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Abstract
Background Increasing evidence suggests a potential causal association between lipid levels and facial aging. The 
aim of this study was to investigate the relationship between levels of specific lipids and facial aging via Mendelian 
randomization methods. Additionally, this study aimed to identify mediators and explore relevant genes and drug 
targets.

Methods In this study, genome-wide association data on plasma lipids from 7,174 Finnish individuals in the UK 
Biobank were used. Two-sample Mendelian randomization was applied to assess the causal effects of specific lipids 
on facial aging. Sensitivity and pleiotropy analyses were conducted to ensure the robustness and reliability of the 
results. Multivariate Mendelian randomization was conducted to account for the potential impact of confounding 
factors. Furthermore, summary-data-based Mendelian randomization was used to identify relevant genes, which were 
validated through multiomics data. Finally, drug‒gene interactions were explored via molecular docking techniques.

Results Two-sample Mendelian randomization analysis revealed a causal relationship between lipid levels and facial 
aging. According to the multivariate Mendelian randomization results, smoking was found to mediate this association, 
and these lipids remained significantly associated with facial aging, even after accounting for environmental 
confounders. Using summary-data-based Mendelian randomization, CYP21A2, CCND1, PSMA4, and MED1 were 
identified as potential gene targets, with MED1 further validated through pQTL and mQTL data. Additionally, the 
MED1 protein was found to bind spontaneously with astragalin, fenofibrate, and ginsenoside.

Conclusions The results revealed a causal relationship between lipid levels and facial aging, revealing key gene 
targets that were still significantly associated with facial aging after controlling for environmental confounders. 
Additionally, the interactions between MED1 and certain drugs may indicate potential pathways for therapeutic 
interventions related to facial aging.
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Background
Facial aging (FA) is a natural and gradual process involv-
ing changes in facial tissues and is influenced by both 
internal and external factors. It is characterized primar-
ily by cellular and molecular damage [1], which sub-
sequently leads to a series of visible changes, such as 
increased wrinkles, tissue laxity, and a reduction in the 
barrier function of the skin [2]. This not only negatively 
affects normal interpersonal interactions [3] but also 
increases the risk of developing skin diseases [4, 5]. As a 
phenomenon of global aging, FA has received increasing 
attention. A better understanding of the biological mech-
anisms of FA can help develop early prevention strategies 
to reduce the negative effects of FA. However, the under-
lying mechanisms still need to be further clarified.

Lipids are an important and highly diverse class of mol-
ecules, and with recent advances in lipidomics research, 
the effects of lipids on the human aging process have 
been gradually revealed [6–8]. Lipids play an important 
role in chronic diseases associated with human aging, 
especially in the process of skin aging [9–11]. For exam-
ple, the peroxidation of lipids induced by inflammation 
and infection during human aging leads to DNA dam-
age in cells [12]. Although a potential causal relation-
ship between lipid levels and FA has been demonstrated, 
this correlation still lacks the support of extensive data 
analysis, and the subclasses of lipids and the pathways of 
action that exert an effect are still not fully explored.

Mendelian randomization (MR) has emerged as an 
important method for investigating the causal relation-
ship between exposure and disease, particularly because 
of its large sample size and ability to minimize bias from 
confounding factors in causal effect assessments [13, 14]. 
This research, which involved data from a large genome-
wide association study (GWAS), primarily employed 
inverse-variance weighting (IVW) analysis to investigate 
the relationships between lipid levels and FA. To ensure 
the robustness of our findings, IVW analysis was supple-
mented with secondary methods, including weighted 
mode, weighted median, MR‒Egger, and simple mode. 
To minimize the impact of potential confounders, multi-
variate Mendelian randomization (MVMR) was applied. 
Confounders such as smoking status, alcohol consump-
tion status, and blood pressure were accounted for in 
the analysis [15–22], and potential mediating effects 
were explored on the basis of this framework [23]. Addi-
tionally, to uncover the underlying molecular mecha-
nisms, summary-data-based Mendelian randomization 
(SMR) and colocalization analyses were conducted using 
pooled data from expression quantitative trait loci 
(eQTLs), protein quantitative trait loci (pQTLs), and 
methylation quantitative trait loci (mQTLs) for the rel-
evant lipids. These analyses identified potential links 
between specific genes and FA. Furthermore, molecular 

