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Abstract

Overweight-related hypertension (OrH), defined by the coexistence of excess body weight and hypertension (HTN), is an increasing health con-
cern elevating cardiovascular disease risks. In this study, we evaluated the prediction performance of polygenic risk scores (PRSs) and methyla-
tion risk scores (MRSs) for OrH in 7605 Chinese participants from two cohorts: the Chinese Academy of Sciences (CAS) and the National
Survey of Physical Traits (NSPT). In the CAS cohort, which predominantly consists of academics, males showed significantly higher prevalence
of obesity, HTN, and OrH, along with worse metabolic syndrome indicators, compared to females. This disparity was less pronounced in the
NSPT cohort and in broader Chinese epidemiological studies. Among ten PRS methods, PRS-CSx was the most effective, enhancing prediction
accuracy for obesity [area under the curve (AUC) = 0.75], HTN (AUC = 0.74), and OrH (AUC = 0.75), compared to baseline models using only
age and sex (AUC = 0.565-0.71). Similarly, least absolute shrinkage and selection operator (LASSO)-based MRS models improved prediction ac-
curacy for obesity (AUC = 0.70), HTN (AUC = 0.73), and OrH (AUC = 0.78). Combining PRS and MRS further boosted prediction accuracy,
achieving AUC values of 0.77, 0.76, and 0.80 for obesity, HTN, and OrH, respectively. These models stratified individuals into high (> 0.6) or
low (< 0.1) risk categories, covering 59.95% for obesity, 31.75% for HTN, and 43.89% for OrH. Our findings highlight a higher OrH risk among
male academics, emphasize the influence of metabolic and lifestyle factors on MRS predictions, and highlight the value of multi-omics
approaches in enhancing risk stratification.
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Introduction

Overweight-related hypertension (OrH) is a distinct clinical
condition characterized by the concurrent disorders of both
body weight and blood pressure [1-3]. Its global prevalence has
largely increased over the past two decades, linking to the rising
risks of cardiovascular and cerebrovascular diseases [4,5].
Recent genome-wide association studies (GWAS) [6] and
epigenome-wide association studies (EWAS) [7] have uncovered
numerous genetic and epigenetic factors associated with body
weight and blood pressure. To date, the National Human
Genome Research Institute - European Bioinformatics Institute
(NHGRI-EBI) GWAS catalog [8,9] has cataloged 4263 single
nucleotide polymorphisms (SNPs) from 54 studies that are sig-
nificantly associated with body mass index (BMI), spanning
1252 genes. Meanwhile, 36 studies have identified 2853 SNPs
across 862 genes significantly associated with diastolic blood
pressure (DBP) and systolic blood pressure (SBP) (Table S1).
Furthermore, EWAS have identified 1581 CpG sites across 855
genes that are associated with BMI [10-15] along with 150
CpG sites from 85 genes associated with blood pressure (Table
$2) [16-22].

With the continuous discovery of a large number of genetic
and epigenetic risk factors, polygenic risk scores (PRSs) [23,24]
and methylation risk scores (MRSs) [18,25] have emerged as
pivotal tools for profiling the risk landscape of OrH. For in-
stance, a meta-analysis involving 700,000 European individuals
constructed a PRS using 941 SNPs, which explained approxi-
mately 6% of the variance in BMI [26]. A stratification analysis
from the Korean Genome and Epidemiology Study (KoGES)
showed that participants in the highest PRS quartile had a two-

fold increased risk of obesity and hypertension (HTN) com-
pared to those in the lowest quartile [27]. Similarly, using
EWAS data of nearly 5000 Europeans and Africans, a MRS
constructed from 33 CpG loci accounted for 3.31% and 3.99%
of the variance in SBP and DBP, respectively [28]. Additionally,
a MRS based on 435 CpG sites, derived from penalized regres-
sion of methylation data from 2562 unrelated participants in
Generation Scotland, explained around 10% of BMI variance,
with each standard deviation (SD) increase in MRS associated
with a 37% higher risk of obesity [29]. Furthermore, by con-
trasting MRS with PRS, a recent review emphasized the impor-
tance of integrating genetic and epigenetic data for improved
trait prediction [25]. Indeed, studies combining PRS and MRS
have demonstrated an increase in the explained variance in
BMI, up to 14% [30] and 19% [10], highlighting the potential
of multi-omics approaches.

Despite these achievements, the prediction of OrH, a co-
morbidity with various disorders, remains underexplored.
The construction of PRS and MRS for OrH faces several
challenges, especially in the Chinese population. One major
limitation is the reduced efficacy of PRS and MRS when de-
veloped in one ancestry group and applied to others. To date,
well-powered GWAS and EWAS have predominantly focused
on individuals of European ancestry, limiting their applicabil-
ity to other populations [31,32]. Moreover, cultural and envi-
ronmental factors unique to the Chinese population may
influence how genetic variations and epigenetic modifications
contribute to disease risk [7,33].

