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Abstract
Background  Metabolic syndrome (MetS) shows wide inter-individual variation in age at onset, yet the contribution 
of structural genomic variation is underexplored. We posited that copy number variation (CNV) burden—an 
aggregate of autosomal deletions and duplications—anticipates the timing of MetS. Our objective was to test 
whether higher CNV burden is associated with earlier onset of MetS and to nominate CNV regions enriched for 
metabolic biology, clarifying genetic architecture and guiding prevention. We leveraged a longitudinal Korean cohort 
to address this gap and provide evidence.

Methods  A total of 546 adults from the Korean Genome and Epidemiology Study (KoGES) cohort, with baseline 
genotyping and up to 20 years of follow-up, were analyzed. CNV burden was quantified as the total number of 
autosomal CNV segments identified after quality control. For each genomic segment, log2-transformed copy number 
ratios outside the diploid range were classified as CNV-present (value = 1) and those within the diploid interval were 
set to zero. Individual CNV burden was calculated by summing all non-zero segments and log-transformed to reduce 
skewness prior to analysis. MetS was defined according to NCEP ATP III and Korean waist circumference reference 
values. Onset age of MetS was calculated by adding the elapsed follow-up time (years) until the first diagnosis of 
MetS to each participant’s age at baseline. Participants who did not develop MetS were excluded from the onset-age 
calculation. We used multivariable logistic regression, multivariable linear regression, Kaplan–Meier with log-rank tests, 
and Cox proportional hazards models.

Results  A total of 403 CNVs showed nominal associations with MetS based on multivariable logistic regression 
adjusted for demographic, lifestyle, and clinical covariates (P < 0.05). The strongest signals were located in the amylase 
gene clusters (AMY1A/B/C, AMY2A/B) and KDM4C, although no CNV survived multiple-testing correction. Higher CNV 
burden was associated with earlier MetS onset in men (β = −21.42, P = 0.0249) and women (β = −14.09, P = 0.0451). 
In sex-stratified Cox proportional hazards models, CNV burden was consistently associated with an increased risk 
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Introduction
Metabolic syndrome (MetS) is defined by the co-occur-
rence of abdominal obesity, elevated blood pressure, 
impaired fasting glucose, high triglycerides, and low HDL 
cholesterol, and is associated with increased risks of car-
diovascular disease and type 2 diabetes [1–3]. In Korea, 
the prevalence of MetS rises sharply in older adults and 
exceeds that of many Western populations, which may be 
attributed to rapid dietary westernization, high refined-
carbohydrate intake, increasing rates of central obe-
sity, and possible East Asian genetic susceptibility [4, 5]. 
Importantly, recent epidemiologic studies have shown 
that MetS developing at a younger age is associated with 
a markedly higher risk of later cardiovascular complica-
tions compared with MetS that develops later in life [6–
8]. Therefore, understanding factors that contribute not 
only to MetS risk but also to its age of onset has become a 
critical research priority.

Genetic studies of MetS have primarily focused on sin-
gle nucleotide polymorphisms (SNPs) and have identified 
numerous risk alleles across metabolic pathways [9–11]. 
However, SNP-based findings explain only a modest 
fraction of the variability in metabolic traits and do not 
sufficiently account for inter-individual differences in 
the timing of MetS onset. Because MetS arises from the 
cumulative influence of many genetic variants with small 
effects interacting with lifestyle and environmental expo-
sures, it is considered a polygenic and heterogeneous 
metabolic condition [12, 13].

Copy number variations (CNVs), defined as DNA dele-
tions or duplications typically ranging from kilobases to 
megabases, represent a major class of structural variation 
that can alter gene dosage, disrupt coding or regulatory 
regions, and influence gene expression more substan-
tially than single nucleotide changes [14, 15]. CNVs have 
previously been associated with type 2 diabetes [16], 
dyslipidemia [17], obesity-related traits, and BMI varia-
tion, including well-characterized CNVs at the AMY1 
and AMY2 amylase loci that affect carbohydrate metabo-
lism and adiposity [18–22]. In addition, CNVs involving 
epigenetic regulators such as KDM4C have been linked 

to pathways relevant to glucose, lipid, and amino acid 
metabolism [23–28]. Despite these biologically plausible 
links, prior studies have focused largely on the presence 
or absence of disease and have not examined whether 
CNVs contribute to differences in the age at which MetS 
develops.

To our knowledge, no population-based study has eval-
uated whether genome-wide CNV burden, an aggregate 
measure of the total structural variation carried by an 
individual, is associated with the timing of MetS onset. 
This represents a critical gap in the literature because 
CNV burden may capture genomic instability or cumula-
tive metabolic susceptibility not reflected in SNP-based 
approaches.

The present study addresses this gap using genome-
wide CNV profiles from Korean adults followed for up 
to 20 years. We first identify CNVs associated with MetS 
and then investigate whether individual CNV burden is 
associated with variation in the age at MetS onset. By 
integrating structural genomic variation with long-term 
epidemiologic follow-up, this study provides new insights 
into the genomic architecture underlying the develop-
ment and timing of MetS.

Materials and methods
Study population
This study utilized data from the Ansan–Anseong 
cohort of the Korean Genome and Epidemiology Study 
(KoGES), a population-based prospective cohort of 
Korean adults aged 40–69 years. The Ansan (urban) and 
Anseong (rural) sites constitute one of the core KoGES 
Projects. CNV data were obtained from 1,000 partici-
pants in this cohort whose genomic data were curated as 
part of the Korea Association Resource (KARE) consor-
tium, which is a researcher network established to ana-
lyze KoGES genomic resources. The KoGES-Ansan and 
Anseong studies enrolled 10,030 participants aged 40–69 
years reside in urban (Ansan) and rural (Anseong) cities. 
At the baseline interview, all of the participants offered 
informed written consent and were examined regarding 
demographic data, biochemical data, anthropometric 

of incident MetS in men across all adjustment models, with hazard ratios ranging from 1.18 to 1.21. In women, the 
association showed a similar positive direction, with significance observed in partially adjusted models, although 
attenuated after full adjustment.

Conclusions  Greater CNV burden consistently was associated with earlier MetS onset in a population-based 
Korean cohort, positioning structural variation as a contributor to cardiometabolic trajectories. The prominence of 
AMY1/AMY2 and KDM4C suggests convergent pathways linking starch metabolism and epigenetic regulation to 
disease timing. CNV burden may serve as a biomarker to prioritize early clinical surveillance and tailored prevention, 
warranting mechanistic and external validation studies.
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Genome and Epidemiology Study (KoGES)
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measurement, medical history, including the analysis of 
dietary intake at medical institutions [29]. Among the 
total cohort of 10,030 participants, DNA samples from 
1,000 participants (499 men and 501 women) from the 
Ansan and Anseong cohort populations were selected 
and genotyped at baseline. Of these 1,000 genotyped 
participants, we excluded those without MetS compo-
nents data (n = 51), without covariates information (n = 
69), and those with MetS at baseline or without data on 
onset age (n = 334). In summary, 546 participants (287 
men and 259 women) were contained in the analysis of 
CNV-based association (Fig. 1). The study protocol was 
examined and approved by the Institutional Review 
Board (IRB) of Ewha Womans University (IRB No. 
ewha-202603-0023-01).