docking techniques were applied to explore the inter-
actions between these genes and potential antiaging 
drugs, including Astragalin, fenofibrate and ginsenoside, 
enhancing the clinical relevance of the findings [24–26].

Methods
Research design
This study is based on the 3 assumptions of MR [27], 
which are shown in Fig.  1a. Specifically, genetic varia-
tions used as instrumental variables (IVs) are called sin-
gle nucleotide polymorphisms (SNPs), and IVs should be 
(1) strongly correlated with exposure, (2) only correlated 
with outcomes through exposure, and (3) not associated 
with any confounding factors associated with exposure 
outcomes. The flowchart of this study is shown in Fig. 1b 
and c. The Strengthening the Reporting of Observational 
Studies in Epidemiology using Mendelian Randomization 
(STROBE-MR) checklist was completed [28, 29].

Data sources
Detailed information on the GWASs used in the present 
study can be found in Supplementary Table 1. The lipid 
data came from a study of 7174 Finnish individuals [30], 
which included 179 lipid types and belonged to 13 lipid 
categories, covering 4 main lipid categories: glycerolip-
ids, glycerophospholipids, sphingolipids, and sterols. The 
lipid species are named in the following notation: class 
name < sum of carbon atoms>:< sum of double bonds>;< 
sum of hydroxyl groups>. The annotation of lipid subspe-
cies includes information on their acyl moieties and, if 
available, their sn-position. The acyl chains are separated 
either by “_” if the sn-position on the glycerol cannot be 
resolved or otherwise by “/”.

FA data were sourced from the publicly available 
GWAS database, which includes phenotype and biologi-
cal samples from 432,999 participants in the UK. The FA 
data in the UK Biobank were obtained through question-
naires and can be accessed on the open GWAS database 
website of the Integrated Epidemiological Unit (IEU).

On the basis of previous studies, we identified several 
confounding factors for lipids, such as smoking status, 
alcohol consumption status, duration of strenuous exer-
cise participation, type of special diet followed: (low-
calorie, vegetarian), and blood pressure. The data on the 
duration of strenuous exercise participation and type 
of special diet followed: (low-calorie, vegetarian) were 
obtained from the IEU OPEN GWAS database, which 
included biological samples and phenotypes from 64,949 
participants and 9,851,867 SNPs. Alcohol intake and 
smoking frequency data can be accessed from the IEU 
OPEN GWAS database website. The data for systolic and 
diastolic blood pressure were obtained from the Inter-
national Consortium of Blood Pressure, which includes 
757,601 samples and 7,160,619 SNPs.
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Lipid-associated genes were sourced from the Gen-
eCards database, with duplicates meticulously removed. 
To increase the reliability of our dataset, we specifically 
selected genes that encode proteins and have correla-
tion scores exceeding 1. The eQTL dataset encompasses 
10,317 traits from 31,684 individuals, including SNP 
information [31]. The pQTL data were sourced from the 

decode database, which features 35,559 Icelanders and 
encompasses 4,907 proteins [32]. The mQTL data were 
derived from two distinct comprehensive meta-analyses, 
including a total of 1,980 individuals [33, 34].

This study is based on publicly available data. Individ-
ual studies within each GWAS received approval from 
the relevant Institutional Review Board, and informed 

Fig. 1 This is the flowchart of this study

 



Page 4 of 14Zhao et al. Lipids in Health and Disease          (2024) 23:342 

consent was obtained from the participants or a care-
giver, legal guardian, or other proxy.

