: 𝛾𝑢,𝑘 = 0 𝐻0: 𝛾𝑦,𝑘 = 0
following inverse regression model

𝑢𝑖𝑘 = 𝛾0,𝑘 + 𝛾𝑠,𝑘𝑠𝑖 + 𝛾𝑦,𝑘𝑦𝑖 + ∑𝐷
𝑑 = 1𝛾𝑥,𝑑𝑘𝑥𝑖𝑑 + 𝛿𝑖𝑘,      (5)   

This inverse regression idea has been used previously in genetic association studies 
[25–29]. Now we can use the same trick as in step 1 by combing Equations (1) and (5), 
then we obtain the following estimable inverse regression model

𝑂𝑖 = ∑𝐾
𝑘 = 1𝛾0,𝑘𝑤𝑘𝑖 + ∑𝐾

𝑘 = 1𝛾𝑠,𝑘𝑠𝑖𝑤𝑘𝑖 + ∑𝐾
𝑘 = 1𝛾𝑦,𝑘𝑦𝑖𝑤𝑘𝑖 + ∑𝐷

𝑑 = 1∑𝐾
𝑘 = 1𝛾𝑥,𝑑𝑘𝑥𝑖𝑑𝑤𝑘𝑖

+ ∑𝐾
𝑘 = 1𝑤𝑘𝑖𝛿𝑖𝑘.      

Similarly, we can use the WLS method to fit this model, and use the t test in the linear 
model framework to test whether 's are zeros, and  the p-value  for 𝛾𝑦,𝑘 𝑝𝑣𝑎𝑙(2)

𝑘 𝛾𝑦,𝑘
 can be obtained, where the superscript represents step 2.  The collection of = 0 𝑝𝑣𝑎
for all the  CpG sites is denoted by the  matrix Pval(2).𝑙(2)

𝑘  𝑚 𝑚 × 𝐾

2.4 MICS Step 3: identifying significant mediators
After we obtain the p-values for assessing exposure-mediator and mediator-outcome 
associations for each cell type across all  CpG sites, we can infer the presence of 𝑚
mediation effects for a particular cell type at a given CpG site using the method 
developed by Sampson et al. (2018) and implemented in the R Bioconductor package 
MultiMed [30]. Here, we briefly describe this method, and the theoretical properties 
that guarantee FDR control can be found in the original papers [1,16].

The MultiMed procedure for identifying significant mediators start with two vectors of 
p-values with the same length ,  for the exposure-mediator 𝑚 𝑃(1) = (𝑝11,…,𝑝1𝑚)
associations and  for the mediator-outcome associations. For a 𝑃(2) = (𝑝21,…,𝑝2𝑚)
given significance level , define  and  where 𝛼 𝜔𝑠1 = {𝑗:𝑝1𝑗 < 𝛼/2} 𝑆1 = 𝐶(𝜔𝑠1)

 is the cardinality of a set and  indexes the CpG site.  Similarly, 𝐶( ⋅ ) 𝑗 = 1,…,𝑚
define  and . Define the following multiple 𝜔𝑠2 = {𝑗:𝑝2𝑗 < 𝛼/2} 𝑆2 = 𝐶(𝜔𝑠2)
comparison procedure (MCP)

𝑀𝐶𝑃𝑆 = {𝑗:𝑗 ∈ 𝜔𝑠1 ∩ 𝜔𝑠2, 𝑝1𝑗 <
0.5𝛼

𝑆2
, 𝑝2𝑗 < 0.5𝛼/𝑆1}

and then define the subset-adjusted p-value as  if  𝑝𝑠𝑗 = 2max (𝑆2𝑝1𝑗,𝑆1𝑝2𝑗) 𝑝1𝑗
 and ;  otherwise. We then claim the CpG site  < 𝛼/2 𝑝2𝑗 < 𝛼/2 𝑝𝑠𝑗 = 1 𝑗 ∈ 𝜔𝑠1 ∩ 𝜔𝑠2
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to be a significant mediator if

𝑝𝐷𝑗 = min
𝑗′:𝑝𝑠𝑗′ ≥ 𝑝𝑠𝑗

𝑝𝑠𝑗′/𝑟𝑎𝑛𝑘(𝑝𝑠𝑗′) ≤ 𝛼,

where  is the FDR-adjusted p-value and  is the rank of  for the CpG 𝑝𝐷𝑗 𝑟𝑎𝑛𝑘(𝑝𝑠𝑗) 𝑝𝑠𝑗
site .𝑗 ∈ 𝜔𝑠1 ∩ 𝜔𝑠2