Demographic characteristics and anthropometric 
measurements
Demographic information was analyzed using an inter-
viewer-administered questionnaire collected at baseline. 
Alcohol consumption was divided into non-drinkers, for-
mer drinkers, and current drinkers. Smoking status was 
divided as non-smokers if they answered “I have never 
smoked” to the question “Do you currently smoke?“, 
former smokers if they answered “I have smoked before 
but do not currently smoke”, and current smokers if they 
answered “I smoke occasionally” or “I continue to smoke 
habitually”. Physical activity was measured by consider-
ing the length of time of the participants’ activity across 

diverse intensity levels. The metabolic equivalent of task-
hour/week (MET-h/week) was calculated by assigning 
specific weights to each activity intensity: 1.5 for seden-
tary, 3 for light, 5 for moderate, and 7 for vigorous activ-
ity. Socioeconomic characteristics were assessed using 
two indicators: educational attainment and household 
income. Educational status was categorized into three 
groups based on the highest level of completed school-
ing: (1) high school or below (2), college graduate, and (3) 
graduate-level education or higher. Household income 
was evaluated using participants’ self-reported aver-
age monthly earnings and classified into four brack-
ets: less than 2,000,000 won; 2,000,000–4,000,000 won; 
4,000,000–6,000,000 won; and 6,000,000 won or more 
[30]. Energy intake (kcal/day) was estimated using a 103-
item semiquantitative food frequency questionnaire (SQ-
FFQ) offered by the KoGES dietary assessment [31].

Participants’ height (cm) and weight (kg) were recorded 
by measuring while barefoot and wearing light clothing. 
Body mass index (BMI) was measured by dividing an 
participant’s weight by the square of height (m²). Waist 
circumference (cm) was measured horizontally at the 
midpoint between the lowest rib cage and iliac crest. Par-
ticipants took a rest for 10 min in a sitting position and 
then their blood pressure (mmHg) was measured using 
a mercury sphygrometer (Baumanometer; WA Baum, 
Copiague, NY, USA). Blood samples of each participant 
were gathered in the morning after participants fasted 
for 12  h. The various biomarker such as fasting plasma 

Fig. 1  Flowchart illustrating the selection of participants included in the study

 



Page 4 of 15Ko et al. BMC Medical Genomics           (2026) 19:81 

glucose, triacylglycerol, and HDL cholesterol were mea-
sured using a chemical analyzer (Hitachi 7600; Hitachi, 
Tokyo, Japan, until August 2002, ADVIA 1650; Siemens, 
Tarrytown, NY, USA, from September 2002).

Definition of MetS
The guidelines of the National Cholesterol Education 
Program (NCEP) Adult Treatment Panel III (ATP III) 
were used as the definition of MetS in this study [32]. 
MetS was defined as satisfying three or more of the fol-
lowing five characteristics, and abdominal obesity in 
Koreans was defined based on the Korean Society for the 
Study of Obesity’s treatment guidelines [33]:

 (1) Systolic blood pressure (SBP) ≥ 130 mmHg, dia-
stolic blood pressure (DBP) ≥ 85 mmHg, use of antihy-
pertensive medication, history of hypertension diagnosis, 
or treatment for hypertension; (2) Serum triglyceride 
level ≥ 150 mg/dL; (3) Fasting blood glucose (FBG) ≥ 100 
mg/dL, use of insulin injection, use of oral hypoglycemic 
agents, or history of diabetes diagnosis; (4) Serum HDL 
cholesterol level < 40 mg/dL in men and < 50 mg/dL in 
women; and (5) Abdominal obesity: waist circumference 
≥ 90 cm in men and ≥ 85 cm in women [33]. Non-MetS 
was defined as not meeting the criteria for MetS; that is, 
individuals with zero, one, or two of the five components.

The onset age of MetS
In this study, the onset age of MetS was calculated by 
adding the elapsed follow-up time (years) until the first 
diagnosis of MetS to each participant’s age at base-
line [34]. Participants who did not develop MetS were 
excluded from the onset-age calculation. Based on this 
definition, the mean onset age among individuals who 
developed MetS was 60.7 ± 9.1 years. When stratified 
by sex, the mean onset age was 59.1 ± 9.1 years in men 
and 62.2 ± 8.9 years in women. The onset age variable 
was used as the outcome measure in multivariable linear 
regression analyses.

Quality control of SNP genotype
Genotype data generated from the Affymetrix Genome-
Wide Human SNP Array 5.0 were subjected to a stan-
dardized multi-step quality control (QC) procedure using 
PLINK version 1.9. At the individual level, participants 
with a genotype call rate below 95% were removed. Sex 
concordance was evaluated using the PLINK --check-sex 
function, and samples exhibiting inconsistencies between 
reported sex and genetically inferred sex were excluded.

For SNP-level QC, variants with a missing call rate > 
5% (--geno 0.05) were removed. SNPs exhibiting signifi-
cant deviation from Hardy–Weinberg equilibrium (P < 1 
× 10⁻⁶) or with a minor allele frequency (MAF) < 5% were 
also filtered out. To derive a linkage disequilibrium (LD)-
independent set of markers for assessment of population 

structure, LD pruning was performed using a 50 kb slid-
ing window, shifting by 5 SNPs at each step, and applying 
an LD threshold of r² < 0.2. The pruned SNP set was sub-
sequently used to compute principal components (PCs) 
via the PLINK --pca algorithm [35, 36].

The first two principal components (PC1 and PC2), 
which captured the majority of ancestry-related varia-
tion within the cohort, were extracted and incorporated 
as covariates in all downstream association analyses to 
account for potential confounding from subtle popula-
tion stratification.

Genotyping and CNV determination
The CNV data used in this study were 1,000 samples 
offered by the National Biobank of Korea, Korea Disease 
Control and Prevention Agency. CNVs were detected 
using a 720 K comparative genomic hybridization (CGH) 
array (Roche NimbleGen, Madison, WI, USA) provided 
by the National Biobank of Korea [37]. Raw data acqui-
sition used data in CEL file format obtained from CGH 
array chip 720 K, and each file contains signal intensity 
information for each sample [38]. Signal intensity extrac-
tion was performed from the CEL files using PennCNV 
(version 1.0.3), and CNV calling was performed based 
on this. Signal intensity extraction was performed using 
PennCNV (version 1.0.3), and CNV calling was per-
formed based on this software [39]. CNV determination 
was also performed using PennCNV, and the results were 
saved in text file format. Afterwards, GC adjustment was 
applied to minimize data distortion and increase the 
accuracy of analysis. GC adjustment for signal intensity 
was performed using the GC-modeling approach imple-
mented in PennCNV, which reduces genomic ‘wave’ 
artifacts caused by local GC content [40]. The prepro-
cessing steps such as raw data acquisition, signal intensity 
extraction, CNV calling, and GC ratio correction were 
performed in advance by the distributor, the National 
Biobank of Korea of Korea Disease Control and Preven-
tion Agency.

