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Background: Blood lipids are heritable risk factors for cardiovascular disease
(CVD), a leading cause of mortality worldwide. However, the genetic architecture
of lipid traits and the performance of polygenic risk scores (PRSs) remain
underexplored in East Asian (EAS) populations, including Taiwanese Han
individuals.

Methods: We conducted genome-wide association studies and PRS analyses
for five lipid traits: total cholesterol, high-density lipoprotein cholesterol, low-
density lipoprotein cholesterol, triglycerides, and the ratio of low-density
lipoprotein cholesterol to total cholesterol. Lipid profile data were obtained from
the China Medical University Hospital cohort. PRSs were evaluated on the basis
of their correlations with measured lipid levels. To evaluate trans-ancestry PRS
transferability, localized models were systematically compared against models
derived from discovery-stage GWAS meta-analyses incorporating five ancestry
groups from the Global Lipids Genetics Consortium. The performance of the
PRS models in predicting lipid-related diseases was evaluated through receiver
operating characteristic curve analyses.

Results: The population-specific PRS models explained 11%-40% of the variance
in lipid levels within the target cohort. Models leveraging global multiancestry
GWAS meta-analysis weights revealed limited predictive performance (r> =
0.04-0.19), whereas analyses incorporating EAS-specific data yielded higher
correlations (r* = 0.13-0.30), although these correlations did not exceed those
derived from the hospital-based cohort alone. When combined with age and sex,
the PRS models demonstrated strong predictive performance for coronary artery
disease, atherosclerosis, and ischemic stroke, with area under the curve values of
0.910, 0.926, and 0.854, respectively.

Conclusion: Population-specific PRS models derived from a Taiwanese
population outperformed meta-analysis-derived frameworks in predicting lipid
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levels and demonstrated substantial potential for predicting CVD risk, indicating
the importance of ancestry-matched genetic studies in precision medicine.
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blood lipid profile, gene polymorphism, genome-wide association study, LDL-C/TC ratio,

multiancestry meta-analysis

1 Introduction

Blood lipids are heritable risk factors for cardiovascular
disease (CVD) (Castelli, 1988), a leading cause of mortality
worldwide. Because of the well-established association between
lipid levels and CVD, lipid profiles are considered key clinical
indicators of this disease. In Taiwan, serum lipid levels are routinely
measured as part of monitoring for many chronic diseases. A lipid
profile comprises measurements of total cholesterol (TC), high-
density lipoprotein cholesterol (HDL-C), low-density lipoprotein
cholesterol (LDL-C), and triglycerides (TGs). Identifying biological
factors that affect lipid metabolism and its association with CVD
pathophysiology may facilitate the development of novel therapeutic
strategies for this disease.

Blood lipid levels are heritable traits, and known genetic factors
account for approximately 10%-15% of the total variance in these
traits (Pilia et al., 2006). Familial hypercholesterolemia (FH) is
a common inherited disorder characterized by an abnormally
high serum LDL-C level. Mutations in the gene encoding the
LDL receptor are the primary cause of FH; however, mutations
in other genes involved in LDL metabolism, such as APOB and
PCSK9, can also cause FH (Cuchel et al., 2014). Familial combined
hyperlipidemia is an oligogenic primary lipid disorder characterized
by fluctuating serum lipid levels (Bello-Chavolla et al., 2018).
Therefore, genetic associations between blood lipid levels and lipid-
related diseases should be investigated to inform lipid management
strategies and develop targeted therapies.

A genome-wide association study (GWAS) is a powerful
approach for identifying genetic variants associated with specific
traits or diseases across the human genome (Chen et al., 2024a;
Chen et al., 2024b; Chen et al, 2024¢; Liu et al, 2023). The
first large-scale GWAS of lipid traits involved 2,800 individuals
and revealed that CETP and APOE were associated with HDL-C

and LDL-C, respectively, thereby confirming the findings of other
genetic studies (Saxena et al., 2007). Moreover, a meta-analysis of
46 cohorts involving approximately 100,000 individuals identified
31, 22, 16, and 39 loci associated with HDL-C, LDL-C, TGs, and
TC, respectively (Teslovich et al., 2010). Although most GWASs
have focused on European populations, new loci have also been
identified in East Asian (EAS) populations (Kim et al., 2011).
Progressively larger GWASs and trans-ancestry meta-analyses have
identified more than 900 loci associated with serum lipid traits
(Klarin et al., 2018; Graham et al., 2021).