IVs selected
Statistical analyses were conducted via R software (ver-
sion 4.3.1). For MR analysis of the causal links between 
FA and lipid levels, we utilized the “TwoSampleMR” 
package in R. We selected SNPs on the basis of lipid 
data, applying a significance threshold of p < 5E-06. To 
adhere to the MR assumptions (r2 < 0.001, aggregation 
distance = 10,000 kb), we undertook quality control mea-
sures and linkage disequilibrium (LD) analysis to exclude 
palindromic SNPs. Given that weak SNPs can bias two-
sample Mendelian randomization (TSMR) results toward 
the null, we excluded such SNPs using an F-statistic 
threshold of greater than 10.

The F statistic was calculated to evaluate the strength 
of the instrumental variables. This calculation involved 
assessing the proportion of phenotype variance explained 
by the genetic variants. The calculations included the 
minor allele frequency (MAF), explained genetic variance 
(R^2), sample size (N), and number of instrumental vari-
ables (k) via the following formula: F = (N-k-1/k)*(R^2/1-
R^2), where R^2 = 2(1-MAF)*MAFβ^2.

Mendelian analysis
In the initial phase of our analysis, TSMR was employed 
to assess the influence of lipid species on FA. We used 
the random-effects IVW method as the primary esti-
mator for this MR analysis [35]. Owing to the presence 
of heterogeneity in our data, we chose between fixed-/
random-effects models for the IVW method. Impor-
tantly, the IVW method operates under the assumption 
that all selected SNPs are valid IVs. This method is widely 
acknowledged for its robust statistical power. To increase 
the robustness of our findings, we conducted supplemen-
tary analyses via the weighted median approach [36], 
MR Egger regression [37], and both simple and weighted 
mode methods. We presented the results as odds ratios 
(ORs) and 95% confidence intervals (CIs) to quantify the 
effect strength.

In the MVMR analysis, we integrated several factors 
(primarily based on past research, including the number 
of cigarettes smoked daily, alcohol intake frequency, sys-
tolic blood pressure, diastolic blood pressure, vegetarian 
diet status, low-calorie diet status, and duration of stren-
uous exercise participation) in the analysis for adjust-
ment. The IVW method was used for MVMR.

Following MVMR, a mediation analysis was conducted 
to estimate the potential proportion of the variance 
explained by mediators using MVMR. The calculation 
of the proportion of the mediating effect was based on 
the formula β(A)* β(B)/β(Total), where β(A) is the effect 
value of the mediating factors and lipids, β(B) is the effect 

of the mediator and outcome, and β(Total) is the effect of 
the lipids and outcomes.

SMR software was utilized for causal analysis of genes 
associated with lipids [33, 38], employing the 1000 
Genomes European reference to compute LD. The SMR 
analysis framework included (1) the use of SNPs as instru-
mental variables with blood gene expression as the expo-
sure and FA as the outcome and (2) the use of SNPs as 
instrumental variables with blood gene methylation data 
as the exposure and FA as the outcome. The β coefficient 
was determined by the ratio βSMR = βGene/βFA, and 
the odds ratio (OR) was calculated as OR = exp(βSMR). 
pQTL analysis was subsequently conducted via the 
“TwoSampleMR” package, where SNPs serve as instru-
mental variables, protein expression of genes in blood 
as the exposure, and blood gene expression as the out-
come. Colocalization analysis, a technique used to iden-
tify shared causal variants of two traits within the same 
genomic region, is applied to investigate the potential 
interactions between lipid-related genes and FA [39, 40]. 
The foundational hypotheses for colocalization are as fol-
lows: H0, neither trait possesses a causal genetic variant; 
H1, only trait 1 has a causal variant; H2, only trait 2 has 
a causal variant; H3, both traits have causal variants, but 
they are not identical; and H4, both traits share the same 
causal variant. This analysis was executed via the “coloc” 
R package, with PH4 > 0.5 considered to indicate a shared 
genetic effect between two traits [41].