3. Simulation Study
We performed simulation studies to demonstrate the capability of MICS for detecting 
cell-type-specific mediation effects. We set sample size , the total number of 𝑛 = 400
CpG sites  and the total number of cell types . To illustrate the 𝑚 = 5000 𝐾 = 3
usefulness of our proposed MICS method over traditional bulk-level mediation analysis, 
we designed two classes of CpG sites: (1) the mediation effects occur only in cell type 
1 for CpG sites 1-5; (2) the mediation effects exist in cell types 1 and 2 for CpG sites 
6-10, and the two types of effects have similar magnitudes but in different directions. 
All the other CpG sites have null mediation effect. For those CpG sites in Class 1, we 
expect that both MICS and bulk-level approaches can detect them, but MICS can 
further detect which cell type is actually driving the mediation effect. For those CpG 
sites in Class 2, since the combined mediation signals from cell types 1 and 2 almost 
cancel out, we expect that bulk-level approaches fail to identify them, but MICS can 
successfully detect them in a cell-type-specific fashion.

To mimic the NAS real data, we generate a binary exposure variable  from a 𝑠𝑖
Bernoulli distribution with success probability 0.5.  We generate a binary covariate 

 from a Bernoulli distribution with success probability 0.5 and a continuous 𝑥𝑖1
covariate  from a uniform distribution on (-0.5, 0.5). Next, we generated cell-type-𝑥𝑖2
specific methylation values  ( ).  For those CpG sites  of 𝑢𝑖𝑗𝑘 0 < 𝑢𝑖𝑗𝑘 < 1 1 ≤ 𝑗 ≤ 5
Class 1 in cell type 1, . For those CpG sites 𝑢𝑖𝑗1 = 0.35 + 0.3𝑠𝑖 +0.03𝑥𝑖1 +0.01𝑥𝑖2 +𝜖

 of Class 2, in cell type 1, we set 6 ≤ 𝑗 ≤ 10 𝑢𝑖𝑗1 = 0.35 + 0.3𝑠𝑖 +0.03𝑥𝑖1 +0.01𝑥𝑖2
; and in cell type 2, we set , where the +𝜖 𝑢𝑖𝑗2 = 0.5 ― 0.3𝑠𝑖 +0.03𝑥𝑖1 +0.01𝑥𝑖2 +𝜖

noise terms  is from a uniform distribution on (-0.01, 0.01). In all other cases,  has 𝜖 𝑠𝑖
no effect on methylation, , where ,𝑢𝑖𝑗𝑘 = 𝜇𝑘 +0.03𝑥𝑖1 +0.01𝑥𝑖2 +𝜖 𝜇1 = 0.35  𝜇2

 and 35.= 0.5 𝜇3 = 0.

Given , ,  and , we generate the outcome  as follows.𝑠𝑖 𝑥𝑖1 𝑥𝑖2 𝑢𝑖𝑗𝑘 𝑦𝑖

𝑦𝑖 = 𝛾0 + ∑𝑚
𝑗 = 1∑𝐾

𝑘 = 1𝛾𝑢,𝑗𝑘𝑢𝑖𝑗𝑘 + 𝛾𝑠𝑠𝑖 + 𝛾𝑥,1𝑥𝑖1 + 𝛾𝑥,2𝑥𝑖2 + 𝛿𝑖
       = 4.3 + 0.8𝑢𝑖1,1 + 1.0𝑢𝑖2,1 + 0.8𝑢𝑖3,1 + 0.8𝑢𝑖4,1 + 1.0𝑢𝑖5,1

       +  0.6𝑢𝑖6,1 + 0.6𝑢𝑖7,1 + 0.7𝑢𝑖8,1 + 0.8𝑢𝑖9,1 + 0.6𝑢𝑖10,1
       +  0.7𝑢𝑖6,2 + 0.7𝑢𝑖7,2 + 0.4𝑢𝑖8,2 + 0.9𝑢𝑖9,2 + 0.3𝑢𝑖10,2

                                 ― 1.5𝑠𝑖 ― 0.3𝑥𝑖1 ― 0.1𝑥𝑖2 + 𝛿𝑖,

where  is a noise term with standard deviation 0.02. Finally, the cell-type proportion 𝛿𝑖
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 was drawn from Dirichlet distribution with parameters (80,80,40), and (𝑤1𝑖,𝑤2𝑖,𝑤3𝑖)
the observed bulk-level methylation values was obtained by .𝑂𝑗𝑖 ∑𝐾

𝑘 = 1𝑢𝑖𝑗𝑘𝑤𝑘𝑖

We conducted both MICS and bulk-level mediation analysis based on the observed data 
 with FDR less than 0.2. We repeat this {𝑂𝑗𝑖, 𝑦𝑖, 𝑠𝑖,𝑥𝑖1,𝑥𝑖2:1 ≤ 𝑗 ≤ 𝑚, 1 ≤ 𝑖 ≤ 𝑛}

experiment 1000 times and summarize the results in Table 1. The reported power of 
Class 1 CpG sites is calculated as the average powers of those CpG sites 1-5 based on 
1000 replications. The power of Class 2 CpG sites is defined similarly. The FDR in cell 
type  was computed as the average of the proportions of falsely detected CpG sites 𝑘
among the total detected in cell type .  𝑘

