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Abstract

Cigarette smoking is a well-established risk factor for cardiovascular disease (CVD)

and is associated with lipid traits such as high-density lipoprotein cholesterol (HDL-C)

and triglycerides (TG). DNA methylation may represent an epigenetic mechanism

underlying these associations. This study aimed to explore the potential mediating role of

DNA methylation in the association between smoking and lipid traits.

High-dimensional mediation analysis was performed using genome-wide DNA

methylation data (Illumina EPIC Array) from 2,463 participants in the Taiwan Biobank

(TWB). Linear regression models adjusted for potential confounders were used to assess

the associations between smoking status and lipid traits. High-dimensional mediation

testing (HDMT) was then applied to identify CpG sites that potentially act as mediators

(FDR < 0.05) of the significantly associated smoking—lipid pairs. To estimate the overall

mediation proportion, principal component analysis (PCA) was performed on the

identified CpG sites, and the mediation proportion explained by the top principal

components was estimated. In addition, HIMA2 was applied to identify independent

mediating CpG sites.

Using current smoking as the exposure, among 846,232 CpG sites, 109 and 65 CpG

sites were identified by HDMT as potential mediators of the smoking—HDL-C and

smoking—log(TG) associations, respectively. The net PCA-based mediation estimates

v
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across significant principal components were approximately 65% for HDL-C and 7% for

log(TG). For log(TG), six principal components showed significant indirect effects in

opposing directions, resulting in substantial cancellation in the net estimate. HIMA?2

identified 14 joint-model mediation signals for HDL-C and identified cg00574958 in

CPTI1A for log(TG).

These findings provide statistical evidence supporting a potential role of DNA

methylation in the association between smoking and lipid traits. Further longitudinal and

functional studies are needed to clarify the underlying biological mechanisms.

Keywords: smoking; DNA methylation; lipid traits; epigenetics; High-dimensional

mediation analysis; Taiwan Biobank
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Introduction

Cigarette smoking substantially elevates the risk of cardiovascular disease (CVD)[1-

3]. One potential mechanism linking smoking to cardiovascular risk is its adverse effects

on lipid metabolism. Smoking’s association with unfavorable lipid profiles has been

shown in previous research [4, 5]. Because these lipid traits are closely related to

cardiometabolic health, elucidating the biological mechanisms underlying smoking-

associated lipid alterations is of considerable interest.

DNA methylation represents a dynamic epigenetic mark modulated by external

factors, including smoking exposure [6]. Across numerous epigenome-wide association

studies, robust smoking-induced methylation alterations have been documented,

particularly at CpGs annotated to genes such as AHRR, F2RL3, and GPR15 [7, §8]. In

addition, accumulating evidence has demonstrated that DNA methylation patterns are

closely linked to lipid profiles across populations[9, 10]. These findings point to DNA

methylation as a potential epigenetic mediator through which smoking exposure

influences lipid profiles.

However, although smoking has been shown to be associated with both DNA

methylation and lipid traits, it remains unclear whether DNA methylation serves as a

functional mediator between smoking exposure and lipid alterations. Previous mediation
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studies involving DNA methylation have often focused on preselected CpG sites

identified from prior associations or biological knowledge. However, such candidate-

based approaches may fail to identify mediation signals distributed across the entire

genome. Given the large number of correlated CpG sites measured in genome-wide

methylation data, an epigenome-wide mediation analysis requires statistical methods

specifically designed for high-dimensional mediator settings. Therefore, we applied high-

dimensional mediation analysis to systematically evaluate potential CpG mediators of the

associations between smoking and lipid traits in Taiwan Biobank participants.
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Materials and Methods

The Taiwan Biobank data

Since its inception in October 2012, the Taiwan Biobank has registered nearly
200,000 adult volunteers from the general community [11]. Community members in
Taiwan aged 30 to 70 were enrolled, provided they had not been previously diagnosed
with any form of cancer. After providing written informed consent, participants
completed lifestyle questionnaires, underwent physical examinations, and provided blood
and urine samples following at least 6 hours of fasting.