Molecular docking results
The receptor protein was imported into PyMOL 2.4.0 
software for dehydration, and then AutoDockTools 1.5.7 
software was used for merging, hydrogenation, and 
removal of nonpolar hydrogen atoms before converting 
into PDBQT format. The Grid function in AutoDock-
Tools 1.5.7 software was employed to identify the pro-
tein receptor regions that can bind to ligands, namely, 
the active pocket. The ligand small molecules in mol2 
format were imported into AutoDockTools, where set-
tings such as hydrogenation and charge calculation were 
applied. On the basis of the docking pocket obtained in 
the previous step and the processed receptor and ligand, 
molecular docking was performed via AutoDock Vina 
1.1.2 software, and PyMOL 2.4.0 was used to analyze the 
affinity and hydrogen bonds of amino acid residues.

Statistical analysis
Analyses were conducted via R (version 4.3.1), SMR (ver-
sion 1.3.1) and PLINK (version 1.9) software, with pack-
ages such as “TwoSampleMR”, “Tidyverse”, “ggplot2”, and 
“data.table” for analysis. Heterogeneity was tested with 
the Cochran Q test. Q < 0.05 was considered to indicate 
the presence of heterogeneity. Horizontal pleiotropy was 
evaluated on the basis of the MR Egger intercept, with 
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p < 0.05 considered to indicate the presence of horizontal 
pleiotropy. A leave-one-out test was used for outliers. The 
Steiger test was used to verify the directionality of the 
results. The heterogeneity in the dependent instrument 
(HEIDI) test was employed to assess result heterogene-
ity, considering outcomes reliable when P-SMR < 0.05 and 
P-HEIDI > 0.05. Multiple corrections were made to the P 
value via the Benjamini‒Hochberg (BH) method.

Results
TSMR results
In this study, the number of SNPs for all lipid types was 
confirmed to be above 4, and the F value fluctuated 
between 20.8700 and 1945.6043 (Supplementary Table 
2). Through the TSMR, a total of 27 types of lipids were 
found to have causal effects on FA (Fig.  2, Supplemen-
tary Tables 2 and Supplementary Figs. 1–3), of which 16 
were protective factors and 11 were risk factors. After 
adjusting for p values via the BH method, a total of 6 
types of lipids were retained, and all were risk factors 
(Fig.  3 and Supplementary Table 4), namely, the sterol 
ester (SE) (27:1/20:4) level (Pval: 3.32E-09, OR: 1.0104 
(1.0069–1.0139)), the phosphatidylcholine (PC) (20:4:0) 

level (Pval: 1.1682E-04, OR: 1.0122 (1.0060–1.0185)), the 
PC (16:0_20:5) level (Pval: 1.34E-05, OR: 1.015785113 
(1.0086–1.0230)), the PC (17:0_20:4) level (Pval: 8.49E-
07, OR: 1.0140 (1.0084–1.0196)), the PC (18:0_20:4) level 
(Pval: 3.01E-05, OR: 1.0103 (1.0054–1.0151)), and the 
PC (18:1_20:4level (Pval: 2.51E-08, OR: 1.0138 (1.0089–
1.0187); all of these variables belonged to 2 species: ste-
rols and glycerophospholipids. Among them, 5 species 
were glycerophospholipids and 1 species was a sterol. 
After further tests for heterogeneity, pleiotropy and sen-
sitivity analysis, we did not detect horizontal pleiotropy. 
Except for the (27:1/20:4) levels, the levels of the other 5 
variables exhibited heterogeneity (Supplementary Tables 
3 and 4 and Supplementary Figs. 4–6). We used the IVW 
random-effects model to reduce the error in the results.