The CNV text files provided by KoGES included a seg-
ment identifier (SEQ_ID), which groups probes belong-
ing to the same contiguous genomic interval. The use 
of SEQ_ID as a segment-level identifier is consistent 
with previous bioinformatics workflows, where SEQ_ID 
denotes chromosomal intervals that link probe-level 
intensity data to genomic segments [41].

For CNV calling, probes with the same SEQ_ID were 
grouped into one CNV and then, merged into unique 
CNV segments. Outlier detection was performed by 
excluding segments that fall outside the quartile (Q) 1 − 
1.5×interquartile range (IQR) and Q3 + 1.5×IQR ranges 
according to the IQR method, and calculating the aver-
age of the log2-transformed corrected signal intensity 
values ​​for the remaining CNV segments. For QC, CNV 
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segments with less than 5 probes or a positive to negative 
probe ratio of less than 90% were removed, and this ratio 
was determined as the ratio of the number of positive and 
negative probes among the total probes. In addition, seg-
ments with a CNV value of 0 in all samples were consid-
ered meaningless regions and then removed, and CNVs 
located on sex chromosomes were also excluded. CNV 
coordinate information was provided based on hg18 
(Human Genome Assembly 18; GRCh36) and converted 
to hg19 (GRCh37) using the UCSC LiftOver tool and the 
hg18ToHg19 chain file to apply the latest analysis stan-
dard [42]. A total of 15,766 CNVs were finally included in 
the analysis. A detailed overview of the CNV preprocess-
ing and quality-control pipeline is presented in Fig. 2.

For each individual, CNV burden was calculated 
through a systematic multi-step process. As described 
in the previous section, autosomal CNV segments were 
first filtered by QC criteria and segments located on sex 
chromosomes were excluded. In addition, segments with 
log2 transformed copy number ratios within the diploid 
range, defined as log2 (1.32/2) to log2 (2.64/2) [43], were 

considered normal and set to zero. Following preprocess-
ing, we quantified CNV burden at the individual level. 
Each genomic segment was first classified as either nor-
mal or CNV-present based on its log2 ratio. Segments 
with log2 ratios within the diploid range (i.e., values 
expected for normal copy number) were set to zero. Any 
segment with a log2 ratio outside this interval—indicat-
ing either a deletion or duplication—was assigned a value 
of one. Thus, CNV burden for each participant was cal-
culated by summing the number of segments labeled as 
one. For example, if Participant A had 150 autosomal 
segments showing non-zero values (i.e., CNVs) and Par-
ticipant B had 200 such segments, their CNV burdens 
were 150 and 200, respectively. This approach provides a 
comprehensive measure of an individual’s overall struc-
tural genomic variation load without weighting by CNV 
type, size, or associated with functional impact [44]. 
The distribution of CNV burden exhibited substan-
tial left-skewness; therefore, log-transformation was 
applied prior to statistical modeling to reduce skewness 
and improve normality (Supplementary Figure S1). To 

Fig. 2  Segment-level CNV preprocessing and quality-control workflow from 720 K CGH array data. The diagram summarizes the sequential filtering steps 
applied to probe-level signals and the resulting number of retained segments at each stage of CNV extraction. CGH, comparative genomic hybridization; 
CNV, copy number variation; IQR, interquartile range; KoGES, Korean Genome and Epidemiology Study; SEQ_ID, segment identifier
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construct CNV burden groups, sex-specific tertiles were 
defined using quantile-based cut points, ensuring equal 
sample sizes in each tertile category (n = 182). CNV bur-
den showed a right-skewed distribution without natural 
cut-points; therefore, tertile-based grouping was applied 
to ensure balanced sample sizes and facilitate interpre-
table descriptive comparisons, including Kaplan–Meier 
curves. Quantile-based grouping of genetic burden is 
widely used in genomic epidemiology, with studies com-
monly dividing burden indices into categories such as 
tertiles or quartiles, particularly when these indices 
exhibit skewed distributions. We emphasize that tertile 
categories were used only for visualization and second-
ary descriptive analyses, whereas all primary inferential 
models (linear regression and Cox models) treated CNV 
burden as a continuous variable.

Data analyses
The demographic characteristics of the individuals were 
classified and compared based on the presence or absence 
of MetS and CNV burden tertiles, respectively. For com-
parison of continuous variables, Student’s t-test was used 
to analyze mean differences between two groups (MetS 
vs. non-MetS), while general linear model (GLM) was 
employed to test mean differences among the three CNV 
burden groups. Categorical variables were presented 
as frequency (%), and the difference among groups was 
tested using the Chi-square test. To examine the associa-
tion between CNV burden and incidence of MetS during 
follow-up, multivariable logistic regression analyses were 
performed. Because participants with MetS at baseline 
were excluded, the binary MetS outcome used in logis-
tic regression represents incidence of MetS during fol-
low-up, not baseline prevalence. Incidence of MetS was 
defined as the first occurrence of MetS at any follow-up 
examination from baseline to the last available follow-up 
visit. Participants who did not develop MetS during fol-
low-up were classified as non-MetS. Covariates included 
baseline age (continuous, years), sex (men, women), BMI 
(continuous, kg/m2), alcohol intake (non-drinker, former 
drinker, current drinker), smoking status (non-smoker, 
former smoker, current smoker), physical activity (con-
tinuous, MET-h/week), energy intake (continuous, kcal/
day), educational status (high school graduate or less, 
college graduate, graduate school or more), household 
income (< 2,000,000, 2,000,000 ∼ 4,000,000, 4,000,000 ∼ 
6,000,000, ≥ 6,000,000), residential area (urban, rural), 
and the first two genetic principal components (PC1 
and PC2). Multiple testing was addressed using the Ben-
jamini–Hochberg false discovery rate (FDR) method with 
a 5% threshold [45]. All covariates were selected a priori 
based on established epidemiologic evidence regarding 
factors that influence MetS risk. No data-driven variable 
selection was performed; covariates were included to 