Between 2016 and 2021, a subset of 2,474 individuals was randomly sampled from
the TWB cohort for DNA methylation quantification stratified by county population size
and national sex ratios to ensure population representativeness. Epigenome-wide DNA
methylation was profiled using the Illumina Infinium MethylationEPIC BeadChip, which

covers 865,859 CpG sites.

Quality Control for methylation data

Following DNA methylation profiling via the Illumina Infinium MethylationEPIC
BeadChip, individual CpGs were annotated to genes using
‘[NluminaHumanMethylationEPICanno.ilm10b4.hg19’ R package (version 0.6.0) . Raw

intensity (.idat) files were processed according to previously described procedures [12].
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Briefly, the normal-exponential out-of-band (NOOB) approach [13] provided by R’s

minfi package was performed for background correction and dye-bias normalization [14].

After NOOB normalization, methylation levels with detection p-values > 0.05 were

considered unreliable [15] and treated as missing values, and thus were imputed using the

mean methylation level of the corresponding CpG site across all samples. Additionally,

CpG sites on sex chromosomes were removed due to X-chromosome inactivation[16].

Because the M-value method has better statistical properties [17], methylation levels were

transformed into M-values for all subsequent statistical analyses.

Due to discordance between self-reported sex and methylation-predicted sex, 6

samples were excluded. 5 participants were excluded due to missing data in the required

covariates. After these QC steps, a total of 2,463 eligible participants remained for the

downstream association analyses.
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Smoking factors and lipid traits

Smoking-related variables and cardiometabolic lipid traits were evaluated to identify
exposure—outcome pairs for subsequent mediation analysis. Two binary smoking
variables were considered potential exposure variables: current smoking and former
smoking. Participants were categorized as current smokers if they actively smoked at
enrollment, whereas former smokers were defined as those with a history of smoking who
had ceased smoking. Participants who were neither current nor former smokers were
classified as never smokers.

Lipid traits included high-density lipoprotein cholesterol (HDL-C), low-density
lipoprotein cholesterol (LDL-C), total cholesterol (T-CHO), and triglycerides (TG),
which were treated as candidate outcome variables. Because the distribution of
triglyceride (TQG) levels was right-skewed, TG values were log-transformed to reduce
skewness and ensure conformity with linear-model assumptions[18].

To identify smoking - lipid trait combinations relevant for mediation analysis,
associations between smoking variables and each lipid trait were evaluated using linear
regression models. Only exposure - outcome pairs showing statistically significant
associations in these preliminary analyses were retained for subsequent mediation
analysis. Based on this screening step, only the associations of current smoking with

HDL-C and log(TG) were significant. Therefore, downstream mediation analyses

5
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focused on these two exposure-outcome pairs.

Covariates

To control for potential confounding effects, all statistical models were adjusted for
demographic and lifestyle covariates, including age [19], sex [20], BMI [21], drinking
status [22], regular exercise status [23], educational level [24], and 11 estimated blood
cell type proportions. To account for cellular heterogeneity in whole blood samples,
estimation of proportions of 12 immune cell types were calculated using the Houseman
constrained projection method [25, 26] provided by R’s EpiDISH package[27]. 11 of 12
estimated immune cell types were included as covariates. (Neutrophil was excluded due
to multicollinearity). These covariates were included in every statistical model, including

the preliminary association analyses and subsequent mediation analyses.

Association analysis

Prior to mediation analysis, association analyses were performed to evaluate the
associations between smoking status and lipid traits. Subsequent mediation analyses were
restricted to exposure—outcome pairs that demonstrated statistically significant

associations.