On the other hand, multiple approaches have been devel-
oped for constructing PRS and MRS. In addition to the


https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf048#supplementary-data
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf048#supplementary-data
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf048#supplementary-data

Zhang Y et al / Genetic-epigenetic Risk for Overweight-related Hypertension 3

classic clumping and thresholding (C+T) method [34],
shrinkage methods, such as Stacked C+T (SCT) [35], PRS-CS
[36], LDpred2 [37,38], and lassosum [39], adjust the weight
of SNPs based on linkage disequilibrium (LD) information.
Other methods, such as PRS-CSx [40], CT-SLEB [41],
PolyPred-P+ [42], JointPRS [43], and Polygenic Risk scOres
based on an enSemble PEnalized Regression (PROSPER)
[44], are specifically designed for deployment across multiple
ancestries, enhancing generalizability across diverse popula-
tions. For MRS construction, common computational
approaches include C+T [30] and penalized linear regression
[11]. Furthermore, effectively integrating PRS and MRS
could offer a promising opportunity to improve risk predic-
tion for OrH.

In an attempt to accurately assess OrH in the Chinese pop-
ulation, this study aimed to construct an integrative multi-
omics model. Using data from 3021 individuals in the
Chinese Academy of Sciences (CAS) cohort, we evaluated
various PRS methodologies based on GWAS statistics from
the BioBank Japan (BBJ) and the UK Biobank (UKB).
Simultaneously, we analyzed several MRS models based on
prior EWAS findings using data from 3513 individuals in the
National Survey of Physical Traits (NSPT) cohort. The per-
formance of both PRS and MRS in predicting OrH risk was
further validated in a separate dataset of 1071 individuals
from the CAS cohort.

Results
Higher obesity, HTN, and OrH risk in male
academics

Our study included a total of 7605 Chinese individuals from
two cohorts: 991 participants of phase 1 and 3101 of phase 2
from the CAS cohort with phenotypic and genomic data, and
3513 participants from the NSPT cohort with phenotypic
and DNA methylation data. Additionally, methylation data
were available for 1071 samples in phase 2 of the CAS co-
hort. According to the baseline data in Table 1, both the CAS
and NSPT cohorts are middle-aged (average age: 39.42 =
10.11 years and 50.21 = 12.75 vyears, respectively), with
slightly fewer males (47.8% and 37.1%, respectively). A no-
table feature of the CAS cohort is the high proportion of par-
ticipants with higher education (99.4% compared to 12.5%
in the NSPT cohort).

A distinct pattern was observed in the CAS cohort, where
obesity, HTN, and OrH exhibited notably higher male-to-
female prevalence ratios (M/F ratios) compared to both the
NSPT cohort and broader Chinese epidemiological studies.
In the CAS cohort, the proportion of males was 77.72% in
obesity cases, 72.88% in HTN cases, and 80.96% in OrH
cases (Table 1). This corresponded to M/F ratios of 3.8
(14.63% wvs. 3.84%, P = 3.60E-33) for obesity, 2.9
(29.00% vs. 9.87%, P = 2.52E—72) for HTN, and a particu-
larly concerning 4.7 (21.53% vs. 4.63%, P = 8.50E—59) for
OrH. Notably, this gender disparity persisted across all age
groups (Figure 1). In contrast, the proportions of males in
obesity, HTN, and OrH cases were all lower in the NSPT co-
hort (44.20%, 43.45%, and 45.14%, respectively), with the
gender disparity (M/F ratio) being much less pronounced
(1.34, 1.30, and 1.40, respectively). The M/F ratio of the

NSPT cohort was similar to that observed in the national sur-
vey on obesity and HTN (Table S3) [45-50].

Additionally, compared to the NSPT cohort, gender dis-
parities in metabolic health were more pronounced in the
CAS cohort. CAS males exhibited significantly worse levels
of multiple metabolic syndrome indicators, including total
cholesterol (TC), triglycerides (TG), low-density lipoprotein
(LDL), and high-density lipoprotein (HDL) (Table S4). In
contrast, CAS females demonstrated significantly better indi-
cators, including TG, HDL, LDL, and fasting blood glucose
(FBG), compared to NSPT females. These findings highlight a
notable gender difference in the health conditions of academ-
ics in China.