The polygenic risk score (PRS) is a quantitative measure of an
individual’s genetic susceptibility to specific traits or diseases. The
PRS is calculated using genetic variants from across the human
genome. Because the PRS can help estimate the risk of various
conditions, it has been widely used in personalized medicine
and for risk assessment (Lin et al, 2023; Chen et al., 2024d;
Huang et al., 2024; Liao and Tsai, 2013). PRSs for lipid traits are
currently used to study dyslipidemia and have also been occasionally
applied in clinical practice (Dron et al., 2020; Wand et al., 2021).
However, the generalizability of existing lipid PRS models to the
unique genetic architecture of the Taiwanese Han population
remains unclear, particularly regarding the effects of trans-
ancestry weight dilution, in which effect-size weights derived
from one ancestral population may exhibit low predictive
performance in another population. To address this critical
gap, we performed large-scale GWASs to identify population-
specific genetic signals and establish a robust Taiwan-specific PRS
framework for predicting blood lipid levels and CVD. Additionally,
we conducted a trans-ancestry meta-analysis to evaluate model
performance across diverse genetic backgrounds and assess the
clinical utility and applicability of population-specific genomic risk
assessments.
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2 Materials and methods

2.1 Study cohort and data

This study used electronic medical records from China Medical
University Hospital (CMUH). Eligible patients were identified on
the basis of their lipid profile results, namely, TC, HDL-C, LDL-
C, and TG levels and the ratio of LDL-C to TC (LDL-C/TC ratio).
Because multiple records were available for each patient, we selected
the maximum TC, LDL-C, and TG levels and the minimum HDL-C
level as representative measurements. We calculated the LDL-C/TC
ratio by using the TC value obtained from the same blood sample
as the maximum LDL-C value. For female patients, we excluded
measurements obtained during pregnancy from the analysis. The
study protocol was approved by the Research Ethics Committee of
CMUH (approval numbers: CMUH110-REC3-005 and CMUHI111-
REC1-176). Informed consent was obtained from all included
patients. Moreover, to independently validate the generalizability
of our findings, we obtained genotypic and phenotypic data from
120,140 participants in the Taiwan Biobank (TWB), a large-
scale community-based prospective cohort. Access to and use of
TWB data were approved by the Ethics Governance Committee
of the TWB (Application Project Number: TWBR11208-04). All
TWB participants provided written informed consent before data
collection, and all study procedures were conducted in accordance
with the Declaration of Helsinki.

2.2 Genotyping

blood
ethylenediaminetetraacetate tubes. Genomic DNA was extracted

Venous samples were collected and stored in
from 200 pL of peripheral blood by using the MagCore Genomic
DNA Whole Blood Kit (RBC Bioscience, New Taipei City, Taiwan)
in accordance with the manufacturer’s instructions. Genomic data of
the Taiwanese Han population were obtained using the Affymetrix
Axiom genotyping platform, specifically the Axiom Taiwan
Precision Medicine customized single-nucleotide polymorphism
(SNP) array (Thermo Fisher Scientific, Santa Clara, CA, United
States). This array covers 714,457 SNPs across the human genome.
We analyzed the data by using PLINK 1.9 and excluded samples
and SNPs with missing rates. Furthermore, we excluded variants
that failed to meet the Hardy-Weinberg equilibrium criterion
(p < 1€™®) or had a minor allele frequency of < le™. To control
for population stratification and ensure genetic homogeneity, an
in-sample principal component analysis (PCA) was subsequently
performed on our QC-passed CMUH dataset, following a validated
pipeline from our previous institutional study characterizing this
cohort. Non-Taiwanese Han outliers who deviated significantly from
the central genomic cluster based on standard deviation thresholds
across the first two PCs were rigorously filtered and excluded. The
first 10 principal components (PC1-10) were retained to capture
subtle population substructures, and a representative PCA plot
plotted alongside 1000 Genomes East Asian (EAS) reference samples
has been previously established and detailed in our previous study
(Liu et al., 2025) (see their Figure 3). Genomic data were phased
using SHAPEIT4, and genotype imputation was performed using
Beagle5.2, which is known for its higher efficacy and accuracy
compared with other imputation tools. The imputed data were
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filtered on the basis of the following criteria: an alternate allele
dosage r* threshold of < 0.3 and a genotype posterior probability
of <0.9 (Liu et al., 2021).

2.3 GWASs

To identify genetic variants associated with lipid traits, including
TC, HDL-C, LDL-C, and TG levels and the LDL-C/TC ratio,
we obtained summary statistics by using PLINK 1.9. Familial
relationships were determined using the KINSHIP function in
PLINK 2.0, and second-degree relatives were excluded. For GWAS
quality control, we excluded heterozygous outliers that were more
than 5 standard deviations from the mean and principal component
analysis outliers that were more than three interquartile ranges
from the median. Linear regression analysis was performed to
examine associations between genetic variants and lipid traits after
adjustment for several covariates, including sex, age, and principal
components. To prevent collinearity-induced overestimation, we
selected only the most significant variant. Variants for which the p
value was < 1 x 107 or, under a more stringent threshold, < 5 x 1078
were considered to be significantly associated with blood lipid traits.
For data visualization, Manhattan and quantile-quantile plots were
generated using the R packages “qqman” and “topr”