Mediation analysis

For each exposure - outcome pair with a significant association, we used two

6
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regression models to estimate the mediation effect of the i-th CpG:
M, =ay; +ax, X +ac;,C+e (1)
Y = Boi + BxiX + BuiMi + Bci C+ 6y (2)
where X denotes smoking status, M; indicates the DNA methylation status (M-
value) for the i-th CpG, Y denotes the lipid trait, and C represents the set of covariates.
In this framework, ay; captures the effect of the exposure on the i-th methylation level
of CpG, and ) ; captures the effect of the methylation level of i-th CpG site on the
outcome conditional on the exposure. The mediation effect for each CpG site is
characterized by the product ay; X B ;. The corresponding hypothesis testing problem
can be formulated as a composite null hypothesis:
Ho;:ax; X By =0
Heizax; X Bu; # 0
This type of hypothesis testing is commonly referred to as evaluating mediation effects
under a composite null, where the null hypothesis holds if either ay; = 0 or Sy ; = 0.
In high-dimensional settings, where candidate mediators substantially outnumber the
sample size, traditional mediation approaches (e.g., Sobel test or joint significance test)
may suffer from low power of test and severe multiple testing burden [28]. Therefore,
high-dimensional mediation methods are required to appropriately control false positives

while maintaining statistical power. In this study, high-dimensional mediation testing

7
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(HDMT) [29] was applied to identify CpG sites whose methylation levels potentially
mediate the association between smoking and lipid traits. HDMT jointly evaluates the
evidence of the exposure—mediator and mediator—outcome associations and provides
valid inference under high-dimensional settings. To account for multiple testing across
genome-wide CpG loci, false discovery rate (FDR) [30] correction was applied via the
Benjamini-Hochberg method. CpG sites were considered potential mediators if their
Benjamini—-Hochberg adjusted P-values were below 0.05. To estimate the cumulative
mediation proportion of the total effect attributable to DNA methylation in smoking-
induced lipid variations, we applied a PCA-based dimensionality reduction framework.
Principal components (PCs) were derived from the methylation M-values of selected CpG
sites. CpG sites identified by HDMT were included in PCA to reduce dimensionality and
summarize correlated methylation patterns. The number of PCs retained for subsequent
mediation analysis was determined by visual inspection of the scree plot. The incremental
variance explained by additional components substantially leveled off after
approximately PC10; therefore, the first 10 PCs were retained. For each retained PC,
mediation analysis was performed via the mediate function implemented in the mediation
R package [31]. The mediation analysis was based on the following models:
PC, = agy + ax X + aciC + €

Y = Box + BxiX + BpckPCx + BcxC + 6k

8
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where X denotes smoking status, PCj represents the k-th principal component, Y

denotes the lipid trait, and C represents the set of covariates. The average causal

mediation effect (ACME) was calculated for each PC, representing the estimated

mediation effect of smoking on the lipid trait for the corresponding methylation

component. For each PC, the mediation proportion was determined by dividing the

estimated ACME by the total effect. The total mediation effect was then estimated by

summing the mediation effects across the significant PCs. To account for potential

confounding, all regression models incorporated the identical set of covariates specified

in the primary analysis. Statistical inference was conducted using nonparametric

bootstrapping to obtain confidence intervals and p-values. In addition, HIMA2 [32], a

high-dimensional mediation analysis method based on de-biased Lasso, was applied as a

complementary approach to identify a sparse set of potential mediators. Unlike HDMT,

which evaluates mediation effects for each CpG site individually, HIMA2 performs

variable selection in a joint model and estimates the effects of multiple mediators

simultaneously. By incorporating a de-biased Lasso procedure, HIMA2 provides

asymptotically unbiased estimates and valid statistical inference for both exposure—

mediator (o) and mediator—outcome () effects in high-dimensional settings.
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Functional enrichment analysis

To elucidate the biological processes associated with the identified DNA methylation
mediators, Gene Ontology (GO) enrichment analysis was performed using the
methylRRA() function of the R package methylGSA [33]. The complete set of unadjusted
CpG-level P-values obtained from the HDMT analysis, rather than only CpGs reaching
FDR significance, was used as input. CpGs were mapped to genes using the EPIC array
annotation provided by IlluminaHumanMethylationEPICanno.ilm10b4.hgl9. The
methylRRA method combines multiple CpG-level P-values mapped to the same gene
based on the Robust Rank Aggregation (RRA) algorithm [34], while accounting for the
unequal numbers of CpG sites annotated to different genes in array-based DNA
methylation data. Over-representation analysis (ORA) was conducted to identify enriched
GO terms. Statistical significance was defined as a Benjamini-Hochberg adjusted P-value

<0.05.