Furthermore, we assessed healthy lifestyle scores in the
CAS cohort, calculated as the sum of six binary indicators
(Table S5). As demonstrated in Figure 1, as high as 67.1% of
women had a score of > 4, compared to only 30.8% of men
who reached this threshold (P = 2.54E—31). Normal BMI
(18.5-23.9 kg/m?) and waist circumference (WC; < 85 cm
for men and < 80 cm for women) showed the most notable
gender differences: normal BMI (34.43% in men vs. 66.20%
in women, P = 3.12E—24) and normal WC (35.52% in men
vs. 74.31% in women, P = 2.84E—35). Significant differen-
ces were also observed in the absence of current smoking
(81.06% in men vs. 99.31% in women, P = 1.36E—19) and
the absence of excessive drinking (92.64% in men vs.
98.84% in women, P = 7.30E—06).

PRS-CSx outperforms other PRS methods

In this analysis, we utilized subsets from the CAS cohort for
PRS tuning, testing, and validation (see Materials and meth-
ods), including: the PRS tuning set (nz = 2030, phase 2 with-
out CAS1k), the PRS testing set (z = 991, phase 1), and the
validation set (# = 1071, CAS1k). For quantitative traits in-
cluding BMI, DBP, and SBP, 10 PRS methods (C+T, SCT,
PRS-CS, LDpred2, lassosum, PRS-CSx, CT-SLEB, PolyPred-
P+, JointPRS, and PROSPER) were trained on the PRS
tuning set using GWAS summary statistics from the UKB
(n =~ 450,000, European) and the BBJ (2 ~ 150,000,
Japanese) (Figures S1 and S2; Table S6). The latter five meth-
ods (PRS-CSx, CT-SLEB, PolyPred-P+, JointPRS, and
PROSPER) represent multi-ancestry PRSs, where weights
were derived by integrating UKB and BB] GWAS data.

Overall, throughout the tuning—testing—validation process
(Tables S7-S12), the PRS generated by PRS-CSx demonstrated
robust performance, showing relatively strong prediction abil-
ity for the residuals of quantitative phenotypes (including
BMI, SBP, and DBP) after regressing out age, sex, and six ge-
nomic principal components. Specifically, PRS-CSx achieved
an R? of 2.40%-9.81% in predicting residual variance, with
an average of 4.76% in the testing set (slightly lower than
4.87% for PROSPER) and 5.54% in the validation set (higher
than 4.98% for PROSPER) (Figure 2A; Table S12).

When compared to the PRSs from the Polygenic Score
(PGS) Catalog, the PRS-CSx method showed strong perfor-
mance across multiple traits (BMI, SBP, and DBP) in both
testing and validation sets (Table S13). The exceptions were
for DBP in the testing set, where PRS-CSx ranked second,
slightly lower than PGS003964 (3.75% vs. 4.90%), and for
SBP, where PRS-CSx ranked second in the testing set and
third in the validation set, with marginal differences from the
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Figure 1 Prevalence of obesity, HTN, and OrH across age groups and healthy lifestyle scores by gender

A.—C. Prevalence of obesity (A), HTN (B), and OrH (C) in males (red) and females (green) across different age groups in the CAS cohort (n = 4092). D.
Distribution of healthy lifestyle scores by gender in the CAS1k cohort (n = 1071). The healthy lifestyle score, ranging from 0O (least healthy) to 6 (most
healthy), is calculated as the sum of six binary criteria: non-smoking, no excessive alcohol consumption, healthy diet (daily intake of fruits and
vegetables), regular physical activity, normal BMI (18.5-23.9 kg/m?), and normal WC (< 85 cm for males and < 80 cm for females). BMI, body mass
index; HTN, hypertension; OrH, overweight-related hypertension; WC, waist circumference; CAS cohort, Chinese Academy of Sciences cohort.

top-performing PRS. These results underscore the broad
applicability and robustness of PRS-CSx in capturing the
genetic architecture of complex traits, leading us to choose
PRS-CSx for subsequent analyses.

Prediction accuracy of PRS-CSx for quantitative and
binary traits

After comparison and selection of PRS-CSx, we further
assessed its prediction performance for quantitative traits
(BMI, SBP, and DBP) and binary disease outcomes (obesity,
HTN, and OrH) in the validation set (# = 1071, CAS1k).
The PRSs were approximately normally distributed
(Kolmogorov-Smirnov normality test with Bonferroni cor-
rection for multiple comparisons, P > 0.05).

For quantitative traits, the baseline models, which incorpo-
rated sex and age only, yielded R? values of 18.28% for BMI,
17.86% for DBP, and 20.47% for SBP. When these models
were augmented with respective PRS-CSx, there was a signifi-
cant increase in accuracy, evidenced by R? values of 26.54%
for BMI, 21.21% for DBP, and 22.71% for SBP (Table 2).