2.4 PRS analysis

To calculate PRSs for blood lipid traits, we divided the study
cohort into base and replication groups. The base group comprised
80% of the included patients, whereas the replication group
comprised the remaining 20%. We used data from the base group
to explore the associations between genetic variants and blood
lipid levels. PRSs were calculated using Polygenic Risk Scores-
Continuous Shrinkage (PRS-CS; version 1.0.0; https://github.com/
getian107/PRScs/releases), a Bayesian regression framework that
uses external linkage disequilibrium (LD) information for the
polygenic prediction of disease risk (Ge et al.,, 2019). We used
the EAS LD reference panel provided by the PRS-CS authors,
which was derived from the 1000 Genomes Project Phase 3 dataset
(Idblk_1kg eas). Before PRS calculation, GWAS summary statistics
were harmonized, and ambiguous SNPs or poorly imputed variants
were excluded during preprocessing. The target dataset consisted
of quality-controlled imputed genotype data generated using the
Taiwan Precision Medicine Initiative array platform. PRS-CS was
executed chromosome-wise for all 22 autosomes by using the default
Gibbs sampling framework. Because our discovery dataset included
more than 100,000 individuals, the global shrinkage parameter
(y) was automatically estimated from the data by using the fully
Bayesian approach implemented in PRS-CS. Default Markov chain
Monte Carlo settings were applied, including 1,000 total iterations,
500 burn-in iterations, and a thinning factor of 5. The estimated
posterior SNP weights were subsequently combined across all
autosomes, and then individual PRS values were calculated using
the--score function in PLINK v1.9. The calculated PRS values were
then used to construct PRS models for predicting blood lipid levels
and CVD. Finally, we evaluated the predictive performance of
the PRS models by using receiver operating characteristic (ROC)
curves and corresponding area under the curve (AUC) values. These
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analyses were performed using SPSS (version 22; IBM Corporation,
Armonk, NY, United States).

2.5 Meta-analysis

We conducted a trans-ancestry meta-analysis using METAL
(Willer et al.,, 2010). We meta-analyzed the summary statistics
of the CMUH cohort with those of five genetic ancestry cohorts
from the Global Lipids Genetics Consortium (GLGC): Admixed
African or African, EAS, European, Hispanic, and South Asian. To
ensure consistency between the hg19/GRCh37 and hg38/GRCh38
reference genome assemblies, we converted variants from both
the GLGC datasets and our study into the rsID format by using
dbSNP (version 153) before performing the meta-analysis. This
step facilitated variant matching across datasets and reduced
discrepancies resulting from differences in reference genome
assemblies.

2.6 Phenome-wide association study

A total of 97,735,180 diagnostic codes from the International
Classification of Diseases, Ninth Revision, and International
Classification of Diseases, Tenth Revision, were consolidated into
1,791 phecodes. We examined the association between each phecode
and the PRS by using logistic regression implemented in the
“PheWAS” package in R (Carroll et al., 2014). To control for Type
I errors across multiple comparisons, we applied two adjustment
methods for multiple testing: Bonferroni correction was used to
define a stringent genome-wide significance threshold, and the false
discovery rate approach was used to control for potential false
positives under a broader exploratory threshold.

2.7 Statistical analysis

Baseline continuous and categorical variables across the
genotype groups were analyzed using Student’s t-test, a chi-
square test, or Fisher’s exact test, as appropriate. Between-group
comparisons were performed using one-way analysis of variance,
followed by Tukey’s post hoc test. A two-sided p value of < 0.05
was considered statistically significant. All statistical analyses were
performed using SPSS (version 22) and R (version 4.1.0).

3 Results
3.1 GWAS results

Eligible patients were identified from the CMUH genetic
biobank, which was established in 2018. This biobank integrates
patients’ genotyping data with their electronic medical records.
To account for sex-based differences in standard HDL-C levels,
we performed separate analyses for men and women. The GWAS
workflow is illustrated in Supplementary Figure S1. GWAS results
for each blood lipid trait were visualized using Manhattan
and quantile-quantile plots (Figures 1A-E). These plots revealed
associations between genetic variants and lipid traits. To further
examine genetic variants associated with cholesterol composition,
we performed a GWAS of the LDL-C/TC ratio (Figure 1F). We
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compared genes associated with the six lipid traits and determined
that four genes, namely, APOCI, APOE, NECTIN2, and TOMMA40,
significantly varied across the traits (Figure 1G). The top 10 most
significantly associated genes for each trait are listed in Table I.
Supplementary Tables S1-S6 present comprehensive lists of genes
associated with each lipid trait. Furthermore, we compared the 30
genes most significantly associated with each lipid trait with those
reported in the GWAS catalog and identified novel associations,
which are summarized in Table 2.

