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ABSTRACT
Aims: Environmental factors can alter DNA methylation (DNAm) levels, influence gene expression, and 
then change fasting glucose (FG) or hemoglobin A1c (HbA1c).
Methods: Through analyzing DNAm data of 2366 Taiwan Biobank individuals aged between 30 and 70  
years, I evaluated the role of DNAm in mediating the associations of seven non-genetic factors (BMI, 
chronological age, sex, smoking, drinking alcoholic beverages, education, and regular exercise) with FG 
and HbA1c.
Results: Among 846,232 Cytosine-phosphate-Guanine (CpG) sites, the single-mediator model explored 
that 21, 15, 10, 3, 3, and 1 CpGs significantly mediated (p < 6.6E-9) the BMI-HbA1c, BMI-FG, sex-FG, age- 
FG, age-HbA1c, and drinking-HbA1c associations, respectively. The multiple-mediator model considered 
all significant mediators and selected the model with the smallest Akaike Information Criterion, and 
identified 8 CpGs that linked exposures (BMI, sex, age, and drinking) to diabetes indicators. Seven out of 
the 8 CpGs have been reported to be associated with diabetes, FG, HbA1c, or insulin resistance in 
previous epigenome-wide association studies.
Conclusion: Four of the 8 CpGs (cg19693031, cg04816311, cg00574958, and cg11024682) were 
associated with the expression of genes implicated in diabetes and metabolism, including the TXNIP, 
GPR146, CPT1A, and SREBF1 genes. These findings highlight the underlying epigenetic mechanism 
linking non-genetic factors with diabetes.
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1. Introduction

Obesity, aging, male sex, smoking, lower educational attain
ment, and less physical activity are all associated with an 
increased risk of developing diabetes. Obesity is a primary 
risk factor for diabetes by leading to both insulin resistance 

and β-cell dysfunction [1]. Aging is also a critical risk factor for 
diabetes due to increased insulin resistance and decreased 
pancreatic function [2]. Moreover, males are more likely to 
develop diabetes than females. Around the world, 
17.7 million more males are estimated to have diabetes than 
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females [3]. Smokers are 30%-40% more likely to develop 
diabetes than nonsmokers [4]. Lower educational attainment 
is associated with a higher risk of diabetes [5]. While educa
tional level has no direct biological effect on diabetes, it may 
change lifestyles and influence the risk of diabetes. Ultimately, 
regular physical activity helps regulate blood sugar levels and 
reduces the risk of developing diabetes [6]. Mounting evi
dence supports a link between these six non-genetic factors 
and diabetes.

Compared with the six abovementioned factors, the rela
tionship between alcohol consumption and diabetes is rela
tively controversial. Some studies reported that drinking 
alcohol increased the risk of developing diabetes [7], while 
others found that alcohol consumption reduced the risk of 
diabetes [8]. Moreover, several studies did not find any clear 
relationship between alcohol and diabetes [9].

DNA methylation (DNAm) is regarded as a bridge between 
environmental factors and diabetes indicators. Unlike the DNA 
sequence, DNAm is dynamic throughout the lifetime and can 
be altered by environmental factors. DNAm may affect gene 
expression without changing the hereditary DNA sequence. 
A hypothesis is that environmental stimuli alter DNAm, and 
then DNAm changes influence gene expression and diabetes 
traits. Previous studies have reported associations between 
diabetes and DNAm of the IGFBP2, MSI2, FTO, TXNIP, SREBF1, 
PHOSPHO1, SOCS3, and ABCG1 genes [10–13].

To evaluate the underlying epigenetic mechanism linking 
these seven non-genetic factors to diabetes, I here performed 
an epigenome-wide mediation analysis using high-dimen
sional mediation hypotheses testing (HDMT) [14]. Moreover, 
I mapped the Cytosine-phosphate-Guanine (CpG) sites signifi
cantly mediating the association of the seven environmental 
factors with two diabetes indicators (fasting glucose [FG] and 
hemoglobin A1c [HbA1c]) to several well-known protein- 
coding genes.

2. Materials and methods

2.1. The Taiwan Biobank data

Since 2012, the Taiwan Biobank (TWB) has recruited ~200,000 
community-based volunteers from Taiwan’s residents [15]. 
Participants were aged 30 to 70 years without a history of 
cancer diagnosis. After signing written informed consent, 

participants provided blood and urine samples and completed 
lifestyle questionnaire surveys. Moreover, TWB’s health profes
sionals conducted physical health examinations for each 
individual.