Similarly, for binary disease statuses including obesity,
HTN, and OrH, models integrated with PRS-CSx also dem-
onstrated improved accuracy compared to the baseline mod-
els. PRS_BMI distinctively segregated obesity from the non-
obesity group (P = 4.35E—11, Figure 2B), with an odds
ratio (OR) for obesity increased by 2.13 for each SD incre-
ment (OR/SD) in PRS_BMI [95% confidence interval (CI):
1.77-2.57, P = 1.70E—11] (Table S14). In a five-quantile

schema, the OR for obesity rose progressively across quin-
tiles, reaching 12.63 in the highest quintile (Figure 2C; Table
S14). This inclusion of PRS_BMI notably enhanced the mod-
el’s accuracy for obesity prediction, increasing the area un-
der the curve (AUC) from 0.55 to 0.75 (Table 2). For HTN,
the combined PRS_SBP and PRS_DBP (PRS_HTN) signifi-
cantly differentiated between the HTN and non-HTN
groups (P = 2.24E—-08) (Figure 2D), with an OR/SD of 1.68
in PRS_HTN (95% CI: 1.47-1.91, P = 1.04E—10) (Table
S14). The OR for HTN increased gradually across the five
quantiles, peaking at 2.93 in the highest quintile (Figure 2E;
Table S14). The inclusion of PRS_HTN in the model
resulted in an improvement in prediction accuracy for HTN,
increasing AUC from 0.70 to 0.74 (Table 2). Lastly, the
model for predicting OrH showed a significant improvement
in accuracy when including both PRS_BMI and
PRS_HTN as predictors, with the AUC increasing from 0.71
to 0.75 (Table 2). Both PRS_BMI and PRS_HTN signifi-
cantly differentiated between the OrH and non-OrH groups
(P = 7.72E-05 and P = 5.16E-04, respectively)
(Figure 2F), with an OR/SD of 1.42 in PRS_BMI (95% CI:
1.23-1.63, P — 3.88E—05) (Table $14) and 1.45 in
PRS_HTN (95% CIL: 1.26-1.66, P = 1.63E—05) (Table
S14). In the highest quintile, the ORs for OrH peaked at
2.36 and 2.02 for PRS_BMI and PRS_HTN, respectively
(Figure 2G; Table S14).

We further compared gender disparities in aforementioned
analyses. No statistically significant differences were detected
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Figure 2 Performance of PRSs for BMI, DBP, and SBP as well as their associations with obesity, HTN, and OrH

A. R? values (Y-axis) represent the proportion of phenotypic variance explained by the PRSs for BMI, DBP, and SBP across different GWAS-method combinations (X-
axis) in the testing set (n = 991, upper) and the validation set (n = 1071, lower). Each bar corresponds to a specific method, as indicated by the color-coded legend.
The phenotype was regressed on age, sex, and six principal components, and the residual from this regression was used as the dependent variable in the PRS
modeling analyses. B. Boxplot of PRS for BMI (PRS_BMI) in control vs. obesity case groups. C. OR for obesity across quintiles of PRS_BMI, with the lowest 20%
quintile serving as the reference group. D. Boxplot of PRS for HTN (PRS_HTN) in control vs. HTN case groups. E. OR for HTN across quintiles of PRS_HTN, with the
lowest 20% quintile serving as the reference group. F. Boxplot of PRS for BMI (PRS_BMI) and HTN (PRS_HTN) in control vs. OrH case groups. G. OR for OrH across
quintiles of PRS_BMI and PRS_HTN, with the lowest 20% quintile serving as the reference group. ****, P < 0.0001; ***, P< 0.001 (Wald test). DBP, diastolic blood
pressure; SBP, systolic blood pressure; PRS, polygenic risk score; OR, odds ratio; GWAS, genome-wide association study; C+T, clumping and thresholding; SCT,

Stacked C+T; PROSPER, Polygenic Risk scOres based on an enSemble PEnalized Regression; UKB, UK Biobank; BBJ, BioBank Japan.
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between males and females (z-test with Bonferroni correction
for multiple comparisons, P > 0.05) (Figure S3A and B), sug-
gesting little genetic influence on the higher risk in men as ob-
served above.
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LASSO-based MRS outperforms linear models and
contributes to OrH risk profiling

Three MRS methods [LASSO, linear regression 1, and linear re-
gression 2] were compared using distinct subsets of the NSPT
cohort for MRS tuning (n = 2047, NSPT phase 3) and testing
(n = 1466, NSPT phase 1 + phase 2), as well as the validation
set (n = 1071, CAS1k) for final evaluation (see Materials and
methods). We focused on 1506 CpG sites for BMI, 77 for DBP,
and 107 for SBP by reviewing prior EWAS results (Table S11)
[10-22]. All MRSs were normally distributed (Kolmogorov—
Smirnov normality test with Bonferroni correction for multiple
comparisons, P > 0.05). Among the three methods,
LASSO achieved the best performance across all phenotypes
in the MRS testing set (R3,; = 8.48%, R}y, = 1.61%, and
Ry =3.02%,) and the validation set (R3y,; =10.03%,

R}p = 4.68%, and REy, = 3.70%) (Figure 3A; Table S15).