minimize confounding from demographic, lifestyle, and 
metabolic factors known to affect MetS development. To 
evaluate whether the association between CNV burden 
and the age at MetS onset followed a nonlinear pattern, 
we additionally fitted sex-stratified multivariable regres-
sion models that included both the linear and quadratic 
terms of onset age. Model fit was compared using the 
statistical significance of the quadratic term as well as 
Akaike’s Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC). Kaplan–Meier survival curves 
and log-rank tests were additionally conducted to com-
pare the cumulative incidence of MetS across sex-specific 
CNV burden tertiles (low, medium, high) [46, 47]. Lastly, 
to assess whether gene-disrupting CNVs exerted stronger 
effects on MetS onset, we conducted a subgroup analysis 
restricted to deletion-type CNVs (heterozygous loss and 
deep deletion) that overlapped functional gene regions. 
Genomic intervals were intersected with RefGene-anno-
tated gene bodies, exons, and UTRs to identify autosomal 
deletion segments affecting functional genomic elements. 
For each individual, a functional deletion burden was 
calculated as the total count of deletion-type CNVs over-
lapping these regions, and sex-stratified multivariable lin-
ear regression models were fitted adjusting for the same 
covariates described above. Time-to-event analyses were 
conducted using sex-stratified Cox proportional hazards 
models. Survival time was defined as the interval from 
baseline to the first occurrence of MetS, and participants 
who did not develop MetS were censored at their last 
available follow-up visit. CNV burden was quantified as 
the total number of non-diploid CNV events (DeepDel, 
HetLoss, Gain, or Amp) per participant. To examine the 
robustness of the association between CNV burden and 
incident MetS, four sequentially adjusted models were 
fitted. Model 1 adjusted for baseline age and population 
structure (PC1, PC2). Model 2 additionally controlled for 
socioeconomic and environmental variables (residential 
area, educational status, household income). Model 3 
further included lifestyle factors (smoking status, drink-
ing status, physical activity, and energy intake). Model 4 
additionally adjusted for baseline BMI to assess potential 
mediation through adiposity. All covariates were selected 
a priori based on established associations with MetS 
and to ensure consistency with the analyses performed 
for onset age. All analyses were conducted using Python 
(version 3.12.7), and a two-sided P < 0.05 was considered 
statistically significant.

Results
Characteristics of the study participants based on 
incidence of MetS during follow-up
Table  1 compares general characteristics between 
individuals with and without MetS, stratified by men 
and women. A total of 287 men and 259 women were 
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included in the baseline assessment. CNV burden was 
categorized into sex-specific tertile groups (low, medium, 
and high). Across both sexes, the distribution of CNV 
tertile groups did not differ significantly between partici-
pants with and without MetS.

In men, BMI, waist circumference, systolic blood 
pressure, diastolic blood pressure, triglycerides, and 
HDL cholesterol levels displayed significant differences 
between MetS and non-MetS individuals (all P < 0.05), 
with those in the MetS group exhibiting higher adiposity, 
higher blood pressure, elevated triglyceride levels, and 

lower HDL cholesterol levels. Blood glucose did not differ 
significantly between the two groups. Total calorie intake 
was marginally higher in the MetS group (P = 0.0500). 
Residential area, smoking status, and alcohol intake did 
not show statistically meaningful differences. Further-
more, physical activity levels measured by MET-hours/
week were comparable between the groups (P = 0.1478). 
Household income also did not differ between MetS 
and non-MetS men (P = 0.1612). Education level showed 
a statistically significant difference between MetS and 
non-MetS men (P = 0.0363). However, both groups were 

Table 1  General characteristics of the study participants based on incidence of metabolic syndrome during follow-up
Variables Men (n = 287) P-value Women (n = 259) P-value

MetS
(n = 122)

Non-MetS
(n = 165)

MetS
(n = 128)

Non-MetS
(n = 131)

CNV (n, %) 0.3157 0.6479

  Low CNV 38 (31.1) 50 (30.3) 43 (33.6) 51 (38.9)

  Medium CNV 34 (27.9) 59 (35.8) 45 (35.2) 44 (33.6)

  High CNV 50 (41.0) 56 (33.9) 40 (31.2) 36 (27.5)

  Age (years) 51.2 ± 8.9 51.5 ± 9.6 0.7755 54.8 ± 8.8 51.1 ± 9.2 0.0012

  BMI (kg/m2) 23.8 ± 2.4 23.8 ± 2.4 < 0.0001 24.3 ± 2.9 23.4 ± 2.9 0.0151

  Waist circumference (cm) 82.3 ± 5.6 78.3 ± 6.03 < 0.0001 80.0 ± 7.5 75.7 ± 7.6 < 0.0001

  Systolic blood pressure (mmHg) 124.5 ± 17.1 117.7 ± 18.7 0.0014 122.4 ± 17.7 111.6 ± 17.4 < 0.0001

  Diastolic blood pressure (mmHg) 83.2 ± 10.9 79.5 ± 12.03 0.0071 80.0 ± 10.3 73.6 ± 10.6 < 0.0001

  Triglyceride level (mg/dL) 177.2 ± 110.0 127.3 ± 64.1 < 0.0001 120.5 ± 44.0 103.6 ± 39.0 0.0012

  Glucose level (mg/dL) 88.3 ± 22.4 84.3 ± 14.3 0.0845 82.0 ± 10.6 80.2 ± 10.4 0.1719

  HDL cholesterol level (mg/dL) 44.4 ± 7.9 48.29 ± 9.91 0.0003 48.5 ± 9.6 51.9 ± 9.3 0.0041

Nutritional intake

  Total calories (kcal/day) 2182.9 ± 851.6 2005.0 ± 601.3 0.0500 1837.7 ± 704.1 1891.5 ± 774.5 0.9354

Residential area (n, %) 0.8213 0.0636

  Anseong 55 (45.1) 71 (43.0) 82 (64.1) 68 (51.9)

  Ansan 67 (54.9) 94 (57.0) 46 (35.9) 63 (48.1)

Smoking status (n, %) 0.6361 0.9644

  Non-smoker 23 (18.9) 31 (18.8) 121 (94.5) 123 (93.9)

  Former smoker 36 (29.5) 57 (34.5) 2 (1.6) 2 (1.5)

  Current smoker 63 (51.6) 77 (46.7) 5 (3.9) 6 (4.6)

Alcohol intake (n, %) 0.4682 0.8811

  Non-drinker 25 (20.5) 31 (18.8) 89 (69.5) 93 (71.0)

  Former drinker 10 (8.2) 21 (12.7) 3 (2.3) 2 (1.5)

  Current drinker 87 (71.3) 113 (68.5) 36 (28.1) 36 (27.5)

Physical activity

  MET (hours/week) 190.4 ± 101.1 171.4 ± 106.7 0.1253 181.5 ± 108.3 168.0 ± 94.2 0.2853

Household income, won/month (n, %) 0.1612 0.2680

  < 2,000,000 65 (53.3) 100 (60.6) 97 (75.8) 87 (66.4)