3.2 PRS models of blood lipid traits

On the basis of the GWAS results, we developed PRS models
to evaluate the cumulative effects of multiple genetic variants
associated with lipid traits. PRS models are widely used to determine
genetic risk, predict disease susceptibility, refine diagnostics,
develop personalized treatment regimens, and advance therapeutic
development. We developed separate PRS models for TC, LDL-
C, TG, and HDL-C levels as well as for the LDL-C/TC ratio.
We then compared lipid levels and the LDL/TC ratio predicted
using these models with the corresponding observed measurements.
Correlation analyses yielded r? values of 0.2295, 0.2661, 0.2614,
and 0.3952 for TC (Figure 2A), LDL-C (Figure 2B), TG (Figure 2C),
and HDL-C (Figure 2D) levels, respectively. An r* value of 0.2415
was observed for the LDL-C/TC ratio (Figure 2E). To evaluate the
accuracy of the PRS model-based classification, we divided the
cohort into normal and dyslipidemia groups on the basis of reference
lipid thresholds defined by Taiwan’s Ministry of Health and Welfare.
ROC curve analysis yielded AUC values of 0.624, 0.631, 0.601,
0.649 and 0.632 for TC levels (Figure 2A), LDL-C levels (Figure 2B),
TG levels (Figure 2C), HDL-C levels (Figure 2D), and the LDL-
C/TC ratio (Figure 2E), respectively. To examine the statistical
robustness of our PRS models with respect to clinical treatment
noise and individual variation within this hospital-based cohort,
we conducted a sensitivity analysis. Specifically, we examined the
correlation between PRSs derived from representative extreme
lipid values and the participants’ mean clinical lipid levels. As
displayed in Supplementary Figure S2, the PRSs derived from the
extreme lipid values were significantly associated with both extreme
and mean lipid measurements for all four lipid traits (p < 0.001); the
12 values for TC, LDL-C, HDL-C, and TG levels were 0.175, 0.205,
0.393, and 0.230, respectively.

To further evaluate the generalizability of the Taiwan-specific
PRS and rule out potential overfitting, we performed an independent
external validation by using data from the TWB (N = 120,140).
Specifically, we calculated the PRSs for the TWB participants by
using weights derived from the CMUH cohort and evaluated the
correlation between estimated and observed lipid levels in the TWB
cohort. As illustrated in Supplementary Figure S3, the r* values for
TC, LDL-C, HDL-C, and TG levels were 0.106, 0.094, 0.234, and
0.087, respectively (all p < 0.001).

3.3 PheWAS results

We conducted a PheWAS by using the PRSs derived for the
four lipid traits. Individuals included in the GWAS analyses were
excluded from the PheWAS analysis. Associations between lipid
PRSs and 1,791 phecodes were visualized using a Manhattan plot
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FIGURE 1

Manhattan and quantile—quantile plots for blood lipid levels and Venn diagram depicting significant genes across lipid traits. (A—F) The Manhattan plot
depicts the peaks of single-nucleotide polymorphisms that exceeded the genome-wide significance thresholds. The blue line indicates a threshold of
1 x 107°. The red line indicates a threshold of 5 x 10~8. The quantile—quantile plot depicts the agreement between the observed and expected p values.
The red line represents the expected values. (G) The Venn diagram presents the numbers of significant genes identified for TC levels (769 genes),
LDL-C levels (224 genes), TG levels (250 genes), HDL-C levels (252 genes) in female patients, HDL-C levels (278 genes) in male patients, and the
LDL-C/TC ratio (476 genes). An intersection analysis across the traits revealed four genes common to all traits: APOC1, APOE, NECTINZ2, and TOMM40.

IAPOC1 NECTIN2
APOE TOMMA40

Abbreviations: TC, total cholesterol; LDL-C, low-density lipoprotein cholesterol; TG, triglyceride; HDL-C, high-density lipoprotein cholesterol.

(Figure 3). The top 10 most significant phenotypes for each trait are
listed in Table 3. Disorders of lipoid metabolism and hyperlipidemia
were the top two phenotypes most significantly associated with TC
levels, LDL-C levels, TG levels, and the LDL-C/TC ratio, whereas
significant but less prominent associations were also observed for
HDL-C levels (Figure 3; Supplementary Tables S7-S11).

3.4 Meta-analysis results

We performed a trans-ancestry meta-analysis by using GWAS
summary statistics from the GLGC dataset. This dataset includes
more than 1.65 million individuals from five genetic ancestry
groups: Admixed African or African (n = 99,432), EAS (n
146,492), European (n = 1,320,016), Hispanic (n = 48,057), and
South Asian (n = 40,963) (Graham et al.,, 2021). We conducted
the meta-analysis by combining the CMUH cohort with these five

cohorts to identify trans-ancestry genetic variants associated with
blood lipid traits. The meta-analysis results significantly differed
between the GLGC and CMUH cohorts (Figure 4). Given the genetic
similarity between the CMUH and EAS cohorts, we conducted
an additional meta-analysis by combining these two cohorts. The
results were consistent with those obtained from the CMUH cohort
alone, and stronger statistical significance was observed for the
associated genes (Figure 4). We developed PRS models through
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meta-analyses of the GLGC-CMUH and EAS-CMUH cohorts.
We used these models to investigate the correlations between
the predicted and measured lipid levels, and we evaluated model
performance by using AUC values. In the PRS model developed
through a meta-analysis of the GLGC-CMUH cohorts, the r? values
for the correlations between the predicted and measured lipid levels
were 0.0606, 0.0379, 0.1126, and 0.1867 for TC (Figure 5A), LDL-
C (Figure 5B), TG (Figure 5C), and HDL-C (Figure 5D) levels,
respectively. The corresponding AUC values of the PRS models
based on the TC (Figure 5A), LDL-C (Figure 5B), TG (Figure 5C),
and HDL-C (Figure 5D) levels were 0.585, 0.573, 0.579, and 0.542,
respectively. In the PRS model developed through a meta-analysis of
the EAS-CMUH cohorts, the 7* values for the correlations between
the predicted and measured lipid levels were 0.1297, 0.1275, 0.1612,
and 0.2983 for TC, LDL-C, TG, and HDL-C levels, respectively
(Figure 5). The corresponding AUC values of the PRS models based
on TC, LDL-C, TG, and HDL-C levels were 0.623, 0.626, 0.609, and
0.647, respectively (Figure 5). To systematically evaluate differences
in genetic architecture between the Taiwanese population and
other ancestry groups, we performed a cross-ancestry heterogeneity
analysis by comparing our CMUH summary statistics with global
meta-analysis data. As presented in Supplementary Table S12, a
substantial number of genome-wide significant loci exhibited
opposite directions of association between the CMUH cohort
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TABLE 1 Top 10 genome-wide significant genes identified for each of the six lipid traits in the GWAS analysis.