When compared to the baseline models that included sex
and age as predictors, the LASSO MRS showcased enhanced
accuracy in the validation set. Specifically, R* values in-
creased from 18.28% to 26.86% for BMI, from 17.86% to
23.15% for DBP, and from 20.47% to 25.72% for SBP
(Table 2). Notably, MRS_BMI exhibited a substantial
difference between obesity and non-obesity individuals
(P = 6.09E—11) (Figure 3B) and an OR/SD of 1.88 for obesity
(95% CIL: 1.57-2.24, P = 4.94E—09) (Table S14). In a five-
quantile schema, the OR for obesity rose progressively across
quintiles, reaching 5.77 in the highest quintile (Figure 3C;
Table S14). This integration improved the AUC for obesity
from 0.55 to 0.70 (Table 2). Similarly, MRS_HTN revealed a
clear differentiation between the HTN and non-HTN groups
(P = 6.87E—21) (Figure 3D), with an OR/SD of 1.65 (95%
CI: 1.43-1.89, P — 3.85E—09) (Table S14). The ORs for HTN
increased gradually across the five quantiles, peaking at 4.02
in the highest quintile (Figure 3E; Table S14). This integration
improved the AUC for HTN from 0.70 to 0.73 (Table 2).
When considering both MRS_BMI and MRS_HTN in the
OrH model, there was an increase in AUC from 0.71 to 0.78
(Table 2). Both MRS_BMI and MRS_HTN demonstrated
significant differentiation between the OrH and non-OrH
groups (P = 7.17E-16 and P = 3.83E-23, respectively)
(Figure 3F), with an OR/SD of 1.52 in MRS_BMI (95% CI:
1.31-1.77, P = 4.42E—06) (Table $14) and 1.72 in
MRS_HTN (95% CI: 1.46-2.02, P = 4.99E—08) (Table S14).
In the highest quintile, the ORs for OrH peaked at 6.03 and
6.52 for MRS_BMI and MRS_HTN, respectively (Figure 3G;
Table S14).

Notably, males exhibited significantly higher MRSs than
females for BMI and blood pressure (1.20E—41 < P <
5.08E—04) (Figure S3). These disparities may suggest the dis-
tinct influence of life styles and environmental exposures be-
tween genders in this cohort.
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Impact of metabolic and lifestyle factors on MRS
predictions

We conducted a grouping analysis in the validation set based
on MRS prediction errors to assess whether other metabolic
and lifestyle factors were associated with discrepancies

performance of baseline model (only with age and sex), PRS model (with age, sex, and PRS), MRS model (with age, sex, and MRS), and multi-omics model (with age, sex, PRS, and MRS) was evaluated

for BMI, DBP, and SBP and AUC for obesity, HTN, and OrH. All metrics and 95% Cls were determined using a five-fold cross-validation approach in the validation set (z = 1071). PRS, polygenic risk score;

Table 2 Performance of different models for obesity, HTN, and OrH in the validation set

MRS, methylation risk score; AUC, area under the curve; CI, confidence interval.

Model

Baseline model
PRS model

MRS model
Multi-omics model
Note: The

using R?
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Figure 3 Performance of MRSs for BMI, DBP, and SBP as well as their associations with obesity, HTN, and OrH

A. R? values (Y-axis) represent the proportion of phenotypic variance explained by the MRSs for BMI, DBP, and SBP across different methods (X-axis). Results are
shown for the testing set (n = 1466, upper) and the validation set (n = 1071, lower). Each bar corresponds to a specific method, as indicated by the color-coded
legend. The phenotype was regressed on age, sex, and cell composition, and the residual from this regression was used as the dependent variable in the MRS
modeling analyses. B. Boxplot of MRS for BMI (MRS_BMI) in control vs. obesity case groups. C. OR for obesity across quintiles of MRS_BMII, with the lowest 20%
quintile serving as the reference group. D. Boxplot of MRS for HTN (MRS_HTN) in control vs. HTN case groups. E. OR for HTN across quintiles of MRS_HTN, with
the lowest 20% quintile serving as the reference group. F. Boxplot of MRS for BMI (MRS_BMI) and HTN (MRS_HTN) in control vs. OrH case groups. G. OR for OrH
across quintiles of MRS_BMI and MRS_HTN, with the lowest 20% quintile serving as the reference group. ****, P < 0.0001 (Wald test). MRS, methylation risk
score; LASSO, least absolute shrinkage and selection operator; LR_005, linear regression using only significant CpG sites with P < 0.05; LR_all, linear regression
using all available CpG sites.
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Figure 4 Prediction performance of multi-omics models for obesity, HTN, and OrH in the validation set