  2,000,000 ∼ 4,000,000 46 (37.7) 58 (35.2) 25 (19.5) 32 (24.4)

  4,000,000 ∼ 6,000,000 6 (4.9) 6 (3.6) 4 (3.1) 10 (7.6)

  ≥ 6,000,000 5 (4.1) 1 (0.6) 2 (1.6) 2 (1.5)

Education level (n, %) 0.0363 0.2251

  High school graduate or less 95 (77.9) 137 (83.0) 121 (94.5) 119 (90.8)

  College graduate 27 (22.1) 23 (13.9) 6 (4.7) 12 (9.2)

  Graduate school or more 0 (0.0) 5 (3.0) 1 (0.8) 0 (0.0)
Continuous variables are expressed as mean ± standard deviation, while categorical variables are expressed as frequencies (%). The p-values were based on Student’s 
t-test for continuous variables and the chi-square test for categorical variables. CNV were divided into three groups (Low, Medium, High) based on total CNV counts 
across all loci on autosomal chromosomes 1 through 22, using sex-specific tertile-based grouping

BMI Body mass index, CNV Copy number variation, HDL High-density lipoprotein, MET Metabolic equivalent of task, MetS Metabolic syndrome
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predominantly composed of individuals with a high 
school education or less, and no clear trend in educa-
tional attainment was observed.

In women, age was significantly higher among individ-
uals with MetS compared to those without (P = 0.0012). 
Similarly to men, women with MetS exhibited signifi-
cantly higher BMI, waist circumference, systolic and dia-
stolic blood pressure, and triglyceride levels, along with 
lower HDL cholesterol levels (all P < 0.05). Blood glucose 
levels did not differ between groups. Total calorie intake 
and physical activity were comparable between MetS 
and non-MetS women. Household income and educa-
tion level also showed no statistically significant group 
differences.

Overall, anthropometric measures, blood pressure, and 
lipid metabolism markers were consistently associated 
with MetS across both sexes, whereas CNV tertile group-
ing, lifestyle factors, physical activity, and socioeconomic 
indicators exhibited limited discriminatory value in dif-
ferentiating MetS status in this population.

Characteristics of the study participants based on CNV 
burden groups
Table  2 summarizes the characteristics of participants 
according to CNV burden tertiles (low, medium, and 
high), stratified by sex. In men, age differed signifi-
cantly across CNV burden groups (P = 0.0096), with the 
medium CNV group showing the youngest mean age 
compared to the low and high CNV groups. BMI also 
varied significantly among groups (P = 0.0069). Values 
were lowest in the low CNV group and higher in both the 
medium and high CNV groups. Systolic (P = 0.0407) and 
diastolic blood pressure (P = 0.0303) differed significantly 
across CNV groups, with the high CNV group showing 
the highest levels. For metabolic components such as 
triglycerides, fasting glucose, and HDL-cholesterol, no 
significant differences were observed among CNV bur-
den groups. Total calorie intake also did not differ signifi-
cantly (P = 0.5849). However, residential area showed a 
highly significant difference among CNV burden groups 
(P < 0.0001), with the high CNV group having a greater 
proportion of Ansan residents compared to the low 
CNV group. Lifestyle factors including smoking status 
(P = 0.3323) and alcohol intake (P = 0.0875) did not dif-
fer significantly across groups. Physical activity differed 
significantly among men (P = 0.0135). The medium CNV 
group had the lowest MET levels, while the low CNV 
group reported the highest activity level. Household 
income also showed significant differences (P = 0.0205), 
with the lowest-income category being most prevalent in 
the low CNV group and least prevalent in the medium 
CNV group. In contrast, education level did not sig-
nificantly differ across CNV burden categories in men 
(P = 0.1337), although the proportion of individuals with 

college education tended to increase from the low to high 
CNV groups.

In women, age, BMI, waist circumference, blood pres-
sure, triglycerides, glucose, HDL-cholesterol, and total 
calorie intake did not differ significantly among CNV 
burden tertiles (all P > 0.05). Residential area showed 
a marked difference by CNV burden (P < 0.0001). The 
low CNV group had the highest proportion of residents 
from Anseong, whereas the high CNV group had the 
lowest. Smoking status (P = 0.3739) and alcohol intake 
(P = 0.2261) did not differ significantly across CNV 
groups, though current drinking tended to be more 
common in the high CNV group. Physical activity also 
did not significantly differ (P = 0.2873), although MET 
tended to be higher in the low CNV group compared to 
the medium and high CNV groups. Household income 
showed a significant difference across CNV tertiles 
(P = 0.0277): the proportion of participants with income 
below 2,000,000 KRW/month was highest in the low 
CNV group and lowest in the high CNV group. In con-
trast, education level did not significantly differ across 
CNV tertiles in women (P = 0.2071), although the pro-
portion of high school graduate or less appeared lowest 
in the high CNV group.

CNV associated with MetS
Multivariable logistic regression identified 403 CNVs 
that showed nominal associations with MetS based on 
unadjusted P-values (P < 0.05), after adjusting for baseline 
age, sex, BMI, smoking status, drinking status, household 
income, educational level, physical activity, total energy 
intake, residential area, and two principal component 
scores. Among these, the five CNVs with the smallest 
P-values are presented in Table  3. The candidate CNVs 
that met the nominal significance threshold (P < 0.05), 
along with their corresponding effect estimates, confi-
dence intervals, and FDR-adjusted P-values, are provided 
in Supplementary Table S1.

The top candidate variants were distributed across mul-
tiple chromosomes, including chromosomes 1, 2, 9, and 
14. Several CNV regions overlapped with genes related 
to metabolic functions, including AMY1A, AMY1B, 
AMY1C, AMY2A, AMY2B, ACTG1P4, and KDM4C. 
Notably, the CNV nsv547016, which spans the AMY1 
gene cluster on chromosome 1, exhibited an increased 
ORs for MetS (OR = 3.98; 95% CI: 1.90–8.34) and the 
lowest nominal p-value (2.55 × 10⁻⁴). Another candi-
date CNV within the broader amylase locus (nsv517215) 
also showed a positive association (OR = 3.91; 95% CI: 
1.75–8.74). Both segments encompass genes from the 
AMY1/AMY2 clusters, reinforcing the biological rele-
vance of variation in locus. Four of the five CNVs demon-
strated nominal P-values below 0.001.
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To account for multiple testing, we applied the Ben-
jamini–Hochberg FDR procedure at a 5% threshold. 
None of the associations remained statistically signifi-
cant after FDR correction. Accordingly, these CNVs are 
interpreted as candidate MetS-associated CNVs, 
reflecting suggestive associations that warrant replica-
tion in future studies. Genome-wide CNV association 
analysis did not identify any CNV segment surpassing 

the Bonferroni-corrected significance threshold to 
0.05/15,766 (= 3.17 × 10⁻⁶). The Manhattan plot dem-
onstrated uniformly distributed test statistics, and the 
QQ plot showed minimal deviation from expectation 
(λGC = 1.213), indicating no substantial inflation. Man-
hattan and QQ plots are shown in Supplementary Fig-
ures S2–S3.