10.3389/fbinf.2026.1823599

Chr Pos Ref Alt rsID Nearest gene ‘ -log 10(p)
TC
19 44,908,822 C T s7412 APOE 169.155
11 116,791,863 C T 5651821 APOA5 112.104
2 21,024,193 T A $57825321 APOB 88.782
19 11,116,900 C T 5730882109 LDLR 87.901
1 109,274,968 G T $12740374 CELSR2 53.033
2 22,106,856 C A 5150365850 AC096570.1 50.021
9 133,264,504 G GAAACTGCC 560937319 ABO 47.376
15 58,431,740 G A 52070895 ALDHI1A2, LIPC 44.519
5 75,312,907 C T 511957260 AC008897.2 41.609
9 104,902,020 C T $1883025 ABCA1 36.053
LDL-C
19 44,881,075 GC G 534994196 NECTIN2 Infinity
2 21,006,289 G A 5144467873 APOB 142.956
19 11,116,900 C T 5730882109 LDLR 110.332
1 109,274,570 A G 57528419 CELSR2 49.002
9 133,264,504 G GAAACTGCC $60937319 ABO 46.721
5 75,343,719 CTTGTA C 53064191 HMGCR 44.712
2 22,931,058 A G 51390547021 RN7SKP27 42.752
16 72,129,795 A G 510492815 PMFBP1 41.816
11 5,226,762 CAAAG C 580356821 HBB 30.295
2 43,824,071 C T 5119480069 ABCG5 29.422
TG
11 116,791,863 C T 5651821 APOA5 Infinity
2 27,518,205 C G 5780096 GCKR 111.863
8 20,005,847 T C 56586884 LPL 76.96
19 44,912,921 G T 5483082 AC011481.3 50.817
7 73,621,527 T C 57800944 MLXIPL 48.439
1 62,511,636 C T $11207977 DOCK7 29.227
19 19,268,740 C T 558542926 AC138430.1, TM6SF2 23.321
11 61,842,278 C T 5174583 FADS2 22.887
2 21,029,662 G A 513306194 APOB 21.765
8 125,487,789 C G 528601761 AC091114.1 14.342
HDL-C-female
16 56,960,616 C T $17231,506 CETP 212.88
11 116,790,676 C A 52075291 APOA5 96.778
15 58,387,979 T C 5261291 ALDH1A2 41.386
8 19,982,830 G A $58946909 LPL 41.242
19 11,233,119 A G 517699089 DOCK6 40.326
9 104,902,020 C T 51883025 ABCA1 31.126
(Continued)
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TABLE 1 Continued

10.3389/fbinf.2026.1823599

Chr ‘ Pos Ref Alt rsID Nearest gene -log 10(p)

18 49,593,209 A G s11082764 LIPG 26.807
16 55,993,350 A T 51340273649 AC040168.1 23.548
20 45,912,201 ccCT C 5200238866 PLTP 20.447
19 44,908,684 T C 5429358 APOE 12.829
HDL-C-male

16 56,960,616 C T $17231,506 CETP 233.867
11 116,779,922 C T s113932726 ZPR1 99.165
8 19,962,213 C G $328 LPL 63.468
15 58,431,740 G A 52070895 ALDHI1A2, LIPC 34.686
9 104,902,020 C T 51883025 ABCAI 31.528
19 44,908,684 T C 5429358 APOE 27.693
19 11,236,981 C T $737338 DOCK6 27.511
18 49,592,028 T C $9958734 LIPG 26.562
3 52,511,910 C T $376663293 STABI 14.408
3 51,486,571 C T $373561619 DCAF1 13.547
LDL-C/TC ratio

19 44,875,803 A C 15387976 NECTIN2 Infinity
15 58,387,979 T C rs261291 ALDHI1A2 117.05
16 56,959,412 C A 153764261 CETP 113.661
2 21,006,289 G A rs144467873 APOB 113.125
19 11,116,900 C T rs730882109 LDLR 70.886
2 22,106,856 C A rs150365850 AC096570.1 60.169
1 109,274,968 G T rs12740374 CELSR2 43297
11 116,901,725 C T rs1076485 SIK3 41.066
12 112,492,671 T C rs11066325 PTPNI11 36.674
5 75,343,719 CTTGTA C rs3064191 HMGCR 33.814

Chr, chromosome; Pos, position; Ref, reference; Alt, alternative; TC, total cholesterol; LDL-C, low-density lipoprotein cholesterol; TG, triglyceride; HDL-C, high-density lipoprotein cholesterol.

and the five global populations. Specifically, we identified 4,478,
2,696, 4,514, and 4,418 discordant loci for TC, LDL-C, HDL-C,
and TG levels, respectively. Among these discordant loci, 25.6%,
24.3%, 38.7%, and 15.4% for TC, LDL-C, HDL-C, and TG levels,
respectively, exhibited statistical heterogeneity (I > 50%).