[Insert Table 1 here]

The MICS procedure has good FDR control as expected. For Class 1 CpG sites, the 
mediation effects exist only for cell type 1. The bulk-level analysis can also detect Class 
1 CpG sites with comparable power, but it cannot tell which cell type is contributing to 
the mediation effect signal. For Class 2 CpG sites, the overall mediation signals in cell 
types 1 and 2 are almost canceled out, so the bulk level analysis has very low power to 
detect them. In contrast, MICS can detect that cell type 1 and 2 have mediation effects 
with good power.

We further did more simulation studies to assess the sensitivity of MICS to the 
estimation accuracy of cellular compositions by varying the absolute error from 1% to 
5% based on our original simulation set up. In this range, we found that the FDR of 
MICS is still well controlled at nominal level. The largest change of power is about 2% 
(on absolute scale) for cell type 1 and is about 3.5% change for cell type 2. Therefore, 
the MICS is robust to the cell proportion estimations within 5% absolute error range 
which can be achieved using the Houseman’s method [17]. Therefore, we recommend 
that rare (less than 5%) cell types should be aggregated when using MICS to produce 
more stable and accurate results. 

4. An Application to the Normative Aging Study
In this section, we applied MICS to the Normative Aging Study (NAS) to test the cell-
type-specific mediation effects of DNA methylation in the causal pathway from 
smoking behavior to lung function. The NAS is an ongoing prospective cohort study 
established in Eastern Massachusetts in 1963 by the U.S. Department of Veteran Affairs 
(VA) [31]. The men were free of known chronic medical conditions at enrollment and 
returned for on-sites, follow-up visits every 3-5 years. During these visits, detailed 
physical examinations were performed, bio-specimens including blood were obtained, 
and questionnaire data pertaining to diet, smoking status, and additional lifestyle factors 
that may impact health were collected. DNA methylation was measured using the 
Illumina Infinium HumanMethylation450 BeadChips on blood samples collected after 
an overnight fast [32]. Briefly, we removed any probes on the sex chromosomes, non-
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CG probes, and probes within 10 bp of a known SNP within the 1000 genomes 
population. The batch effects were adjusted by the ComBat algorithm [33]. More 
information about the preprocessing and collection of the data has been published 
elsewhere [34]. The mediation analysis was done on a total of 449,547 probes from 607 
men. The methylation beta-values ranging from 0 (no methylation) to 1 (full 
methylation) was calculated for each CpG site. The exposure was a binary variable 
smoking status (current or former smokers versus never smokers), and the outcome was 
the forced expiratory flow at 25%-75% of the forced expiratory vital capacity (FEF25-

75%). We transformed FEF25-75% using squared root to achieve better normality.  We 
adjusted for age, height, weight, education history, medication history to control for 
potential confounding bias.

In this data example, we categorized white blood cells into three main cell types, 
lymphocyte, monocyte and granulocyte based on the white blood cell lineage 
relationships. Other cell types with very small proportions were removed to improve 
numerical stability and accuracy. Cell type proportions were estimated using the 
Houseman's method based on a set of informative CpG sites [17].

We then applied the proposed MICS procedure to our data set. With FDR less than 0.2, 
we detected the following nine significant CpG mediators in the lymphocytes: 
cg03031959 (on gene RASEF of chromosome 9, q=0.11), cg03867465 (on gene 
MGC45800 of chromosome 4, q=0.11), cg06691963 (on gene FOXP1, q=0.11), 
cg06926934 (on genes MIR1469 and NR2F2 of chromosome 15, q=0.11), cg09832443 
(on gene CREB5, q=0.11), cg15160198 (on gene CYP7B1 of chromosome 8, q=0.11), 
cg18794577 (on gene GRIN3A of chromosome 9, q=0.11), cg04376185 (on gene 
SCML1 of chromosome X, q=0.13) and cg09727046 (on gene MIR548H4 of 
chromosome 15, q=0.13). We did not find any significant CpG sites for monocytes and 
granulocytes. Detailed annotation information of the detected CpG sites in lymphocytes 
is provided in Table 2.