The blood and urine samples were analyzed by laboratories 
certified to ISO standards and accredited by the College of 
American Pathologists (CAP). The TWB questionnaire included 
personal information, dietary habits, and environmental expo
sures. Epidemiologists designed the questionnaire, and several 
workgroups evaluated the logical flows and clarity of the 
questions. Moreover, the TWB performed a preliminary study 
to validate the questionnaire. The reliability of the TWB ques
tionnaire was evaluated by comparing participants’ responses 
at baseline and follow-up surveys [16].

Between 2016 and 2021, TWB randomly selected 2474 
participants for DNAm quantification. The sampling was per
formed based on the county populations and the male-to- 
female ratio in Taiwan. The Illumina Infinium MethylationEPIC 
BeadChip (Illumina, Inc., San Diego, CA), comprising 865,859 
CpG sites, was used to quantify DNA methylation levels in the 
individuals. The Infinium MethylationEPIC BeadChip demon
strated a strong correlation between replicates (r2 > 0.98), indi
cat ing high assay reproducibi l i ty  (https://support .  
illumina.com).

The TWB did not survey the use of diabetes medication. To 
avoid confounding due to medication use, I excluded 102 
individuals who had been diagnosed with diabetes by 
a physician (who might be taking diabetes medication). 
A total of 2372 individuals were retained for further analysis.

2.2. Quality control for DNA methylation data

The raw intensity (.idat) files for the 2474 TWB individuals were 
generated using the Illumina Infinium MethylationEPIC 
BeadChip (Illumina, Inc., San Diego, CA). CpGs were mapped 
to genes using an annotation object generated by the 
‘IlluminaHumanMethylationEPICanno.ilm10b4.hg19’ 
R package (version 0.6.0) [17]. Sample-wise normalization was 
performed to account for background and dye biases, as well 
as other unwanted technical variations introduced during 
batched data processing. Normalization was conducted using 
the “noob” method (normal-exponential convolution using 
out-of-band probes) [18], implemented in the “minfi” package 
[19]. The “minfi” package is widely used for analyzing Illumina 
DNA methylation array data [19], and the “noob” method can 
reduce within- and between-platform artifacts while improv
ing the sensitivity [18].

2.2.1. Sample-wise quality control
Illumina proposed the terminology “detection p-value” to 
quantify the quality of DNAm data. A small “detection 
p-value” implies that the measured methylation intensity will 
likely be a reliable signal rather than background noise. By 
contrast, a large “detection p-value” (say, >0.01) usually implies 
a poor quality for the signal [20]. I calculated the average 
“detection p-value” to summarize signal quality across 
~860,000 CpGs for each individual. The largest average “detec
tion p-value” (across 865,859 CpG sites) for 2372 samples was 
0.00137, which was smaller than the acceptable cutoff of 
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● Some non-genetic or environmental factors, such as BMI, age, and 
smoking, are associated with diabetes. DNA methylation may med
iate the association of environmental factors with fasting glucose or 
hemoglobin A1c.

● I aim to explore the role of DNA methylation in mediating the 
associations of seven non-genetic factors (BMI, chronological age, 
sex, smoking, alcohol consumption, education, and regular exercise) 
with fasting glucose and hemoglobin A1c.

● The multiple-mediator model identified 8 CpGs that link environmen
tal factors with diabetes indicators. These CpGs were mapped to 
genes implicated in metabolism, including TXNIP, CPT1A, and SREBF1.

● These findings highlight the underlying epigenetic mechanism link
ing non-genetic factors with diabetes.
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average “detection p-value” 0.01 [20]. Therefore, all 2372 sam
ples were considered of good quality at this stage.

Sex prediction was based on comparing the median total 
intensity of the X-chromosome-mapped probes (Med Xð Þ) and 
the median total intensity of the Y-chromosome-mapped probes 
(Med Yð Þ). Subjects with log2Med Yð Þ � log2Med Xð Þ< � 2 were 
predicted as females. Six individuals with a mismatch between 
self-reported sex and DNAm-predicted sex were excluded from 
further analysis. Ultimately, 2366 individuals were included in the 
analysis.

Methylation levels were estimated by the intensity of 
methylated beads (M) and unmethylated beads (U). 
Methylation beta (β) values were calculated with the recom
mendation from Illumina, i.e., β ¼ M= Mþ Uþ αð Þ, where α 
was specified as 100 to avoid division by near-zero given 
small M and U.