3.5 PRS model-based disease prediction

To evaluate the clinical applicability of PRSs, we used the
PRS models developed using data from the CMUH cohort to
predict various lipid-related diseases, such as coronary artery
disease (CAD), atherosclerosis, and ischemic stroke (Figure 6). For
CAD prediction, the AUC values of the PRS models based on
TC levels, LDL-C levels, TG levels, HDL-C levels, and the LDL-
C/TC ratio were 0.542, 0.540, 0.528, 0.451, and 0.529, respectively.
When the PRS was combined with age and sex, the AUC value
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increased to 0.910 (Figure 6A). For atherosclerosis prediction, the
AUC values of the PRS models based on TC levels, LDL-C levels,
TG levels, HDL-C levels, and the LDL-C/TC ratio were 0.538,
0.538, 0.525, 0.455, and 0.527, respectively. When the PRS was
combined with age and sex, the AUC value increased to 0.926
(Figure 6B). For ischemic stroke prediction, the AUC values of
the PRS models based on TC levels, LDL-C levels, TG levels,
HDL-C levels, and the LDL-C/TC ratio were 0.516, 0.517, 0.521,
0.472, and 0.514, respectively. When the PRS was combined with
age and sex, the AUC value increased to 0.854 (Figure 6C). To
quantify the contribution of the PRS models beyond that of
traditional nongenetic risk factors, we evaluated the change in AUC
(AAUC) by comparing a clinical baseline model (age and sex alone)
with a combined model incorporating the PRS, age, and sex. As
presented in Supplementary Table S13, the addition of the PRS to the
baseline model significantly improved discriminative performance
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TABLE 2 Novel genes identified in the top 30 GWAS signals for each lipid trait after comparison with the GWAS catalog.

Novel genes
TC

GWAS catalog reported

Previous studies reported functions

10.3389/fbinf.2026.1823599

PMID

EDEM3

Associated with TG

32213464

ESRRG

Involved in lipid metabolism

19949424

NPRL3

PHACTR3

Fatty acid measurement

RPS27P1

STAP1

Involved in hypercholesterolemia

25035151

LDL-C

DST

GET3

GLMN

Total cholesterol measurement

LIMS2

NPRL3

RNU6-1140P

STK39

TG

ATXNIL

TC, HDL, LDL

ITGA2B

HDL-C-female

C3orf18

DCPIA

LDL

DOCK3

Involved in hyperglycemia and increased fat mass

37742307

FBXW12

MMP2

Involved in lipid metabolism

26567374

NUFIP1P1

PHACTRI1

HDL-C-male

AGXT

CISH

Involved in lipid metabolism and lipid accumulation in chicken and mice

33519913, 34516753

DCAF1

Lipoprotein A

FBXW12

HBB

TC, LDL

INTS6

Involved in lipid accumulation

38981571

LSG1

LDL-C/TC ratio

ZNF415

CRHBP

WDR25

TC, total cholesterol; LDL-C, low-density lipoprotein cholesterol; TG, triglyceride; HDL-C-Female, high-density lipoprotein cholesterol in female patients; HDL-C-Male, high-density
lipoprotein cholesterol in male patients.
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for all evaluated cardiovascular outcomes; the corresponding AAUC
value was 0.04 for CAD, 0.04 for atherosclerosis, and 0.02 for
ischemic stroke (all Py < 0.001).

To the utility risk
stratification, we analyzed disease prevalence PRS
deciles by using the lowest decile (bottom 10%) as the

examine clinical of genetic

across

reference group (Supplementary Figure S4). Participants in the
highest PRS decile (top 10%) exhibited significantly higher risks;
the corresponding odds ratio (ORs) was 2.27 (95% confidence
interval [CI]: 2.123-2.419) for CAD, 2.11 (95% CI: 1.979-2.252) for
atherosclerosis, and 1.55 (95% CI: 1.444-1.664) for ischemic stroke.