MVMR results
MVMR was used to further estimate the associations 
between lipid types and FA (Fig.  4 and Supplementary 
Table 5). The P values of the 6 lipids were all less than 
0.05 after controlling for smoking status, drinking status, 
blood pressure, vegetarian diet status, low-calorie diet 
status, and duration of strenuous exercise participation, 

Fig. 2 Preliminary TSMR analysis results analysis
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and all lipids remained risk factors after correction, with 
an OR value ranging from 1.0074 to 1.0176.

Results of the mediation analysis
On the basis of the MVMR, we identified a potential 
causal relationship between smoking status and lipid lev-
els, and the TSMR identified a potential mediating effect 
between the 2 lipid species and smoking status (Fig. 5 and 
Supplementary Tables 6 and 7). Further mediation analy-
sis revealed that smoking mediated approximately 8.1% 
and 7.3% of the effects of lipid species and FA, respec-
tively (Table 1).

eQTL analysis of PC- and SE-related genes
PC- and SE-related genes were searched through the 
GeneCards database, and after nonprotein-coding 
genes and genes with correlation scores less than 1 were 
removed, 2053 related genes were ultimately obtained 
(Supplementary Table 8), and a total of 1471 genes were 
included in the analysis. SMR analysis revealed that 166 
genes were initially analyzed (p < 0.05, p_HEIDI > 0.05), 
and 4 genes were retained after “BH” multiple cor-
rection (0.05/1471): CYP21A2 (OR = 1.0146, P = 2.41 

E-05), CCND1 (OR = 1.0282, P = 7.05E-06), PSMA4 
(OR = 1.0350, P = 4.99E-08), and MED1 (OR = 1.0350, 
P = 5.90E-06) (Supplementary Table 9). All four genes are 
risk factors for FA, which is consistent with our previous 
study. In addition, the TSMR analysis results for MED1 
(P = 2.90E-06, OR = 1.0234) were consistent with the SMR 
results. Additionally, the TSMR analysis indicated that 
MED1 (P = 2.90E-06, OR = 1.0234) was a significant risk 
factor for FA, with the results being consistent between 
the SMR and TSMR analyses (Supplementary Table 10).

mQTL and pQTL analysis of PC- and SE-related genes
A search of mQTL and pQTL data revealed that only 
MED1 presented complete mQTL and pQTL data, 
for which mQTL and pQTL analyses were ultimately 
performed. mQTL analysis revealed that MED1 pos-
sessed two probes that were causally associated with FA 
(cg15445000, p = 7.36E-06, OR = 0.9926; cg03013999, 
p = 1.05E-05, OR = 0.9888), and both were risk factors 
(Supplementary Table 11). pQTL analysis revealed that 
MED1 (OR = 1.0387, P = 0.0482) was a risk factor for FA 
(Supplementary Table 12).

Fig. 3 Adjusted TSMR analysis results
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Colocalization analysis and TSMR analysis of genes and 
confounders
The eQTL colocalization analysis indicated that 
PP.H4 = 58.4% (H4 > 50%), suggesting a shared causal vari-
ant locus between MED1 and FA (Supplementary Table 
13). Additionally, TSMR analysis investigating the link 
between confounders and selected genes (Supplementary 

Table 14) revealed that MED1 may be associated with 
alcohol intake frequency and acts as a risk factor for this 
trait (OR = 1.0524, P = 2.98E-04). CCND1 was strongly 
associated with both diastolic (OR = 1.378, P = 1.91E-06) 
and systolic (OR = 1.650, P = 0.00176) blood pressure. 
PSMA4 and CYP21A2 were both linked to the number 
of cigarettes previously smoked daily and identified as 

Fig. 4 MVMR analysis results
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risk factors (PSMA4, P = 0.047, OR = 1.247; CYP21A2, 
P = 0.0337, OR = 1.0177). Additionally, CYP21A2 was 
associated with following a low-calorie diet (P = 0.0252, 
OR = 0.9901).