2.2.2. CpG-wise quality control
I also assessed signal quality across all 2366 samples at each 
CpG site. Methylation β-values measured with “detection 
p-values” higher than 0.05 were unacceptable and regarded 
as missing values (where 0.05 is the acceptable cutoff of 
individual “detection p-value” [21]). A total of 862,277 CpGs 
(99.58% among 865,859 CpGs) with missing rates <1% were 
considered to present satisfactory quality. For each missing 
β value (with “detection p-value” higher than 0.05), 
I imputed it as the average of all known β values at that 
CpG site. This approach, known as the “mean” method, is 
considered superior to its more sophisticated counter
parts [22].

Due to “X inactivation,” one of the two X chromosomes is 
silenced in females to equalize the number of active 
X-chromosome genes between males and females [23]. 
Therefore, 19,627 CpGs on the sex chromosomes were 
excluded from the subsequent analysis. Finally, 846,232 (=  
865,859 � 19,627) CpGs remained in the analysis.

Given the importance of accounting for cellular hetero
geneity, I estimated 12 immune-cell fractions using the 
Houseman constrained projection deconvolution method 
[24,25], which was implemented in the EpiDISH package 
[26]. The 12 immune cells included basophils, memory 
B-cells, naïve B-cells, memory CD4 + T-cells, naïve CD4 +  
T-cells, memory CD8 + T-cells, naïve CD8 + T-cells, eosino
phils, monocytes, natural killer, regulatory T-cells, and 
neutrophils.

2.3. Seven environmental factors

The TWB surveyed seven non-genetic factors more compre
hensively. The factors that demonstrated significant associa
tions (p < 0.05) with FG or HbA1c were further analyzed with 
mediation analysis to investigate whether DNAm mediated 
these associations. The seven non-genetic factors were listed 
as follows.

(1) Sex: males vs. females.
(2) Chronological age: in years.
(3) Body mass index (BMI): in kg/m2.

(4) Smoking status: yes vs. no. Smoking was defined as 
smoking cigarettes for at least six months.

(5) Drinking status (DRK): yes vs. no. Drinking was defined 
as having a weekly intake of more than 150 mL of 
alcoholic beverages for at least 6 months.

(6) Regular exercise (SPO): yes vs. no. Regular exercise was 
defined as performing 30 minutes of “exercise” at least 
three times a week. “exercise” refers to leisure-time 
activities such as mountain climbing, yoga, dancing, 
jogging, swimming, cycling, weight training, etc.

(7) Educational attainment: in degrees. Educational attain
ment is an integer ranging from 1 to 7: 1 for “illiter
ate”; 2 for “no formal education but literate”; 3 for 
“primary school graduate”; 4 for “junior high school 
graduate”; 5 for “senior high school graduate”; 6 for 
“college graduate”; and 7 for “Master’s or higher 
degree.”

2.4. Statistical analysis

I first performed a regression analysis to evaluate the associa
tion between the seven non-genetic factors and the two 
diabetes indicators in the TWB. Because the DNAm data 
were collected from peripheral blood, analyses accounting 
for cellular heterogeneity are necessary [27].

2.4.1. Single-mediator model
Taking the relationship between BMI (exposure) and FG as an 
example, I considered an M model and a Y model as follows,

where Covariates was a vector containing the seven non- 
genetic factors and 11 immune-cell fractions (although 12 
immune-cell fractions were estimated, neutrophils was not 
included in models due to multicollinearity). I adjusted for 
the seven non-genetic factors because they were reported to 
be associated with diabetes in previous studies, including sex 
[28], age [29], BMI [30], smoking [31], DRK [32], SPO [33], and 
education [34]. The random error terms of the M model and 
Y model are denoted as εM and εY , respectively.

To detect a non-zero mediation effect, the testing hypoth
esis is H0 : βEM � βMY ¼ 0 vs. H1 : βEM � βMY�0. The null 
hypothesis including the product of two parameters is called 
“the composite null hypothesis,” and the H0 can be categor
ized as three classes: (1) H10 : βEM�0; βMY ¼ 0; (2) 
H01 : βEM ¼ 0; βMY � 0; and (3) H00 : βEM ¼ 0; βMY ¼ 0. Let 
π10; π01; andπ00 be the proportions of the three classes of 
null hypotheses. An appropriate large-scale single mediator 
hypothesis testing relies on an accurate estimation of 
π10; π01; andπ00. I chose the HDMT [14] as the method for the 
epigenome-wide mediation analysis. According to a recent 
simulation study comparing six methods [35], the perfor
mance of HDMT is relatively more robust to the three propor
tions (π10; π01; andπ00) than its competitors. Analysis was 
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conducted by using the software R (version 4.2.2) and the 
R package “medScan” (https://cran.r-project.org/web/ 
packages/medScan/index.html).