4 Discussion

We conducted GWASs to identify genetic variants associated
with TC levels, LDL-C levels, TG levels, HDL-C levels, and the
LDL-C/TC ratio. Our analysis identified novel genes; although
some of these are not listed in the GWAS catalog for the
corresponding traits, they have previously been observed to be
associated with lipid metabolism or other traits. For example,
EDEM3, which was associated with TC levels in our analysis, has
also been associated with TG levels (Xu et al., 2020). ATXNIL,
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which was associated with TG levels in our study, has also
been associated with TC, LDL-C, and HDL-C levels (Sinnott-
Armstrong et al,, 2021; Richardson et al.,, 2020). In our analysis,
four genes, namely, APOCI, APOE, NECTIN2, and TOMMA40,
exhibited significant associations with all the lipid traits. These
findings are consistent with those of previous studies indicating
that these genes are involved in lipid metabolism and CVD
(Rouland et al., 2022; Yang et al., 2023; van der Graaf et al., 2020;
Salakhov et al., 2014). APOCI, which inhibits lipoprotein lipase
activity, affects cholesterol and TG levels and is associated with
atherosclerosis risk (La Chica Lhoést et al., 2024). APOE is essential
for cholesterol transport and clearance, and its €4 allele is associated
with increased LDL-C levels and increased risks of Alzheimer’s
disease and CVD (Deng et al., 2024). NECTIN2, a cell adhesion
molecule, may indirectly affect lipid profiles by modulating liver
cell function and inflammation-related lipid metabolism, and its
genetic variants may contribute to atherosclerosis development
(Li et al., 2021). TOMMA40, which is located near APOE, modulates
mitochondrial function and may affect lipid metabolism through
fatty acid oxidation. Because of its role in mitochondrial processes,
TOMMA40 has also been associated with Alzheimer’s disease risk
(Yang et al,, 2024; Hu et al, 2024). Our study findings indicate
significant associations of APOCI, APOE, NECTIN2, and TOMM40
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GWAS results for the CMUH cohort and the five genetic ancestry cohorts (left panels) or the EAS cohort (right panels). The lower section presents the
corresponding meta-analysis results. GWAS results for the CMUH cohort are presented in blue, whereas those for the five ancestry cohorts or the EAS

genome-wide association study.

cohort are presented in red. The meta-analysis results are presented in gray. Abbreviations: TC, total cholesterol; LDL-C, low-density lipoprotein
cholesterol; TG, triglyceride; HDL-C, high-density lipoprotein cholesterol; CMUH, China Medical University Hospital; EAS, East Asian; GWAS,

with lipid traits in the Taiwanese Han population and demonstrate
the genes’ relevance to lipid metabolism and related diseases.

In addition to the specific genetic loci identified, several
methodological considerations related to our study design warrant
discussion. The CMUH data were derived from a hospital-based
cohort. Therefore, they are susceptible to selection bias and
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confounding from clinical variables because hospital patients
typically have higher rates of metabolic comorbidities and
are more likely to receive lipid-lowering treatment. Although
adjustment for these factors and lifestyle variables as covariates
would have been ideal, complete lifetime medication histories,
comprehensive comorbidity profiles, and standardized lifestyle data
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were unavailable because of the decentralized nature of medical
records across different institutions. To address these systemic
data limitations and reduce pharmacological confounding, we
intentionally used representative extreme measurements across
multiple clinical visits (i.e., maximum values for TC, LDL-
C, and TGs and minimum values for HDL-C). We selected
these peak and nadir values because they may better reflect an
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individual’s pretreatment lipid profile and underlying genetic
predisposition. Previous EHR-based lipid GWAS studies adopted
similar approaches, such as the large-scale genomic investigation
of blood lipids within the Million Veteran Program. To minimize
potential confounding arising from the use of lipid-altering agents
with variable patient adherence, the authors likewise utilized a
strategy that used extreme lipid measurements (Klarin et al., 2018).
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The validity of this approach was strongly supported by our
sensitivity analysis (Supplementary Figure S2), which demonstrated
significant correlations between PRSs derived from extreme values
and the participants’ mean clinical lipid levels. The robustness
and generalizability of our model were further evaluated through
independent external validation by using the community-based
TWB cohort. Despite differences between the hospital-derived
CMUH dataset and the community-based TWB population,
genetic weights derived from the CMUH data maintained
acceptable predictive accuracy across all the four lipid traits in the
TWB cohort (Supplementary Figure S3). We note that the predictive
performance in the TWB validation cohort was expectedly lower
than that observed in our derivation cohort. This slight attenuation
in performance can be primarily attributed to the inherent
demographic and health-status differences between CMUH and
TWB. Therefore, although residual confounding from unmeasured
factors cannot be completely excluded, our analytical framework
successfully reduced major therapeutic noise. The Taiwan-specific
PRS demonstrated satisfactory predictive performance in both a
hospital-derived patient population and a large-scale community-
based population. These findings indicate the potential applicability
of our Taiwan-specific PRS, suggesting that it may serve as a useful
complementary tool for both clinical risk assessment in healthcare
systems and proactive genetic screening for population-level health
management.