Molecular docking results
A review of the relevant literature revealed that astrag-
alin, fenofibrate, and ginsenoside are commonly used 
to treat FA, although their mechanisms of action in FA 
are not yet fully understood. The aim of this study was 
to explore the relationships between MED1 status and 
the use of these drugs. The molecular docking results 
revealed that the minimum binding energy of all three 
active compounds with the MED1 protein target was less 
than − 5 kcal/mol, indicating that the ligand and receptor 

can bind spontaneously. Among these compounds, gin-
senoside had the lowest binding energy at -8.0  kcal/
mol, suggesting that it has the strongest binding affin-
ity. The detailed docking results for the other molecules 
are presented in Table 2. The lower the minimum bind-
ing energy is, the stronger the binding between the small 
molecule and the target protein. Interactions such as 
hydrogen bonds, π-π stacking, and other molecular inter-
actions contribute to tight binding between the active 
ingredients and the target protein, further stabilizing 
their conformation and enhancing their binding affinity. 
For each docking, three conformations were generated, 
and the one with the best binding energy was selected for 
visualization (Fig. 6a-f ).

Discussion
FA is a complex physiological process that is considered 
irreversible, but various interventions, such as dietary 
modifications and lifestyle improvements [42], are con-
sidered to be meaningful in delaying FA [43]. With the 
expansion of studies on lipidomics, the relationship 

Table 1 The results of mediation analysis
Exposure Mediator Total effect 

(Beta)
A (Beta) B (Beta) Indirect ef-

fect (Beta)
Media-
tion ef-
fect/ Total 
effect

Phosphatidylcholine (16:0_20:5) levels Number of cigarettes previ-
ously smoked daily

0.0157 0.0212 0.0599 0.0013 0.0810

Phosphatidylcholine (17:0_20:4) levels Number of cigarettes previ-
ously smoked daily

0.0139 0.0165 0.0617 0.0010 0.0734

Table 2 Binding energy of molecular docking result
Macromolecule Ligand Binding Energy(kal/mol)
MED1 Astragalin -7.6

Fenofibrate -7.2
Ginsenoside -8.0

Fig. 5 TSMR analysis results of lipids and smoking
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between lipid levels and FA has been noted [44–47]. 
Several related mechanisms have been emphasized in 
the FA process, and oxidative stress, which can directly 
or indirectly mediate skin aging, is thought to play a cru-
cial role in the aging process [48]. On the one hand, lipid 
peroxidation products are thought to be involved in the 
formation of exocyclic DNA adducts, which cause DNA 
damage; on the other hand, lipids in membrane proteins 
can combine with reactive oxygen species (ROS) in tis-
sues, damaging animal cell membranes, which can cause 
chronic inflammation and disease, leading to aging [12, 

49–51]. In addition, the breakdown of elastin fibers, 
which are essential for maintaining skin elasticity and 
firmness, is also an important factor in aging [52], and 
cholesterol and polyunsaturated fatty acid oxidation 
products bind to elastin, which in turn leads to impaired 
or loss of elastin fiber function [53]. Although previ-
ous studies have revealed a link between lipid levels and 
FA, the physiological processes involved remain to be 
elucidated.

In this study, which was based on a large sample of 
GWAS data, TSMR analysis detected 27 specific lipids 