10
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Results

Sample characteristics

Table 1 summarizes the baseline characteristics of the 2,463 participants from the
Taiwan Biobank, stratified by smoking status. The study population comprised 1,870
(75.9%) never smokers, 310 (12.6%) former smokers, and 283 (11.5%) current smokers.
Differences in lipid profiles were observed across the three groups. Mean HDL-C level
decreased progressively from never smokers (55.6+13.7 mg/dL) to former smokers
(49.6£11.9 mg/dL) and current smokers (46.2+11.7 mg/dL). In contrast, current smokers
exhibited substantially higher TG levels (160.8+144.3 mg/dL) compared with never
smokers (111.0+ 101.7 mg/dL). LDL-C and T-CHO levels were comparable across
groups.

Differences were also observed in demographic and lifestyle characteristics. Current
smokers and former smokers were predominantly male (83.0% and 87.4%, respectively),
whereas the proportion of males was lower among never smokers (39.3%). Current
smokers also had a higher mean BMI (25.4+ 3.7kg/m?) and a higher prevalence of alcohol
consumption (24.4%) compared to never smokers. These variables, along with education
level, regular exercise, and estimated cell-type proportions, were included as covariates

in the subsequent association and mediation analyses.

11
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Associations between smoking and lipid traits

After adjusting for potential confounders, current smoking was significantly
associated with two of the four evaluated lipid traits (Figure 1 and 2). Specifically, current
smoking was associated with decreased levels of HDL-C (f = —4.43,SE = 0.82,P =
7.72 X 1078) and increased log-transformed TG levels (B = 0.14, SE = 0.04,P =
8.85 x 107°). In contrast, no evidence of association was observed for LDL-C (P =
0.802) or T-CHO (P = 0.281). Former smoking was not significantly associated with
any of the lipid traits (all P > 0.05), although a marginal association was observed for
HDL-C (f = —1.32, P = 0.083). Accordingly, subsequent mediation analyses focused

on the associations of current smoking with HDL-C and log(TG).

Mediation analysis

Using high-dimensional mediation testing (HDMT) to screen 846,232 CpG sites
across the epigenome, we identified 109 and 65 CpG sites as potential mediators of the
smoking - HDL-C association and smoking - log(TG) association, respectively (FDR <
0.05) (Figure 3 ,4 ,5 and 6). Among the potential CpGs identified in the HDMT analysis
of the smoking—HDL-C association, cg21161138, located in the AHRR gene, was
estimated to have the largest mediation effect. AHRR has been widely reported as a

smoking-related methylation marker [7]. In the HDMT analysis of the smoking—log(TG)

12
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association, three of the top significant CpG sites (cgl7058475, cg00574958,

cg05325763) were annotated to CPT1A. DNA methylation at CPT1A has been reported

to be negatively associated with TG levels [9, 35, 36]. Notably, cgl17058475 and

cg00574958 were also identified as potential mediators in the smoking—HDL-C

association.

To address the high collinearity among the identified loci and to estimate the overall

epigenetic contribution, PCA was applied to reduce the dimensionality of the HDMT-

identified CpGs. By summing the estimated mediation effects of all significant principal

components (P < 0.05), DNA methylation was estimated to account for 64.74% and

6.71% of total smoking effects on HDL-C and log(TG), respectively. Given the high-

dimensional and cross-sectional design, these values provide exploratory, model-based

estimates of the extent to which shared methylation patterns may account for the observed

smoking—lipid associations, rather than established causal mediation proportions.