2.4.2. Multiple-mediator model
Suppose K “single mediators” were identified from models (1) 
and (2). I further fitted a “multiple-mediator model” as follows,

Including all K single mediators in a model may lead to 
overfitting or multicollinearity. To address this issue, 
I employed stepwise regression to identify the model with 
the smallest Akaike Information Criterion (AIC). Specifically, 
the R command “step” was used to select critical CpG predic
tors for the Y model [model (3)]. If the variance inflation factor 
(VIF) of model (3) was larger than 5 (an alarm of multicolli
nearity), the least significant CpG site was removed from 
model (3) until VIF <5. Finally, suppose S CpGs remained in 
model (3), i.e.,

The following are their respective M models (M1, . . . , MS 

models have been fitted in the aforementioned model (1)),

. . .

The direct effect of BMI on FG is cβEY , and the mediation 

effect (or indirect effect) of BMI on FG is 
PS

j¼1

dβEMj
�dβMj Y , where 

^ represents the estimate of regression coefficient from 
M model or Y model. The total impact of BMI on FG is 

cβEY þ
PS

j¼1

dβEMj
�dβMjY , i.e., the sum of direct and indirect effects. 

The mediation proportion attributable to CpGj is 
dβEMj
�dβMjY

.
cβEY þ

PS
j¼1
dβEMj
�dβMjY

n o
, where j = 1, . . . , S.

3. Results

3.1. Demographic summary of the Taiwan Biobank data

Table 1 presents the demographic summary of the 2366 TWB 
individuals, among whom 1172 (49.5%) were males, while 
1194 (50.5%) were females. Chronological ages ranged from 
30 to 70 years, with a mean of 49.36 years and a standard 
deviation (SD) of 11.03 years. Regarding body composition, 
the average BMI was 24.34 kg/m2, with a SD of 3.66 kg/m2. 
With respect to lifestyle factors, 11.33% of individuals had 
smoked cigarettes for at least 6 months, 6.97% reported 
weekly intake of more than 150 mL of alcoholic beverages 
for at least 6 months, and 43.62% had performed 30 minutes 

of physical exercise at least 3 times a week. Furthermore, 
educational attainment, on average, fell between a senior 
high school degree and a college degree. Finally, the mean 
FG was 94.05 mg/dL (SD = 15.15) and the mean HbA1c was 
5.65% (SD = 0.59%).

3.2. Association of seven environmental factors with two 
diabetes indicators

Table 2 shows 14 exposure-outcome associations. When all 
seven non-genetic factors were included in a model, males 
had significantly larger FG than females (p < 0.001). Older age 
(p < 0.001), higher BMI (p < 0.001), and cigarette smoking (p <  
0.05) were all associated with an increased FG and HbA1c. 
Alcohol consumption and regular exercise were associated 
with a decreased HbA1c (p < 0.05). By contrast, educational 
attainment was not associated with FG or HbA1c (p > 0.05). 
Nine out of the 14 exposure-outcome associations were sig
nificant at p < 0.05. I further investigated whether some CpGs 
mediated these 9 exposure-outcome associations.

3.3. Single-mediator model analysis results

The single-mediator model required 846; 232� 9 ¼ 7; 616; 088 
tests, with 846,232 CpGs analyzed, and 9 significant exposure- 
outcome associations (9 * from Table 2). Using the Bonferroni 
correction, CpG sites with p-values less than 0:05=7; 616; 088 ¼
6.6E-9 were considered significant single mediators.

The single-mediator model (equations 1 and 2) identified 
31 CpG sites exhibiting significant mediation effects (p < 6.6E- 
9) for 6 exposure-outcome associations (DRK-HbA1c, BMI-FG, 
BMI-HbA1c, SEX-FG, AGE-FG, and AGE-HbA1c). No significant 
mediators were found for the other 3 exposure-outcome asso
ciations (i.e., SMK-FG, SMK-HbA1c, and SPO-HbA1c). Figure 1 
presents the heatmap plot of the 31 CpGs’ mediation 

Table 1. Demographic summary of the 2,366 Taiwan Biobank individuals.