Fig. 6 Molecular docking results. (A) Astragalin. (B) Fenofibrate. (C) Ginsenoside
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(16 risk factors and 11 protective factors) as potential 
causative factors for FA. To minimize bias, the BH 
method was used to adjust the P value, and the results 
revealed that all 6 corrected lipids (1 sterol ester and 5 
phosphatidylcholines) were risk factors for FA. Steiger’s 
test confirmed the correct direction of causality. To fur-
ther refine the analysis and account for confounders, 
factors known to be associated with lipids or FA, such 
as smoking status, alcohol consumption status, veg-
etarian diet status, low-calorie diet status, duration of 
strenuous exercise, and blood pressure, were adjusted 
for via MVMR. After adjustment, the causal relation-
ships between the six lipids and FA remained significant. 
In addition, mediation analyses confirmed the mediating 
effect of daily smoking status on certain lipids. To explore 
the potential molecular mechanisms, four FA-associated 
genes (CYP21A2, CCND1, PSMA4 and MED1) were 
identified by SMR via eQTL data of phosphatidylcholine 
and sterol esters, and the associations of these genes with 
the above confounders were explored. On this basis, we 
focused on the MED1 gene and confirmed its significant 
causal relationship with FA via mQTL and pQTL data. 
Colocalization analyses further demonstrated the inter-
action between MED1 and FA. In molecular docking, 
the MED1 gene spontaneously binds to astragalin, fenofi-
brate and ginsenosides. According to the TSMR results, 1 
SE subclass and 5 PC subclasses were significantly associ-
ated with FA and were risk factors for FA. SE is an impor-
tant organic compound involved in the composition of 
cellular membranes, which are formed by esterification of 
Sterol, and in mammals, the cholesterol ester is the main 
form of SE present [54]. Atherosclerosis is considered an 
important manifestation of aging in the cardiovascular 
system [55], and SE and related oxidation products, such 
as oxidized LDL, are thought to accelerate this process by 
triggering chronic inflammation and oxidative stress [56, 
57]. Modified LDL, such as oxidized LDL, exacerbates 
atherosclerosis by accelerating the uptake and accumu-
lation of lipids, including cholesterol esters, by vascular 
smooth muscle cells and macrophages [56].

PC is a glycerophospholipid that also serves as an 
important component of animal cell membranes [59, 
60], and previous studies have suggested that PC may 
be associated with delayed hepatic and neurological 
aging [61–63]. Interestingly, a total of 16 PCs were 
considered to be associated with FA in this study, of 
which 9 were protective factors and 7 were risk fac-
tors, although only 5 risk factors were retained after 
multiple corrections, which still suggests that the 
role of PCs in the aging process of the human body 
is complex. PCs are associated with the production 
of tissue-derived ROS to form oxidized phosphati-
dylcholine (oxPC). The accumulation of oxPCs can 
affect the physicochemical properties of cytoplasmic 

membranes, potentially increasing membrane perme-
ability while inducing apoptosis, and is considered to 
be a deleterious substance [65, 66]. In addition, PCs 
are involved in the human skin barrier [67], and when 
the normal lipid components of the skin, including 
PCs, are dysregulated, the risk of impaired skin barrier 
function increases, which in turn leads to the develop-
ment of chronic inflammatory skin diseases, such as 
psoriasis [68–70]. Previous studies have shown that 
elevated levels of specific PC molecules (particularly 
those containing stearic acid (C18:0) and arachidonic 
acid (C20:4)) are associated with cellular senescence in 
human dermal fibroblasts cultured in vitro, which may 
affect the normal structure of cell membranes. This 
finding is consistent with some of our findings [69]. In 
addition, extrinsic factors such as ultraviolet light pro-
mote the accumulation of oxidative products such as 
oxPCs and ROS in human dermal fibroblasts cultured 
in vitro, accelerating FA [72, 73]. Although the pres-
ent study explored a possible mechanistic explanation 
for the influence of related lipids on FA, more clinical 
studies and basic experiments are needed to confirm 
and refine this mechanism.

Smoking status, alcohol consumption status, vegetar-
ian diet status, blood pressure, low calorie diet sta-
tus and duration of strenuous exercise participation 
were summarized as possible confounders that were 
included in the MVMR due to their possible potential 
impact on FA [74]. The MVMR results revealed that 
the causal effect of lipid levels on FA was strong. In 
addition, in a further mediation analysis, we identified 
daily smoking status as a mediator. Cigarette smoke 
(CS) is a well-recognized risk factor for skin aging, 
and its effects are multifaceted. CS extracts not only 
increase the accumulation of ROS in tissues and pro-
mote tissue oxidative damage [75] but also decrease 
the biosynthesis of collagen types I and III in human 
skin fibroblasts. In addition, owing to the toxic effects 
of CS, the normal function of the extracellular matrix 
is also negatively affected, accelerating the process of 
FA [76]. Lipid levels and smoking status are strongly 
associated, and a clinical trial has shown that CS rap-
idly affects reverse lipid transport in the lungs and 
circulation of mice and promotes the accumulation of 
certain lipids, such as cholesterol, in peripheral tissues 
[77]. Moreover, further experiments are needed to val-
idate the molecular mechanisms underlying the inter-
action between these two proteins.