Furthermore, to identify a sparse set of independent mediators, we applied a high-

dimensional penalized multivariate mediation model (HIMA2). HIMA?2 identified 14

independent CpGs for the smoking - HDL-C association (Figure 7). The CpG identified

by HDMT cg21161138 at AHRR remained significant in HIMA?2 and had the largest

estimated mediation effect. For the smoking—log(TG) association, HIMA?2 identified one

CpG site, cg00574958 in CPT1A. Notably, cg00574958 was also identified by HDMT.

13
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Functional enrichment analysis

The ORA-based GO enrichment analysis for the smoking-HDL-C association
identified enrichment related to viral- and interferon-related terms (Figure 8). The top GO
terms were mainly related to viral processes, interferon response, and antiviral immune
pathways. For the smoking—log(TG) association, the ORA-based GO enrichment analysis

identified enrichment mainly in kinase-related terms (Figure 9).

14
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Discussion

Few studies have examined mediation effects across the epigenome. Previous

research investigating the association between smoking, DNA methylation, and lipid

traits have primarily relied on standard epigenome-wide association studies. Typically,

these studies pre-select candidate CpG sites and subsequently apply traditional single-

mediator models to evaluate whether individual CpG sites mediate the association

between smoking and lipid traits [37]. To the best of our knowledge, this is the first

epigenome-wide study to investigate the mediating role of DNA methylation in the

association between smoking and lipid traits using high-dimensional mediation analysis.

In the current study, cg21161138, located within the AHRR gene, was estimated to

have the highest mediation proportion of the effect of smoking on HDL-C in both single-

mediator model and multi-mediators models. The site cg21161138 is a well-established

smoking-associated DNA methylation marker [38-41]. Previous studies have extensively

shown that smoking exposure induces significant hypomethylation at cg21161138, and

this hypomethylated state exhibits a strong connection to an elevated risk of

cardiovascular diseases, subclinical atherosclerosis, and higher cardiovascular mortality

[41, 42]. Hypomethylation of cg05575921, a well-known smoking biomarker that is

also located on AHRR, has been shown to outperform self-reported smoking exposure in

its association with CVD prevalence [43]. These findings support the interpretation that
15
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cg21161138 may capture a smoking-related epigenetic signature that is also relevant to

cardiovascular risk. Given that HDL-C is an important lipid trait related to

cardiometabolic health, the prominent mediation signal observed at cg21161138 in the

present study may reflect the contribution of smoking-related methylation changes to

HDL-C alterations.

In the present study, some top HDMT-identified CpGs for the current smoking—

log(TG) association were annotated to CPT1A. CPT1A has been reported as a lipid-

related methylation locus, particularly in relation to TG levels [9, 35, 36]. The

identification of these CpGs in the present analysis is consistent with previous

epigenome-wide studies and supports the relevance of CPT1A methylation to TG-related

metabolic variation. These findings suggest that the HDMT analysis captured CpG-level

methylation signals with established relevance to TG regulation, providing biological

context for the observed smoking—log(TG) mediation signals.

Among these loci, cg00574958 was additionally identified by HIMA2. Because

HIMAZ2 evaluates mediators in a sparse joint framework, the concordant identification of

cg00574958 indicates that its mediation signal remained distinguishable after accounting

for other candidate mediators. This provides complementary statistical support for

cg00574958 beyond its marginal HDMT signal. Nevertheless, given the cross-sectional

design, this concordance should not be interpreted as evidence that CPT1A methylation

16
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causally mediates the effect of smoking on TG.

The prominent CpG-level signals identified in this study were consistent with

previous methylation findings for individual components of the smoking—lipid pathway,

including the well-established smoking-associated locus AHRR and the TG-associated

locus CPT1A. This concordance provides biological context for the identified mediation

signals, while the epigenome-wide approach allowed potential mediators to be evaluated

without restriction to preselected candidate loci.