Enrollment of large cohorts may improve the predictive
accuracy of genetic assessments for disease risk; however,
combining samples from different ancestral populations can
introduce additional genomic complexities that can reduce model
performance. One major factor underlying this limitation is the
substantial variation in genetic architecture across populations,
including differences in effect allele frequencies and LD patterns.
In our study, despite accounting for between-population differences
in alternative alleles, combining summary statistics from the global
GLGC and CMUH datasets did not improve continuous correlation
strength or AUC values, and the incorporation of only the external
EAS cohort did not result in significant improvement (Figure 5). This
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lack of cross-ancestry transferability is supported by the marked
directional discordance and statistical heterogeneity observed in
our cross-cohort analysis (Supplementary Table S12). We identified
thousands of genome-wide significant loci that exhibited completely
reversed effect directions between the Taiwanese population and
global cohorts, with a high proportion demonstrating substantial
heterogeneity (I* > 50%), which peaked at 38.7% for HDL-C levels
and 25.6% for TC levels. A prominent example is the functional
missense variant in ABCG5 (rs6756629) associated with TC, for
which the effect direction in our cohort was completely reversed
relative to all reference populations. When weights from such highly
discordant loci are combined in a multiancestry meta-analysis,
the true localized genetic signals in the Taiwanese population can
be partially obscured or diluted by the divergent LD patterns of
non-local ancestries. These potential molecular-level discrepancies
suggest that while global or broader regional East Asian weights
offer substantial genomic insights, they may not fully capture the
specific genetic characteristics of blood lipid traits in our localized
population. Consequently, our findings support the incremental
advantage and potential relevance of utilizing a population-specific
PRS framework to optimize local risk assessment, rather than
relying solely on global multiancestry composites. In terms of
methodology, alternative algorithms specifically designed for cross-
ancestry PRS construction, such as PRS-CSx and BridgePRS,
have emerged to optimize risk prediction by integrating summary
statistics from multiple diverse populations simultaneously. Rather
than employing these simultaneous multi-ancestry tools, this study
performed a comprehensive GWAS meta-analysis at the upstream
discovery stage to capture shared trans-ancestry genetic effects.
Subsequently, the standard PRS-CS method was applied to utilize
these meta-integrated variant weights for localized LD refinement.
This approach was specifically designed to maximize the statistical
power of shared trans-ancestry genetic signals while preventing
localized genetic structures from being diluted by extraneous
ancestral LD patterns.

Lipid traits are associated with various metabolic diseases,
such as hyperlipidemia, type 2 diabetes, and hypertension
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(van Dongen et al., 2013). This epidemiological pattern is supported
by our PheWAS results, which reveal significant associations with
various metabolic conditions. We were particularly interested in
chronic kidney disease (CKD) and gout because these conditions are
common in the Taiwanese Han population and may be associated
with lipid traits. Our findings indicate that only the PRSs for TG
and HDL-C levels were associated with CKD and gout. Notably,
the PRS for HDL-C levels was negatively associated with these
diseases (OR < 1), whereas the PRS for TG levels was positively
associated with these diseases (OR > 1). In patients with CKD,
dyslipidemia is characterized by decreased HDL-C levels and
increased TG levels (Zhu et al.,, 2024). Although these PheWAS
findings indicate shared genetic susceptibility between blood lipids
and renal-metabolic disorders, the cross-sectional and observational
nature of our analytical framework prevented us from clarifying the
potential causal directions. Therefore, additional functional and
longitudinal studies are required to clarify these directions.

Finally, the translational value of our Taiwan-specific PRS
is supported by its utility in cardiovascular risk stratification
when used in conjunction with clinical risk factors, rather
than functioning as an independent predictive tool. Although
traditional risk factors such as age and sex account for a
substantial proportion of model discriminatory performance at
baseline, the PRS still provides a statistically significant but
relatively modest incremental contribution. Due to the lack of
long-term cross-institutional tracking data for clinical events and
formalized risk thresholds in CMUH dataset, calibration curves
and reclassification metrics, such as the Net Reclassification
Improvement (NRI) and Integrated Discrimination Improvement
(IDI), were not calculated in this study. However, evaluating model
performance on the basis of overall AUC improvements alone often
overlooks the clinical implications for individuals at the extremes
of the polygenic risk distribution. Using a decile-based approach
(Supplementary Figure S4), we demonstrated a clear stepwise dose-
response relationship in which individuals in the highest genetic
risk tier (top 10%) had more than twofold higher risks of both
CAD and atherosclerosis than did those in the lowest tier. This
finding is highly consistent with the recent European Society of
Cardiology clinical consensus statement, which demonstrated that
although the incremental predictive improvement achieved by PRS
appears modest at the population level, the primary clinical utility of
PRS lies in enabling integrated risk stratification among individuals
at the extremes of the PRS distribution (Schunkert et al., 2025).
Therefore, we acknowledge that the overall clinical utility of the
PRS as a standalone screening tool remains limited. However, when
integrated alongside conventional risk factors like age and sex, our
model can effectively help identify high-risk individuals within the
Taiwanese population who would otherwise be misclassified as low
risk, thereby enabling timely and personalized prevention.

5 Conclusion

This study identified key genetic variants associated with
lipid metabolism in the Taiwanese population and demonstrated
the importance of population-specific genetic insights. Although
our PRS models exhibited satisfactory predictive performance
for clinical risk stratification when used in conjunction with
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conventional risk factors, they should not be interpreted as
independent diagnostic instruments. These findings should be
cautiously interpreted within the limitations of hospital-derived
data and cross-ancestry genetic heterogeneity. We also identified
associations between lipid-related genetic factors and CVD
risk, which may support the development of tailored screening
and personalized risk management strategies. However, future
prospective and functional studies are required to validate the
clinical utility of these genetic risk assessments and clarify their
underlying causal mechanisms.
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