A.—C. Assessment of AUC values for obesity (A), HTN (B), and OrH (C) using a 5-fold cross-validated logistic regression model. Predictors included age
and sex (M0), age, sex, and PRS (M1), age, sex, and MRS (M2), and age, sex, PRS, and MRS (M3) in the validation set (n = 1071). D.-F. In the multi-
omics prediction model (M3), the analyses further focused on individuals with extreme prediction probabilities for obesity (D), HTN (E), and OrH (F). Bars
represent the number of participants within specific prediction probability intervals, with blue bars indicating low risk (< 0.10) and red bars indicating high
risk (> 0.60). The orange line represents the prevalence in each interval. AUC, area under the curve.

between MRS-predicted and observed values of BMI, DBP,
and SBP (Table S16). The results indicate that discrepancies
between the predicted and observed values are indeed associ-
ated with specific metabolic and lifestyle factors. For BMI,
participants in the underestimated group (the lowest 10%
quantile of prediction errors) tended to have healthier lipid
profiles (higher HDL, lower TG, and lower LDL) and better
lifestyle scores. Conversely, the overestimated group (the
highest 10% quantile) was associated with less favorable
lipid profiles, higher FBG, and poorer lifestyle scores. Similar
patterns were observed for DBP and SBP, where overestima-
tion by the MRS was linked to higher levels of TC, LDL, and
FBG, as well as lower lifestyle scores. These results indicate
that metabolic health and lifestyle behaviors may influence
the accuracy of MRS predictions for these cardiovascular
risk factors.

Multi-omics model improves OrH risk profiling

We further integrated MRS and PRS into a multi-omics score
and assessed its performance in predicting the risk of obesity,
HTN, and OrH in the validation set according to a five-fold
cross-validation design. For obesity, integrating MRS_BMI
into the PRS model improved the AUC from 0.75 to 0.77
(Figure 4A; Table 2). This multi-omics score fairly classified
0.47% of the population as high risk (prediction probability
> 0.6), who indeed showed a high prevalence of 80.00%
(Figure 4D); meanwhile, it effectively identified 59.48% of
the population as low risk (prediction probability < 0.1),
who in fact had a low prevalence of 4.71%. Consequently,

this indicates that our model is informative for 59.95% of the
population in obesity risk profiling. For HTN, integrating
MRS_SBP and MRS_DBP into the PRS model improved the
AUC from 0.74 to 0.76 (Figure 4B; Table 2). This model is
informative for 31.75% of the population in HTN risk profil-
ing, effectively classifying the high-risk group (8.50% with
prediction probability > 0.6 and a prevalence of 71.43%)
and low-risk group (23.25% with prediction probability < 0.1
and a prevalence of 6.02%) (Figure 4E). In particular, for
OrH, integrating MRS_BMI, MRS_SBP, and MRS_DBP
into the PRS model boosted the AUC from 0.75 to 0.80
(Figure 4C; Table 2). This is informative for 43.89% of the
population in OrH risk profiling, effectively classifying the
high-risk group (4.30% with prediction probability > 0.6
and a prevalence of 63.04%) and low-risk group (39.59%
with prediction probability < 0.1 and a prevalence of
4.25%) (Figure 4F).

Discussion

In this study, we aimed to develop an accurate and effective
prediction model for OrH by analyzing data from two gen-
eral population cohorts, CAS and NSPT, totaling 7605 indi-
viduals. We assessed the performance of ten methods for
PRSs and three strategies for MRSs using a tuning-testing—
validation approach. Additionally, we developed a multi-
omics model to enhance prediction accuracy. Throughout
our analysis, we also found distinct population characteristics
among academics in our study.
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Factors related to gender disparity in disease
prevalence among Chinese academics

One unexpected observation in our study was the notably
high prevalence of obesity, HTN, and OrH among males in
Chinese academics. Therefore, we reviewed epidemiological
data from the past three decades, which show significant
changes in the prevalence of these conditions [45-50], most
likely driven by China’s rapid economic growth and various
risk factors, including economic status, gender, age, educa-
tion, smoking, drinking, and inhabiting regions [51-56]. The
MJF ratio for obesity has fluctuated between 0.6 and 1.3 in
both urban and rural areas, with a marked disparity in urban
areas (M/F ratio = 1.9) and even more pronounced among
academics (M/F ratio = 3.8) (Table S3). For HTN, the M/F
ratio in the CAS cohort reaches 2.9, significantly higher than
in the NSPT cohort and broader Chinese epidemiological
studies, where it ranges from 1.1 to 1.3.