Taiwan Biobank individualsa

N 2,366 (1,172 males and 1194 females)
Chronological age (in years) 49.36 � 11.03 (range: 30–70)
Body mass index (in kg/m2) 24.34 � 3.66
Smoking status (yes vs. no)b 268 (11.33%)
Drinking status (yes vs. no) c 165 (6.97%)
Regular exercise (yes vs. no)d 1,032 (43.62%)
Educational attainment (in degrees)e 5.59 � 0.91
Fasting glucose (in mg/dL) 94.05 � 15.15
Hemoglobin A1c (HbA1c, in %) 5.65 � 0.59

aData are presented as “sample size (percentage)” or “mean � standard 
deviation”. 

bSmoking status: yes vs. no. Smoking was defined as smoking cigarettes for at 
least six months. 

cDrinking status: yes vs. no. Drinking was defined as having a weekly intake of 
more than 150 mL of alcoholic beverages for at least 6 months. 

dRegular exercise: yes vs. no. Regular exercise was defined as performing 30  
minutes of “exercise” at least three times a week. “exercise” refers to leisure- 
time activities such as mountain climbing, yoga, dancing, jogging, swimming, 
cycling, weight training, etc. 

eEducational attainment: in degrees. Educational attainment is an integer ran
ging from 1 to 7: 1 for “illiterate”; 2 for “no formal education but literate”; 3 for 
“primary school graduate”; 4 for “junior high school graduate”; 5 for “senior 
high school graduate”; 6 for “college graduate”; and 7 for “Master’s or higher 
degree”. 
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proportions. Supplementary Table S1 summarizes the total, 
direct, and mediation effects as well as the p-values.

An expression quantitative trait methylation (eQTM) analy
sis could not be performed here because the TWB did not 
collect gene expression data. I resorted to the eQTM Atlas 
(https://shiny.crc.pitt.edu/eqtm_browser/), which summarizes 
CpG sites that are significantly associated with gene expres
sion. Fifteen out of the 31 CpGs have been reported to be 
associated with the expression of genes implicated in meta
bolism. Twenty-two CpGs have been found to be associated 
with diabetes, FG, HbA1c, or insulin resistance, from previous 
epigenome-wide association studies (EWAS) [36–46]. 
Cg22699725 demonstrated a causal relationship with HbA1c 
[38], and cg00574958 presented a causal effect on diabetes 
[40]. The single-mediator model assumes only one CpG site 
linking the exposure to the outcome, which is unrealistic in 
epigenetic studies. Therefore, I conducted a further analysis 
using a multiple-mediator model.

3.4. Multiple-mediator model analysis results

Although 31 CpG sites showed significant mediation effects (p  
< 6.6E-9) on FG or HbA1c according to the single-mediator 
model, many of these CpGs were excluded from model (3) due 
to multicollinearity. Finally, I kept 8 CpGs to minimize the AIC 
while maintaining the VIF <5. Table 3 lists the total, direct, and 
mediation effects of the eight CpGs, among which 4 CpGs are 
associated with the expression of some genes according to 
eQTM Atlas (https://shiny.crc.pitt.edu/eqtm_browser/), and 7 
CpGs have been reported to be associated with diabetes, FG, 
HbA1c, or insulin resistance, from previous EWAS 
[36,37,41,42,45]. Among them, cg00574958 has been found 
to demonstrate a causal effect on diabetes [40].

Cg19693031, cg04816311, cg00574958, and cg11024682 
were associated with the expression of the TXNIP, GPR146, 
CPT1A, and SREBF1 genes, respectively. A study involving 
over 1500 adults from southwest Germany demonstrated 
that cg19693031 at TXNIP played a crucial role in the patho
physiology of diabetes [48]. GPR146 is a receptor of proinsulin 
C-peptide, which can be an effective treatment for diabetes- 
related complications [49]. The CPT1A gene is associated with 
diabetes, as it plays a crucial role in fatty acid metabolism [50]. 
A study including 15,734 Danish individuals found that SREBF1 

sequence variation is associated with an increased risk of 
diabetes [51].