While individual CpG-level findings such as cg21161138 provide relatively

interpretable signals, the PCA-based analysis was used to evaluate the collective

contribution of correlated methylation patterns. By reducing dimensionality and

mitigating multicollinearity among HDMT-identified CpG sites, PCA captured shared

variation across multiple CpGs that may not be adequately represented by individual-site

analyses. The PCA-based mediation estimates differed substantially between HDL-C and

log(TG). Whereas the retained methylation components produced a relatively large net

estimate for HDL-C (64.74%), the corresponding estimate for log(TG) was 6.71%. This

difference does not necessarily indicate that DNA methylation is biologically important

for one lipid trait but not the other. Rather, PCA summarizes multiple correlated

methylation signals, and the resulting net estimate depends on the magnitude and

direction of the indirect effects represented by the retained components. In the log(TG)

17
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analysis, significant PCs showed indirect effects in opposing directions, leading to

substantial cancellation in the summed estimate. These findings therefore suggest that the

statistical patterns of methylation-related mediation may differ between the smoking—

HDL-C and smoking—log(TG) associations. Given that principal components are

statistical summaries of correlated CpG sites and that the present study was cross-

sectional, these estimates should be interpreted as exploratory, model-based summaries

rather than definitive causal mediation proportions.

The HDMT and HIMAZ2 analyses address complementary aspects of high-

dimensional mediation. HDMT evaluates mediation evidence for each CpG in a marginal

framework and is therefore suitable for epigenome-wide identification of CpG-level

mediation signals. HIMA2, in contrast, applies variable selection and joint modeling to

identify a sparse set of CpGs whose mediation signals remain distinguishable after other

candidate mediators are considered simultaneously. Consequently, a larger number of

CpGs identified by HDMT than by HIMA?2 is not unexpected and does not indicate

disagreement between the methods.

This distinction was particularly evident for log(TG), for which HDMT identified

65 potential mediators whereas HIMA2 identified only cg00574958. The HDMT-only

CpGs may represent marginal or correlated methylation signals that were not retained

under the sparse joint model, whereas cg00574958 showed evidence under both

18
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frameworks. Thus, HIMA2 complements HDMT by providing information on which of

the epigenome-wide marginal signals remain detectable in a multivariable high-

dimensional mediation model.

Functional enrichment analyses suggested different enrichment patterns for the

smoking—HDL-C and smoking—log(TG) associations. The enriched GO terms for HDL-

C were mainly related to viral processes and immune responses. These results suggest

that HDL-C-related methylation signals may be functionally linked to genes involved in

host - virus interaction, antiviral defense, and innate immune signaling. This

interpretation may be biologically plausible, as previous studies have suggested that

smoking-related DNA methylation changes may contribute to cytokine alterations [44],

and that immune activation or inflammation may be associated with reduced HDL-C

levels [45, 46]. However, the existing evidence remains relatively indirect, as these

studies do not directly demonstrate the full pathway linking smoking, DNA methylation,

immune or inflammatory responses, and HDL-C levels. Together, these studies provide

partial biological support for a possible connection between HDL-C-related methylation

patterns and immune-related biological functions, although the complete pathway

remains unestablished.

In contrast to the HDL-C enrichment pattern, the TG-related terms were relatively

broad and did not provide a clear biological context specifically related to TG metabolism

19
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or the smoking—log(TG) association.

Although several CpG sites showed statistically significant mediation signals after

multiple-testing correction, their biological relevance should also be considered in terms

of effect magnitude and biological context. In epigenome-wide analyses, modest effects

across multiple CpG sites may collectively reflect broader methylation patterns, whereas

individual CpG-level findings alone provide limited information about the underlying

functional mechanisms. Thus, the identified CpG sites and enriched pathways support

potential epigenetic links between smoking and lipid traits, while further functional and

longitudinal evidence is needed to clarify their biological roles.