Table 2  General characteristics of the study participants based on the presence of copy number variation burden
Variables Men (n = 287) P-value Women (n = 259) P-value

Low CNV
(n = 88)

Medium CNV
(n = 93)

High CNV
(n = 106)

Low CNV
(n = 94)

Medium CNV
(n = 89)

High CNV
(n = 76)

Age (years) 53.7 ± 9.5 49.5 ± 8.6 51.21 ± 9.3 0.0096 53.8 ± 9.4 53.2 ± 9.1 51.6 ± 8.9 0.2890

BMI (kg/m2) 22.4 ± 2.5 23.3 ± 2.5 23.4 ± 2.4 0.0069 23.3 ± 2.6 24.0 ± 2.9 24.3 ± 3.1 0.0523

MetS status (n, %) 0.3157 0.6479

  MetS group 50 (56.8) 59 (63.4) 56 (52.8) 51 (54.3) 44 (49.4) 36 (47.4)

  Non-MetS group 38 (43.2) 34 (36.6) 50 (47.2) 43 (45.7) 45 (50.6) 40 (52.6)

  Waist circumference (cm) 80.0 ± 6.3 79.9 ± 5.8 80.1 ± 6.4 0.9725 77.6 ± 7.6 77.8 ± 8.3 78.3 ± 7.6 0.8364

  Systolic blood pressure 
(mmHg)

119.2 ± 15.7 117.9 ± 17.2 124.1 ± 20.7 0.0407 115.2 ± 17.9 116.4 ± 17.2 119.6 ± 20.1 0.2815

  Diastolic blood pressure 
(mmHg)

80.4 ± 9.5 79.1 ± 11.2 83.4 ± 13.4 0.0303 76.1 ± 10.5 75.9 ± 10.2 78.5 ± 12.1 0.2255

  Triglyceride level (mg/dL) 147.7 ± 77.5 155.6 ± 117.3 143.0 ± 70.0 0.6133 113.5 ± 45.9 105.9 ± 39.3 117.1 ± 40.8 0.2162

  Glucose level (mg/dL) 84.0 ± 15.6 87.8 ± 25.0 86.1 ± 12.1 0.3629 81.4 ± 10.1 80.5 ± 6.7 81.3 ± 14.2 0.8312

  HDL cholesterol level (mg/
dL)

46.8 ± 10.8 46.6 ± 9.1 46.5 ± 8.2 0.9693 49.0 ± 9.8 50.6 ± 9.1 51.0 ± 9.9 0.3501

Nutritional intake

  Total calories (kcal/day) 2071.9 ± 645.8 2028.2 ± 677.8 2133.9 ± 817.4 0.5849 1903.9 ± 817.0 1895.6 ± 813.0 1780.8 ± 518.0 0.4993

Residential area (n, %) < 0.0001 < 0.0001

  Anseong 60 (68.2) 34 (36.6) 32 (30.2) 74 (78.7) 48 (53.9) 28 (36.8)

  Ansan 28 (31.8) 59 (63.4) 74 (69.8) 20 (21.3) 41 (46.1) 48 (63.2)

Smoking status (n, %) 0.3323 0.3739

  Non-smoker 16 (18.2) 17 (18.3) 21 (19.8) 87 (92.6) 87 (97.8) 70 (92.1)

  Former smoker 22 (25.0) 36 (38.7) 35 (33.0) 1 (1.1) 1 (1.1) 2 (2.6)

  Current smoker 50 (56.8) 40 (43.0) 50 (47.2) 6 (6.4) 1 (1.1) 4 (5.3)

Alcohol intake (n, %) 0.0875 0.2261

  Non-drinker 23 (26.1) 12 (12.9) 21 (19.8) 73 (77.7) 62 (69.7) 47 (61.8)

  Former drinker 6 (6.8) 15 (16.1) 10 (9.4) 2 (2.1) 1 (1.1) 2 (2.6)

  Current drinker 59 (67.0) 66 (71.0) 75 (70.8) 19 (20.2) 26 (29.2) 27 (35.5)

Physical activity

  MET (hours/week) 205.5 ± 113.8 161.6 ± 103.3 173.5 ± 94.0 0.0135 186.4 ± 110.8 173.2 ± 95.4 161.7 ± 95.6 0.2873

Household income, won/
month (n, %)

0.0205 0.0277

  < 2,000,000 61 (69.3) 44 (47.3) 60 (56.6) 77 (81.9) 62 (69.7) 45 (59.2)

  2,000,000 ∼ 4,000,000 22 (25.0) 43 (46.2) 39 (36.8) 14 (14.9) 22 (24.7) 21 (27.6)

  4,000,000 ∼ 6,000,000 5 (5.7) 2 (2.2) 5 (4.7) 3 (3.2) 3 (3.4) 8 (10.5)

  ≥ 6,000,000 0 (0.0) 4 (4.3) 2 (1.9) 0 (0.0) 2 (2.2) 2 (2.6)

Education level (n, %) 0.1337 0.2071

  High school graduate or 
less

78 (88.6) 75 (80.6) 79 (74.5) 89 (94.7) 84 (94.4) 67 (88.2)

  College graduate 10 (11.4) 16 (17.2) 24 (22.6) 5 (5.3) 4 (4.5) 9 (11.8)

  Graduate school or more 0 (0.0) 2 (2.2) 3 (2.8) 0 (0.0) 1 (1.1) 0 (0.0)
Continuous variables are expressed as mean ± standard deviation, while categorical variables are expressed as frequencies (%). The p-values were based on the 
general linear model for continuous variables and the chi-square test for categorical variables. CNV were divided into three groups (Low, Medium, High) based on 
total CNV counts across all loci on autosomal chromosomes 1 through 22, using sex-specific tertile-based grouping

BMI Body mass index, CNV Copy number variation, HDL High-density lipoprotein, MET Metabolic equivalent of task
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Association between CNV burden and the onset age of 
MetS
As shown in Fig.  3, a multivariable linear regression 
analysis examines the relationship between CNV burden 
which was log-transformed to normalize the skewed dis-
tribution and more accurately model the association with 
age of MetS onset. The analysis was further stratified by 
sex after adjusting for baseline age, BMI, smoking status, 
drinking status, physical activity, energy intake, educa-
tional status, household income, residential area, PC1 
and PC2. The statistical regression analysis showed that 
the slopes were significantly negative for both sexes (men: 
β = -21.42, P = 0.0249; women: β = -14.09, P = 0.0451). 
We further examined whether the association between 