4. Discussion

Many EWAS have identified dozens of CpG sites associated 
with diabetes-related traits [36–46,52]. These sites are often 
located on or near genes involved in glucose metabolism. For 
example, a meta-analysis including five European cohorts 
identified 76 CpGs that were differentially methylated in 
patients with diabetes compared with controls. Sixty-four out 
of 76 (84.2%) CpGs were replicated in an independent cohort 
of Indian Asians [52]. However, there are relatively few studies 
on epigenome-wide mediation analysis. A recent study 
showed 50, 46, 12, and 7 CpGs mediated the effects of psy
chosocial stress on BMI, waist circumference, C-reactive pro
tein, and high-density lipoprotein cholesterol, respectively 
[53]. To my knowledge, the current work represents a novel 
epigenome-wide scan to identify CpGs that link environmental 
factors with diabetes indicators.

The analysis result of FG was in agreement with the result 
of HbA1c. For example, cg19693031 at TXNIP presented the 
largest proportion in mediating the association between BMI 
and FG/HbA1c (Table 3). According to a previous Chinese 
study with 286 pairs of diabetes cases and matched controls, 
BMI was positively correlated with the DNAm levels of several 
CpG sites at the ABCG1 gene (dβEMj

> 0). Furthermore, the 
DNAm levels of these CpGs were positively associated with 

incident diabetes risk (dβMj Y > 0, and therefore the mediation 

effect dβEMj
�dβMjY > 0) [54]. Moreover, a larger BMI is associated 

with “hypomethylation” (decreased DNA methylation) at TXNIP 

cg19693031 (dβEMj
<0), and hypomethylation at cg19693031 is 

related to an increased diabetes risk (dβMjY < 0, and therefore 

the mediation effect dβEMj
�dβMj Y > 0) [55]. These findings sug

gest that the mediating effects of CpGs at TXNIP are positive 
when linking BMI to diabetes, which is consistent with our 
results (ABCG1 cg06500161 in Supplementary Table S1; TXNIP 
cg19693031 in Table 3).

Three CpG sites (cg19693031 at TXNIP, cg00574958 at 
CPT1A, and cg04816311 at C7orf50) have been widely reported 
to be associated with diabetes by studies in sub-Saharan 

Table 2. Fourteen exposure-outcome associations.

Fasting glucose (in mg/dL)a Hemoglobin A1c (HbA1c, in %)

Outcome 
exposure Regression estimate (standard error) p-value Regression estimate (standard error) p-value

Sex (male vs. female) 2.8166 (0.7486) 1.7E-4*** 0.0284 (0.0287) 0.323
Chronological age (in years) 0.1917 (0.0358) 9.7E-8*** 0.0105 (0.0014) 2.6E-14***
Body mass index (in kg/m2) 0.6752 (0.0871) 1.3E-14*** 0.0318 (0.0033) 4.6E-21***
Smoking status (yes vs. no) 3.7410 (1.0370) 3.2E-4*** 0.0887 (0.0398) 0.026*
Drinking status (yes vs. no) 0.1654 (1.2373) 0.894 −0.1207 (0.0475) 0.011*
Regular exercise (yes vs. no) −0.9342 (0.6576) 0.156 −0.0504 (0.0253) 0.046*
Educational attainment (in degrees) −0.0242 (0.3554) 0.946 −0.0251 (0.0136) 0.066

aStatistical significance is marked with *, **, and ***, representing a p-value less than 0.05, 0.01, and 0.001, respectively. Given the importance of accounting for 
cellular heterogeneity, in the regression model, I adjusted 11 immune-cell fractions estimated by the EpiDISH package [26]: basophils, memory B-cells, naïve 
B-cells, memory CD4 + T-cells, naïve CD4 + T-cells, memory CD8 + T-cells, naïve CD8 + T-cells, eosinophils, monocytes, natural killer, and regulatory T-cells. 
Neutrophils was not adjusted due to multicollinearity. The largest variance inflation factor (VIF) was 161.05 when the model included neutrophils, whereas the 
largest VIF reduced to 2.26 when neutrophils was excluded. 
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African, Asian, European, British, and Arab populations [40,56– 
58]. Cg19693031 received much attention for its regulation of 
TXNIP expression and its dose-dependent relationship with 
HbA1c [59]. Another well-known CpG, cg00574958, is essential 
for regulating CPT1A expression [60]. Carbohydrate and fat 
intake can have a causal impact on the risk of metabolic 
diseases through CPT1A cg00574958 [42]. I found here that 

CPT1A cg00574958 mediated the effect of BMI on FG and 
HbA1c at mediation proportions of 11.89% and 12.26%, 
respectively. Because BMI can reflect carbohydrate and fat 
intake, my result is generally in line with previous findings [42].