This study has an important limitation. Because smoking status, DNA methylation,

and lipid traits were measured concurrently, the temporal relationship among these

variables could not be established. Therefore, causal inference is limited, and reverse

causation cannot be excluded.

Despite this limitation, our work offers several notable advantages. To the best of

our knowledge, this is the first study to investigate the potential mediating role of DNA

methylation in the association between smoking and lipid traits in an epigenome-wide

framework. In addition, this study contributes evidence from a Taiwanese population,

which remains underrepresented in the current literature.
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Conclusion

In conclusion, this study identified multiple CpG sites that may mediate the

association between smoking and lipid traits in the Taiwan Biobank. Among them,

cg21161138 in AHRR and several CpG sites in CPT1A were notable findings. The

enrichment analysis further identified immune-, antiviral-, and kinase-related GO terms.

Together, these results provide statistical evidence supporting a potential role of DNA

methylation in the association between smoking and lipid traits. Further longitudinal and

functional studies are needed to clarify the underlying biological mechanisms.
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Tables

Table 1. Basic characteristics of the 2,463 Taiwan Biobank participants stratified by

smoking status

Never smokers | Former smokers? | Current smokers?

Total 1870 (100%) 310 (100%) 283 (100%)
HDL-C (mg/dL) 55.6 (13.7) 49.6 (11.9) 46.2 (11.7)
LDL-C (mg/dL) 121.4 (32.5) 122.3 (32.6) 121.3 (31.8)

TG (mg/dL) 111.0 (101.7) 123.7 (81.8) 160.8 (144.3)
T-CHO (mg/dL) 195.5 (35.2) 193.0 (35.8) 191.9 (33.8)
BMI (kg/m?) 24.1 (3.7) 25.3(3.2) 25.4 (3.7)

Educational attainment® (ordinal

5.6 (0.9) 5.6 (0.9) 5.4(0.8)
score)
Female 1136 (60.7%) 39 (12.6%) 48 (17.0%)
Male 734 (39.3%) 271 (87.4%) 235 (83.0%)
Current drinking? (Yes / No) 72 (3.9%) 30 (9.7%) 69 (24.4%)
Regular exercise® (Yes / No) 815 (43.6%) 178 (57.4%) 95 (33.6%)

Data are presented as n (%) or mean (standard deviation)

*Former smokers were those who had a history of smoking for at least six months and had quit smoking
for at least six months prior to their enrollment.

°Current smokers were defined as participants who had smoked for at least six months and had not
quit smoking at the time of enrollment.

°Educational attainment was treated as an ordinal variable ranging from 1 to 7, where 1 indicated

illiteracy, 2 denoted literacy without formal education, 3 through 6 represented graduates of primary, junior
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high, senior high, and college/university levels, respectively, and 7 signified a Master’s or higher degree.
4Drinking status was considered positive if the participant consumed more than 150 mL of alcoholic

beverages per week for at least six months and had not stopped drinking at the time of enrollment.
‘Participants who engaged in exercise at least three times a week, with each session lasting more than

30 minutes, were defined as having a positive regular exercise status. Exercise included leisure-time

activities such as badminton, tennis, swimming, yoga, jogging, cycling, mountain climbing, and dancing.
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Figures

Associations between Current Smoking and Lipid Traits

l0g(TG) o
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Figure 1. Adjusted associations between current smoking and lipid traits.
Age, sex, BMI, drinking status, regular exercise status, educational level, and 11 estimated blood cell

type proportions were included as covariates. Current smoking shows significant association with lower

HDL-C and higher TG levels (P < 0.05). Lipid traits were analyzed on their original scale (mg/dL), except

for TG, which was log-transformed prior to analysis.
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Associations between Former Smoking and Lipid Traits
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Figure 2. Adjusted associations between former smoking and lipid traits.
Age, sex, BMI, drinking status, regular exercise status, educational level, and 11 estimated blood cell

type proportions were included as covariates. Former smoking shows no significant association with any

lipid traits (P > 0.05). Lipid traits were analyzed on their original scale (mg/dL), except for TG, which was

log-transformed prior to analysis.
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Figure 3. Manhattan Plot of HDMT Results for the Current Smoking—HDL-C
Association

Manhattan plot of HDMT results for CpG-level mediation analysis of the current smoking—HDL-C
association. Each point represents a CpG site arranged by chromosomal location. The y-axis corresponds
to -loglO0(P-value) from the HDMT single-CpG mediation test, and the horizontal dashed threshold
designates FDR = 0.05. The highlighted CpG, c¢g21161138, is annotated to AHRR.