CNV burden and MetS onset age followed a nonlinear 
(quadratic) pattern. In sex-stratified models including an 
additional squared term of onset age, the quadratic term 
was not statistically significant in either men (P = 0.71) 
or women (P = 0.51), and model fit indices (R², AIC, and 
BIC) were virtually unchanged compared with the linear 
model. These findings indicate that a linear specifica-
tion adequately captures the relationship between CNV 
burden and the timing of MetS onset (Supplementary 
Figure S4). Subgroup analyses restricted to deletion-
type CNVs overlapping functional gene regions yielded 
similar results, with higher gene-disrupting deletion bur-
den associated with earlier MetS onset in both men (β = 

Table 3  Top 5 copy number variations associated with metabolic syndrome
CNV region Size (bp) CNV ID Gene OR (95% CI) P-value FDR
chr1:104144265–104,220,453 76,188 nsv547016 AMY1A, AMY1B, AMY1C, AMY2A 3.98 (1.90–8.34) 2.55 × 10− 4 0.88

chr14:82499126–82,503,353 4227 nsv821436 - 0.73 (0.61–0.87) 4.26 × 10− 4 0.88

chr2:164643458–164,645,094 2049 nsv514101 - 0.05 (0.01–0.28) 5.24 × 10− 4 0.88

chr1:104136714–104,317,018 180,304 nsv517215 ACTG1P4, AMY1A, AMY1B, AMY1C, AMY2A, AMY2B 3.91 (1.75–8.74) 9.15 × 10− 4 0.88

chr9:6729261–6,729,815 555 nsv820480 KDM4C 2.56 (1.46–4.49) 1.06 × 10− 3 0.88
Adjusted for baseline age, sex, BMI, smoking, drinking, income, education, physical activity, energy intake, residential area, PC1, and PC2. FDR (Benjamini-Hochberg) 
adjusted P-value was applied (5% level). Database of genomic variants (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​​n​c​b​​​i​.​n​​​l​m​.​​n​​i​​h​.​​g​o​v​/​d​b​v​a​r). CNV region were based on Database for Genomic 
Variants (Build GRCh37: Feb. 2009, hg19)

PC Principal component, CNV Copy number variation, FDR False discovery rate

Fig. 3  Linear regression between copy number variations burden and onset age of metabolic syndrome. The x-axis (MetS onset age) indicates the age 
at which metabolic syndrome was first observed in each individual with MetS, while the y-axis (CNV burden) represents the total number of CNVs carried 
by th at individual. The CNV burden was log-transformed to normalize its skewed distribution and to facilitate more accurate modeling of its association 
with the age at MetS onset. The analysis was stratified by sex, and regression was adjusted for baseline age, BMI, smoking, drinking, income, education, 
physical activity, energy intake, residential area, PC1, and PC2. PC, principal component; BMI, body mass index; CNV, copy number variation; MetS, meta-
bolic syndrome

 

https://www.ncbi.nlm.nih.gov/dbvar


Page 11 of 15Ko et al. BMC Medical Genomics           (2026) 19:81 

−0.0087, P = 0.044) and women (β = −0.0122, P = 0.010) 
(Supplementary Table S2).

The Kaplan–Meier survival curves were generated to 
examine the cumulative incidence of MetS across tertiles 
of CNV burden separately in men and women (Fig.  4). 
Across both sexes, the three CNV burden groups (low, 
medium, high) exhibited broadly similar survival trajec-
tories throughout the follow-up period. Although minor 
visual differences appeared—particularly a slightly earlier 
decline in survival probability in the high CNV burden 
group—these patterns were not statistically significant. 
In men, the log-rank test showed no significant differ-
ence in MetS-free survival among the three CNV burden 
groups (P = 0.783). Similarly, in women, survival curves 
did not diverge meaningfully, and the log-rank test indi-
cated no significant group difference (P = 0.213).

Survival analysis using Cox proportional hazards models
To evaluate the prospective association between CNV 
burden and incident MetS, sex-stratified Cox propor-
tional hazards models were fitted with sequential adjust-
ment for demographic and lifestyle factors (Table 4).

Among men, higher CNV burden was consis-
tently associated with an increased risk of develop-
ing MetS across all models. In the minimally adjusted 
model (Model 1: baseline age, PC1, PC2), CNV burden 
was associated with a higher hazard of incident MetS 
(HR = 1.18, 95% CI: 1.01–1.37; P = 0.0378). The associa-
tion remained stable after additionally adjusting for resi-
dential area, income, and education (Model 2: HR = 1.18, 
95% CI: 1.01–1.39; P = 0.0399) and after further control-
ling for lifestyle factors including smoking, drinking, 
physical activity, and energy intake (Model 3: HR = 1.20, 
95% CI: 1.01–1.42; P = 0.0397). The association persisted 
when BMI was additionally included (Model 4: HR = 1.21, 
95% CI: 1.01–1.45; P = 0.0366).

Table 4  Adjusted HRs and 95% CIs of metabolic syndrome incidence based on copy number variation burden.
Men (n = 287) Women (n = 259)
Variable HR (95% CI) P-value Variable HR (95% CI) P-value

Non-MetS MetS Non-MetS MetS
Model 1 1 (Reference) 1.18 (1.01–1.37) 0.0378 Model 1 1 (Reference) 1.20 (0.97–1.48) 0.0981

Model 2 1 (Reference) 1.18 (1.01–1.39) 0.0399 Model 2 1 (Reference) 1.25 (1.00-1.55) 0.0470

Model 3 1 (Reference) 1.20 (1.01–1.42) 0.0397 Model 3 1 (Reference) 1.24 (1.00-1.54) 0.0550

Model 4 1 (Reference) 1.21 (1.01–1.45) 0.0366 Model 4 1 (Reference) 1.19 (0.95–1.49) 0.1300
Model 1: adjusted for baseline age, PC1, and PC2; Model 2: adjusted for baseline age, PC1, PC2, residential area, income, and education; Model 3: adjusted for baseline 
age, PC1, PC2, residential area, income, education, smoking, drinking, physical activity, and energy intake; Model 4: adjusted for baseline age, PC1, PC2, residential 
area, income, education, smoking, drinking, physical activity, energy intake, and BMI

PC Principal component, BMI Body mass index, CI Confidence interval, CNV Copy number variation, HR Hazard ratio

 Significance was set at P-value < 0.05

Fig. 4  Kaplan–Meier survival curves illustrating time to metabolic syndrome onset across copy number variations burden tertiles in men A and women 
B. A log-rank test was performed to evaluate whether the survival curves for the low and high CNV groups differed significantly. CNV were divided into 
three groups (low, medium, high) based on total CNV counts across all loci on autosomal chromosomes 1 through 22, using sex-specific tertile-based 
grouping. CNV, copy number variation; MetS, metabolic syndrome
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In women, the direction of association was similar, and 
statistical significance emerged in Model 2. CNV bur-
den was associated with a higher risk of MetS incidence 
(HR = 1.25, 95% CI: 1.00–1.55; P = 0.0470). Although the 
fully adjusted model including BMI (Model 4) showed 
a weaker association (HR = 1.19, 95% CI: 0.95–1.49; 
P = 0.1300), the HR estimates consistently indicated a 
positive association between CNV burden and MetS 
incidence.