[Insert Table 2 here]

For cg03031959, the gene RASEF  has been found to be a diagnostic biomarker for 
lung cancer [35] and is also associated with other lung-related diseases such as chronic 
obstruct pulmonary disease [36], cigarette smoke-induced pulmonary arterial smooth 
muscle remodeling [37] and asthma [38]. For cg06691963, the corresponding gene 
FOXP1 controls and regulates lung development [41,51] and plays a role in non-small 
cell lung cancer [42]. The biological findings for other significant CpG sites are 
summarized in the last column of Table 2.

The computation time for the MICS depends on the sample size and the number of CpG 
sites. In our data set, the sample size is about 600, and the number of CpG sites is 
449,547. The total running time is about 2 hours on a 2.5 GHz processor laptop with 
16 G memory. 
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5. Conclusion
In this paper, we first reviewed existing mediation analysis methods in genome-wide 
epigenetic studies, and then we proposed a new method named MICS to detect cell-
type specific mediation effects using the bulk DNA methylation measurements. The 
standard LSEM cannot be directly applied here because the cell-type specific DNA 
methylation levels are not available, and the traditional mediator and outcome 
regression models cannot be fitted. We borrowed the idea from  Zheng et al.  (2018) 
and Luo, Yang and Wei (2019) which combines multiple cell-type specific latent 
mediator regressions together so that the combined regression model can be fitted. The 
same trick cannot be directly used for the mediator-outcome regression because the 
unknown cell-type specific methylation levels are on the right-hand size of the 
regression model. We propose to use the inverse regression approach by switching the 
positions of the outcome and mediator in the regression model. By the classical Frisch-
Waugh-Lovell theorem [22,23], this inverse regression approach yields the same 
inference result for the mediator-outcome associations. The mediation effects are 
finally assessed by combining the exposure-mediator and mediator-outcome 
associations for each cell type using the MultiMed approach which guarantees the FDR 
control [1]. We conduct simulation studies to demonstrate that the proposed MICS 
procedure has correct FDR control and has good power to detect cell-type specific 
mediation effects. We further applied our method to the ongoing NAS data and 
identified nine CpG sites in the lymphocytes that might mediate the effect of smoking 
on the lung function.  

The framework adopted by MICS can be easily extended to other types of genomic data 
that is similar to the methylation data in terms of being mixed from heterogeneous cell 
populations, for example, bulk RNA-seq data. In addition, it is future work to adapt the 
MICS framework to more general settings, for example, when some variables are 
missing or multivariate exposures. Regarding the practical usage, MICS is 
accompanied by a user-friendly and computationally efficient R package and can be 
routinely used for detecting cell-type-specific mediation CpG sites in genome-wide 
epigenetic studies.

Key Points
 We proposed a method named MICS that can detect cell-type specific 

mediation effects of a CpG site using only the bulk-level DNA methylation 
measurements without knowing the cell-type specific methylation levels.

 Simulation study shows that MICS has correct FDR control and good power 
to detect cell-type specific mediation effects. An application to the NAS data 
set identified nine CpG sites in the lymphocytes that might mediate the effect 
of smoking on the lung function.
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 Our framework can be extended to other genomic data types, such as the 
RNA-seq data, to study the mediator roles of gene expressions from 
genetic/environmental exposures to health outcomes.
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Figure 1. An illustration of the three steps of the proposed MICS method. Step 1: MICS calculates the p-
value matrix for the associations between the exposure and the mediator for each cell type. Step 2: MICS 

calculates the p-value matrix for the associations between the mediators on the outcome for each cell type. 
Step 3: Combine the cell-type specific exposure-mediator and mediator-outcome p-value matrix using the 

multiple testing procedure MultiMed. 
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Table 1. Cell-type-specific power and FDR of MICS based on 1000 replications.

Cell type 1 Cell type 2 Cell type 3
Power on Class 1 CpG sites 0.901 NA NA
Power on Class 2 CpG sites 0.88 0.94 NA

FDR 0.01 0.02 0.01
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Table 2. Nine CpG mediators in the lymphocytes detected by MICS with annotation information.

CpG site ID q-value CHR location gene island previous findings

cg03031959 0.11 9 85677921 RASEF chr9:85677015-
85678321 [35–38]

cg03867465 0.11 4 183062301 MGC45800 chr4:183062278-
183062481 [39,40]

cg06691963 0.11 3 71149599 FOXP1 NA [41,42]

cg06926934 0.11 15 96875675 MIR1469; 
NR2F2

chr15:96873408-
96877721 [43,44]

cg09832443 0.11 7 28612680 CREB5 NA [45]

cg15160198 0.11 8 65711369 CYP7B1 chr8:65710990-
65711722 [46–48]

cg18794577 0.11 9 104501030 GRIN3A chr9:104499849-
104501076 [49]

cg04376185 0.13 X 17755081 SCML1 chrX:17755053-
17756648 None

cg09727046 0.13 15 69366554 MIR548H4 chr15:69366321-
69366796 [50]
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