To further investigate the underlying mechanisms, 
four key upstream genes regulating PC and SE were 
identified as potential risk factors for facial aging 
(FA). These genes were found to be associated with 
various confounders, suggesting that their effects on 
FA may not operate through a single, direct pathway. 
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Instead, multiple environmental confounding factors 
may influence these causal relationships. The direct 
impact of CYP21A2, CCND1, and PSMA4 on lipid 
regulation and FA remains underexplored in the exist-
ing clinical literature. The MED1 gene, a component 
of the Mediator complex encoding Mediator complex 
subunit 1 [78], has a significant effect on lipid autoph-
agy and fatty acid oxidation in mouse hepatocytes [79]. 
Moreover, MED1 is present in keratinocytes and par-
ticipates in numerous pathways that regulate keratino-
cyte proliferation. Its physiological activation reduces 
Hedgehog signaling, thereby inhibiting keratinocyte 
proliferation and inducing a dormant phase in hair fol-
licle tissues [80, 81], which is likely characterized by 
senescence [82]. Conversely, MED1 knockdown acti-
vates pathways, including the activin A/follistatin and 
JNK/c-Jun pathways, enhancing keratinocyte prolifera-
tion and collagen synthesis [83]. MiR-146a, a human 
microRNA, targets MED1 in hepatocytes and has been 
shown to promote oxidative stress-induced senescence 
in human primary fibroblasts [84], suggesting its anti-
aging potential [85]. Although the results of molecular 
docking illustrated the potential of MED1 for applica-
tions, its actual clinical input still requires further vali-
dation in more clinical trials.

Strengths and limitations
In this study, we clarified the causal relationship 
between lipid levels and FA through TSMR analysis 
and applied MVMR to further explore the interaction 
between lipid levels and confounders. On the basis of 
the results of MVMR, we further used mediation anal-
ysis to discover the mediating role of daily smoking 
in this causal relationship. Furthermore, we utilized 
pQTL, eQTL, and mQTL data to identify potential 
regulatory genes and investigate the regulation of FA 
at the molecular level. Sensitivity analyses confirmed 
the robustness of our methodology, indicating that 
our results were not influenced by pleiotropy. To our 
knowledge, this study is the first to amalgamate vari-
ous Mendelian randomization analyses with eQTL, 
pQTL, and mQTL data to investigate the relationships 
between lipid levels and FA.

Several limitations should be noted in this study. First, 
the main participants in our study were of European ori-
gin, and although this limits the bias caused by popula-
tion heterogeneity, it remains to be determined whether 
the results of this study are still applicable to other pop-
ulations. Second, heterogeneity remained in the MR 
analyses of the present study, although we used a ran-
dom-effects model to circumvent it, and no horizontal 
pleiotropy was detected. Third, while direct clinical tri-
als validating our findings are currently lacking, prelimi-
nary experimental studies align with some of our results. 

Nonetheless, these observations require confirmation 
through additional experimentation.

Conclusions
In summary, this study reveals the causal relevance of 
lipids in FA processes and the mediating effects of smok-
ing status on this relationship, broadens the scope of 
global lipidomics research, enhances our understanding 
of relevant lipids, and unveils the underlying molecular 
mechanisms. Furthermore, modulating lipid metabolism 
through the regulation of specific gene expression could 
mitigate FA, providing a theoretical foundation for future 
investigations.
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