This study has some limitations. Exposures, DNAm levels, 
and FG/HbA1c were measured concurrently by the TWB. 
Therefore, I cannot claim causal effects exist between the 

Figure 1. Results of the single-mediator model: heatmap plot of the 31 CpGs’ mediation proportions.
The left vertical axis lists 31 CpGs, and the top horizontal axis presents the exposure-outcome combination. The color in each cell marks the strength of the mediation proportion (=  
mediation effect/total effect), ranging from 0 to 1. “*” denotes that the mediation effect is significant at p < 0.05/ 846232� 9ð Þ ¼ 6.6E-9, where 846,232 CpGs were analyzed, and 9 
significant exposure-outcome associations were investigated. 

50 W.-Y. LIN



Ta
bl

e 
3.

 R
es

ul
ts

 o
f 

8 
Cp

G
s 

es
tim

at
ed

 t
hr

ou
gh

 t
he

 m
ul

tip
le

-m
ed

ia
to

r 
m

od
el

: t
ot

al
 e

ffe
ct

s,
 d

ire
ct

 e
ffe

ct
s,

 a
nd

 m
ed

ia
tio

n 
ef

fe
ct

s.

Cp
G

Ev
id

en
ce

 fr
om

 e
Q

TM
 A

tla
s

Ev
id

en
ce

 f
ro

m
 E

W
AS

Ev
id

en
ce

 f
ro

m
 M

en
de

lia
n 

ra
nd

om
iz

at
io

n
Ch

r.
G

en
e

D
RK

-H
bA

1c
a

BM
I-F

G
BM

I-H
bA

1c
SE

X-
FG

AG
E-

FG
AG

E-
H

bA
1c

T 
=

 T
ot

al
 e

ffe
ct

T 
=

 −
0.

12
07

T 
=

 0
.6

75
2

T 
=

 0
.0

31
8

T 
=

 2
.8

16
6

T 
=

 0
.1

91
7

T 
=

 0
.0

10
5

D
 =

 D
ire

ct
 e

ffe
ct

  
=

 T
ot

al
 e

ffe
ct

 –
 m

ed
ia

tio
n 

ef
fe

ct
D

 =
 −

0.
10

26
D

 =
 0

.4
04

1
D

 =
 0

.0
21

3
D

 =
 0

.1
13

5
D

 =
 0

.0
85

8
D

 =
 0

.0
06

5

M
 =

 M
ed

ia
tio

n 
ef

fe
ct

 
M

P 
=

 M
ed

ia
tio

n 
pr

op
or

tio
n 

=
 M

ed
ia

tio
n 

ef
fe

ct
/T

ot
al

 e
ffe

ct

cg
26

97
40

62
As

so
ci

at
ed

 w
ith

 in
su

lin
 

re
si

st
an

ce
 a

cr
os

s 
an

ce
st

ry
 [

36
]

1
TX

N
IP

M
 =

 0
.0

23
4 

M
P 

=
 0

.1
22

1
M

 =
 0

.0
01

1 
M

P 
=

 0
.1

04
8

cg
19

69
30

31
As

so
ci

at
ed

 w
ith

 t
he

 
ex

pr
es

si
on

 o
f 

th
e 

TX
N

IP
 

ge
ne

As
so

ci
at

ed
 w

ith
 in

su
lin

 
re

si
st

an
ce

 a
cr

os
s 

an
ce

st
ry

 [
36

]

N
o 

ev
id

en
ce

 o
f 

a 
ca

us
al

 e
ffe

ct
 

of
 c

g1
96

93
03

1 
on

 H
bA

1c
 

[4
7]

1
TX

N
IP

M
 =

 0
.1

26
4 

M
P 

=
 0

.1
87

2
M

 =
 0

.0
04

2 
M

P 
=

 0
.1

32
1

M
 =

 1
.8

95
8 

M
P 

=
 0

.6
73

1

cg
26

82
37

05
As

so
ci

at
ed

 w
ith

 F
G

 a
nd

 
H

bA
1c

 [
37

]
1

N
BP

F2
0

M
 =

 0
.0

46
5 

M
P 

=
 0

.2
42

6
M

 =
 0

.0
01

4 
M

P 
=

 0
.1

33
3

cg
14

12
48

69
3

AB
H

D
5

M
 =

 0
.8

07
3 

M
P 

=
 0

.2
86

6
cg

04
81

63
11

As
so

ci
at

ed
 w

ith
 t

he
 

ex
pr

es
si

on
 o

f 
th

e 
G

PR
14

6 
ge

ne

As
so

ci
at

ed
 w

ith
 H

bA
1c

 [4
1]