The gender disparity in disease prevalence observed among
Chinese academics aligns with findings from several studies.
Research from the China Health and Nutrition Survey and
the Chinese Center for Disease Control and Prevention has
indicated that women with higher education levels tend to
have a lower BMI and reduced odds of being overweight,
while men with higher education levels exhibit a higher BMI
and increased odds of being overweight in China [57,58].
Similar patterns have been observed in studies from Brazil,
Russia, India, China, South Africa (BRICS) economies [59]
and Southern European countries [60,61], further highlight-
ing the association between education levels and obesity, par-
ticularly among women. Some studies have also examined
the impact of education on HTN, indicating that individuals
with higher education levels generally have healthier blood
pressure. A Mendelian randomization study using data from
FinnGen and the UKB suggests a causal relationship between
education level and HTN. For each SD increase in genetically
predicted higher education, the risk of HTN decreases by
44% [62]. Additionally, a study involving approximately
1.28 million adults from the China Health Evaluation And
risk  Reduction  through  nationwide  Teamwork
(ChinaHEART) project has found that as education level
increases, there is a significant downward trend in SBP [63].

To explore the potential reasons for the significant gender
disparity, we first examined the genetic possibility and found
no significant genetic differences in the performance of PRS.
However, notable epigenetic differences were observed in
MRS for the corresponding diseases between males and
females. Consistent with previous studies linking higher MRS
to poorer metabolic health [11,64], our analysis showed that
male academics exhibited higher MRS on BMI, DBP, and
SBP, along with their relatively unhealthy lifestyles and meta-
bolic syndrome traits. These findings suggest that the ob-
served gender disparity is likely influenced by the combined
effects of metabolic health and epigenetic factors.

We then briefly explored potential epigenetic explanations
for the observed gender differences in disease prevalence.
First, when examining regular physical activity, only minimal
differences between sexes were found (Table S5), which
aligns with data of a 15-year national survey [65]. Thus,
physical activity does not provide a compelling explanation
for the gender disparities observed in the CAS cohort.
However, for other lifestyle factors and metabolic syndrome
profiles, male academics showed significantly poorer
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parameters compared to their female counterparts (Tables S4
and S5). These differences are likely related to the more fre-
quent social gatherings in males nationwide, such as dinners
and drinking events, which are commonly associated with
higher calorie expenditure and alcohol consumption [66].
Additionally, men may experience great social pressure as the
primary bread-winners for their families, which is also likely
associated with unhealthy lifestyle choices and an increased
risk of metabolic-related diseases [67,68]. Considering the
dominant male composition in academia (especially in full
professors), one possible reason for the notably high M/F ra-
tio (3.8) in the CAS cohort could be the intense academic
pressure and heavy workload in males, which may largely
boost unhealthy lifestyle habits. On the other hand, cultural
attitudes in China tend to favor slimmer figures for women
[47], and female academics may possess greater self-
discipline regarding their health as well as more resources
and opportunities to maintain their body shapes [55], which
further accentuate the gender disparity observed in
our cohort.

Leveraging a multi-omics approach to enhance OrH
risk prediction

OrH, as a common comorbidity pattern, would exacerbate
cardiovascular and cerebrovascular damage more aggres-
sively than simple obesity and HTN. Especially, its preva-
lence has shown a significant upward trend globally in the
past 20 years. Although the integration of PRS and MRS
demonstrates improved utility in various diseases, multi-
omics prediction models for OrH remain limited. In this
study, we developed such an approach for OrH prediction us-
ing both genomic and epigenomic signals, achieving an AUC
as high as 0.80.

We first developed effective PRSs for the CAS cohort to
predict BMI, DBP, and SBP by benchmarking five single-
ancestry approaches (C+T, SCT, PRS-CS, LDpred2, and las-
sosum) and five multi-ancestry approaches (PRS-CSx, CT-
SLEB, PolyPred-P+, JointPRS, and PROSPER). Among all
methods, the top 3 with the highest accuracy are multi-
ancestry methods across all traits. For BMI, the R* values for
the top 3 multi-ancestry methods ranged from 8.74% to
9.81%, compared to the best single-ancestry model, which
achieved 6.36% in validation analysis (Table $12). Similarly,
for DBP, the highest R* of multi-ancestry models was 5.18%,
surpassing the best single-ancestry model of 3.28%. Our
results well confirm the outperformance of multi-ancestry
PRS approaches over single-ancestry, and further demon-
strate the enhanced generalizability of multi-ancestry PRS by
leveraging shared genetic effects across different ancestries.