26

d0i:10.6342/NTU202604328



‘cgl7058475

(CPT1A)
cg00574958
g (CPT1A) .
L . g LU . .‘cgos325763 R .
. : . . (CPT1A) ‘. e

~logyo(p)

9 10 1 12 13 14 15 16 17 18 19 20 21 22

7 8
Chromosome

Figure 4. Manhattan Plot of HDMT Results for the Current Smoking—log(TG)
Association

Manhattan plot of HDMT results for CpG-level mediation analysis of the current smoking—log(TG)
association. Each point represents a CpG site arranged by chromosomal location. The y-axis corresponds
to -loglO0(P-value) from the HDMT single-CpG mediation test, and the horizontal dashed threshold
designates FDR = 0.05. The highlighted CpGs, cg17058475, cg00574958, and ¢g05325763, are annotated
to CPT1A.
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Figure 5. Estimated Mediation Effects of HDMT-identified CpGs for the Current

Smoking—HDL-C Association

Effect size bar chart of HDMT-identified CpG mediators for the current smoking—HDL-C association. The

top 10 CpG sites with the largest absolute estimated mediation effects are shown. Bar length represents the

estimated mediation effect (o X B), and bar direction indicates whether the estimated mediation effect is

positive or negative. Among these CpGs, cg21161138, annotated to AHRR, showed the largest estimated

mediation effect.
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Figure 6. Estimated Mediation Effects of HDMT-identified CpGs for the Current
Smoking—log(TG) Association

Effect size bar chart of HDMT-identified CpG mediators for the current smoking—log(TG) association. The
top 10 CpG sites with the largest absolute estimated mediation effects are shown. Bar length represents the
estimated mediation effect (o X B), and bar direction indicates whether the estimated mediation effect is
positive or negative. Several CpGs with relatively large estimated mediation effects were annotated to

CPT1A, including cg17058475, cg00574958, and ¢g05325763.
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Figure 7. Estimated Mediation Effects of HIMA2-identified CpGs for the Current

Smoking—HDL-C Association

Effect size bar chart of independent CpG mediators identified by HIMA?2 for the current smoking—HDL-C

association. Bar length represents the estimated mediation effect, and bar direction indicates whether the

estimated mediation effect is positive or negative. Among the HIMA2-identified CpGs, cg21161138,

annotated to AHRR, showed the largest estimated mediation effect.
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Figure 8. GO enrichment analysis for the current smoking—HDL-C association

The enrichment analysis further identified immune-, antiviral-related GO terms. The plot displays the top

15 enriched GO terms ranked by the lowest P-values. Enriched GO pathways are listed on the y-axis,

whereas the x-axis indicates the overlap ratio. Node size corresponds to the count of overlapping genes,

with color gradient —log10(adjusted P-value). The enriched terms were mainly related to viral processes,

interferon response, and antiviral immune pathways.
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Figure 9. GO enrichment analysis for the current smoking—log(TG) association
The enrichment analysis further identified kinase-related GO terms. The plot displays the top 15 enriched
GO terms ranked by the lowest P-values. Enriched GO pathways are listed on the y-axis, whereas the x-
axis indicates the overlap ratio. Node size corresponds to the count of overlapping genes, with color gradient
—log10(adjusted P-value). The enriched terms were mainly related to kinase activity, histone kinase activity,

and ATP hydrolysis activity.
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