N
o 

ev
id

en
ce

 o
f 

th
e 

ca
us

al
 

ef
fe

ct
 o

n 
di

ab
et

es
 [

40
]

7
C7

or
f5

0
M

 =
 0

.0
64

4 
M

P 
=

 0
.0

95
4

M
 =

 0
.0

02
4 

M
P 

=
 0

.0
75

5

cg
24

68
64

20
As

so
ci

at
ed

 w
ith

 d
ia

be
te

s 
[E

W
AS

 C
at

al
og

]
8

SP
ID

R
M

 =
 −

0.
01

81
 

M
P 

=
 0

.1
50

0
cg

00
57

49
58

As
so

ci
at

ed
 w

ith
 t

he
 

ex
pr

es
si

on
 o

f 
th

e 
CP

T1
A 

ge
ne

As
so

ci
at

ed
 w

ith
 d

ia
be

te
s 

[4
2]

cg
00

57
49

58
 d

em
on

st
ra

te
d 

a 
ca

us
al

 e
ffe

ct
 o

n 
di

ab
et

es
 

[4
0]

11
CP

T1
A

M
 =

 0
.0

80
3 

M
P 

=
 0

.1
18

9
M

 =
 0

.0
03

9 
M

P 
=

 0
.1

22
6

cg
11

02
46

82
As

so
ci

at
ed

 w
ith

 t
he

 
ex

pr
es

si
on

 o
f 

th
e 

SR
EB

F1
 g

en
e

A 
cl

as
si

fie
r 

fo
r 

di
ab

et
es

 
st

ra
tif

ic
at

io
n 

[4
5]

N
o 

ev
id

en
ce

 o
f 

th
e 

ca
us

al
 

ef
fe

ct
 o

n 
di

ab
et

es
 [

40
]

17
SR

EB
F1

M
 =

 0
.0

36
0 

M
P 

=
 0

.1
87

8
M

 =
 0

.0
01

5 
M

P 
=

 0
.1

42
9

Cu
m

ul
at

iv
e 

m
ed

ia
tio

n 
pr

op
or

tio
ns

0.
15

00
0.

40
15

0.
33

02
0.

95
97

0.
55

25
0.

38
10

a D
RK

: S
ta

tu
s 

of
 d

rin
ki

ng
 a

lc
oh

ol
ic

 b
ev

er
ag

es
 (

ye
s 

vs
. n

o)
. 

EPIGENOMICS 51



exposures, CpGs, and diabetes traits. Reverse causation is 
currently not addressed. Furthermore, replication of the iden
tified eight CpGs in an independent cohort is still required to 
strengthen the findings.

This work has several strengths. To my knowledge, this was 
the first study to use HDMT to formally assess the mediating 
effects of genome-wide CpGs on the relationship between 
exposures and diabetes-related outcomes. Furthermore, 
I utilized multiple-mediator models to jointly consider all sig
nificant mediators. The multiple-mediator model analysis can 
preserve the most predictive CpGs and eliminate those with 
inferior explanatory ability. Lastly, compared with most DNAm 
research on individuals of European ancestry, this study pro
vided insights from a less-studied ethnicity.

5. Conclusion

In summary, this work identified 8 CpGs that link environmen
tal factors to diabetes indicators. Among them, 7 CpGs have 
been reported to be associated with diabetes, FG, HbA1c, or 
insulin resistance in previous GWAS [36,37,41,42,45]. All CpGs’ 
mediation effects were in the same direction as the total effect 
(shown in Table 3 and Supplementary Table S1). This work’s 
findings highlight the role of epigenetics in linking environ
mental factors to diabetes outcomes. In addition to using the 
HDMT [14] approach to identify individual mediators, 
I performed stepwise regression to pinpoint 8 predictive and 
uncorrelated CpG sites. Findings from this study help elucidate 
the mechanisms by which CpGs partially mediate the associa
tions between exposures (DRK, BMI, sex, and age) and FG/ 
HbA1c.
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