Overall, CNV burden demonstrated a robust and 
directionally consistent association with MetS incidence 
across multiple adjustment models, particularly in men.

Discussion
Our comprehensive analysis of 546 Korean adults 
aged ≥ 40 years demonstrates that CNV burden is signifi-
cantly associated with the onset age of MetS. The primary 
objective of this study was not to predict MetS onset age 
but rather to investigate whether structural genomic vari-
ation contributes to inter-individual variation in disease 
timing. Using 20 years of follow-up data, we observed 
that individuals with a higher CNV burden developed 
MetS at an earlier age, suggesting that CNVs may influ-
ence susceptibility to earlier metabolic deterioration.

Traditionally, genetic studies on MetS and related met-
abolic traits have focused largely on SNP-based variation, 
assuming that most phenotypic diversity is attributable to 
single nucleotide differences [48, 49]. However, structural 
genetic variation, including CNVs, plays a substantial role 
in human evolution, gene expression, and disease pheno-
types [15]. One of the most notable examples involves 
dietary adaptation: human populations with historically 
high starch intake exhibit higher AMY1 copy numbers, 
reflecting positive selection on salivary amylase avail-
ability [18, 50–52]. This evolutionary evidence aligns with 
our finding that multiple MetS-associated CNV regions 
overlap with the AMY1 and AMY2 gene clusters.

CNVs are large-scale structural variants spanning ≥ 
1 kb, including deletions, duplications, and more com-
plex rearrangements [15, 53]. Accumulating evidence 
indicates that CNVs constitute a meaningful portion of 
genetic susceptibility to complex diseases [54]. Roughly 
18% of gene expression variability is attributable to CNVs 
larger than 40 kb [55]. Furthermore, CNVs have been 
implicated in diverse disorders, including HIV suscepti-
bility [56], autoimmune conditions [57], and asthma [58], 
in some cases conferring up to a 30% increase in disease 
risk [59]. Despite this evidence, there have been no prior 
investigations into whether CNV burden influences the 
timing of MetS onset, even though MetS is a classical 
polygenic disorder involving intricate metabolic regula-
tion [9, 60].

To explore potential mechanisms underlying the CNV–
MetS association, we examined phenotypic patterns 

across CNV burden tertiles. BMI increased progressively 
with CNV burden, consistent with previous findings 
that AMY1/AMY2 CNVs, key determinants of carbo-
hydrate metabolism, are associated with BMI, obesity, 
and metabolic traits. Additionally, Falchi et al. demon-
strated that lower AMY1 copy numbers predict obesity 
risk through decreased amylase expression and impaired 
starch metabolism [22], and subsequent studies have 
linked AMY1A CNV to glucose and lipid homeostasis, 
inflammatory markers, and gut microbiome composi-
tion [61]. Collectively, these findings support the role of 
AMY1/AMY2 CNV variation as a metabolic modifier 
that may contribute to earlier MetS onset in individuals 
with high CNV burden.

Additional biological support stems from experimental 
evidence linking CNVs directly to metabolic phenotypes. 
Lacaria et al. showed that CNVs at chromosome 17p11.2 
in mice produce MetS–like features, including increased 
adiposity, lower HDL, and reduced insulin sensitivity; 
these findings were corroborated in human SMS patients 
carrying deletion CNVs [62]. In our study, the recurrent 
identification of CNVs in AMY1/AMY2 regions suggests 
a strong relationship with dietary carbohydrate utiliza-
tion—a pathway known to affect metabolic risk. Simi-
larly, the identification of CNV variation in KDM4C is 
notable, given its established role as a histone demethyl-
ase regulating metabolic gene expression via H3K9me3/
H3K36me3 demethylation [23]. Through interactions 
with PPARγ, KDM4C modulates adipocyte differentia-
tion [23, 24], influences cholesterol metabolism through 
ApoE regulation [25–27, 63], and cooperates with ATF4 
to regulate amino acid metabolic pathways [28]. These 
mechanisms provide an integrated framework through 
which KDM4C CNVs may modulate MetS development.

Sex-specific analyses further supported the contribu-
tion of CNV burden to variability in MetS onset. In the 
regression models, the inverse association between CNV 
burden and MetS onset age reached statistical signifi-
cance in both men (β = −21.42, P = 0.0249) and women 
(β = −14.09, P = 0.0451). Although the effect sizes differed 
modestly between sexes, the consistent negative slopes 
suggest that higher CNV burden may accelerate the 
development of MetS across both groups. These findings 
indicate the potential biological relevance of structural 
genomic variation in shaping metabolic risk progression.

Our results are consistent with findings from early-
onset obesity research showing that higher CNV burden 
is enriched in individuals with severe early metabolic 
phenotypes. Rare CNVs were significantly more com-
mon in severely obese children (BMI > + 3 SD) and 
were enriched in G protein–coupled receptors pathways 
affecting energy homeostasis [64]. Similarly, Finnish 
cohorts demonstrated CNV enrichment in early-onset 
obesity cases relative to controls [65]. These converging 
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lines of evidence highlight CNV burden as a meaningful 
genetic factor influencing early metabolic dysregulation.

Several limitations merit consideration. First, because 
the KoGES cohort begins at age 40, CNV-related effects 
contributing to very early-onset MetS could not be evalu-
ated. Second, replication in larger or younger cohorts is 
required to confirm generalizability. Third, longitudinal 
CNV accumulation was not measured; thus, it is unclear 
whether CNV burden increases with age or precedes 
metabolic alterations.

Despite these limitations, our study has several 
strengths: it represents the first population-based inves-
tigation of CNV burden in relation to MetS onset tim-
ing; it incorporates 20-year longitudinal data from a 
well-characterized national cohort; and it provides 
mechanistic insights integrating carbohydrate metabo-
lism, lipid regulation, and epigenetic modulation. In 
conclusion, our findings indicate that higher CNV bur-
den is associated with earlier MetS onset in a Korean 
population. The identification of 403 MetS-related CNVs 
reaching nominal significance, including prominent 
loci at AMY1A/AMY1B/AMY1C/AMY2A/AMY2B and 
KDM4C, supports a role for structural genomic variation 
in shaping metabolic trajectories. These results highlight 
CNV burden as a potential biomarker for early metabolic 
risk stratification and underscore the need for further 
mechanistic and external validation studies.
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