Among multi-ancestry PRS models, PRS-CSx consistently
exhibited robust performance, achieving the highest R* for
BMI and consistently ranking among the top 3 models for
both DBP and SBP in the validation set. This superior perfor-
mance of complex traits across ancestries may be attributed
to PRS-CSx’s advantage of Bayesian continuous shrinkage.
Except for being only slightly (< 0.4%) behind PGS003882
and PGS005015 for SBP in the validation set, the PRS-CSx
model developed in our study notably outperforms many
published models in the PGS Catalog (116 PRSs for BMI, 72
for SBP, and 51 for DBP). These results further emphasize the
potential of our PRS profiling for the Chinese population as a
robust and reliable tool for genetic risk prediction and preci-
sion medicine applications.
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Unlike genetic models, methylation data provide a real-
time snapshot of an individual’s risk profile by capturing the
epigenetic landscape, which reflects not only genetic suscepti-
bility but also modifiable influences that contribute to disease
progression, as reported in numerous studies [69,70].
Therefore, we aimed to use MRS for potential disease predic-
tion based on currently available baseline data. After feature
selection and optimization across various methylation mod-
els, LASSO-based MRS demonstrated the best performance
in predicting BMI, DBP, and SBP, achieving similar or better
R? values compared to previous studies (e.g., 10.03% for
BMI vs. 10.00% reported [29], and 4.68 % for blood pressure
vs. 3.99% reported [28]). Considering the environmental or
lifestyle factors, these MRS models, especially with longitudi-
nal data in the future, may provide valuable insights into an
individual’s health status and potentially serve as early warn-
ings for unhealthy conditions.

Moreover, combining MRS with PRS enhances risk predic-
tion by linking genetic susceptibility with current epigenetic
states. Indeed, compared to the AUC of 0.75 for PRS and
0.78 for MRS, we observed an integrated AUC of 0.80 for
OrH risk profiling, further confirming a shared molecular
mechanism in obesity and HTN. This profiling may also fill a
critical gap in individualized early warning for cardiovascular
and metabolic disorders. By identifying high-risk individuals
(risk score > 0.6) using multi-omics models, such as 4.30%
for OrH in the CAS cohort, healthcare providers can imple-
ment more targeted preventive measures and treatment strat-
egies to improve their health status.

Conclusion

This research reveals a notably high prevalence of obesity,
HTN, and OrH among males but significantly lower preva-
lence among females in Chinese academics with characteriza-
tions of research career and higher education. These results
considerably diverge from common patterns observed in
Chinese epidemiological investigations. Additional analysis
indicates such large gender disparities are primarily associ-
ated to the complex interplay among epigenetic factors, life-
style, and metabolic health, raising concerns about notably
higher risks for males within Chinese academics. In omics
analysis, PRS-CSx and LASSO-based MRS demonstrate high
potential as robust tools for risk assessment of obesity, HTN,
and OrH. The integration of PRS and MRS further enhance
the accuracy of the risk profiling, suggesting the effectiveness
of multi-omics approaches for improved personalized risk as-
sessment strategies especially for OrH high-risk populations.

Materials and methods

Study population

The CAS cohort

This study involved 4092 Chinese participants from the CAS
cohort, which was established in 2015 to target employees of
the CAS in Beijing, China. The cohort was highly educated,
with 99.4% holding at least a university degree. Participants
first completed an online questionnaire that gathered infor-
mation on factors such as gender, smoking status, alcohol
consumption, tea intake, and sleep duration. Subsequently,
they underwent clinical assessments at designated hospitals,
including anthropometric, physical, blood, urine, and

imaging exams, with 8 ml of blood collected from each
participant.

Recruitment occurred in two phases. Phase 1 (2016-2018)
included 991 participants; their DNA samples were analyzed
using 30X whole-genome sequencing (WGS), and all pheno-
typic data were collected at the General Hospital of Aviation
Industry Corporation of China. Phase 2 (2020-2021) added
3101 participants; their DNA samples were analyzed using
[llumina genotyping microarrays, and all phenotypic data
were collected at Beijing Zhongguancun Hospital. In phase 2,
a subset of 1071 individuals (the CAS1k subgroup) was
designed to provide multi-omics data, with their samples fur-
ther analyzed using Illumina methylation microarrays.

The NSPT cohort

The NSPT cohort is a population-based prospective cohort
study consisting of 3523 Han Chinese individuals from multi-
ple regions in China, including Taizhou, Nanning, and
Zhengzhou (1310 males and 2213 females; aged from 18 to
83 years, mean=SD =50.21+12.75). After quality control,
3513 participants were retained for subsequent analysis.
Recruitment occurred in three phases: phase 1 (z = 690) in
2018, phase 2 (n = 776) in 2019, and phase 3 (n = 2047) in
2019. DNA methylation was assessed using Illumina methyl-
ation microarrays on blood samples.

Definitions of overweight, obesity, HTN, OrH,
healthy lifestyle, and higher education

Overweight was defined as a BMI between 24.0 and 27.9 kg/m?,
while obesity was defined as BMI > 28.0 kg/m?, according to
China’s guidelines [71]. HTN was defined as SBP > 140 mmHg,
DBP > 90 mmHeg, self-reported HTN diagnosis, or use of antihy-
pertensive medications. Individuals with both BMI > 24.0 kg/m*
and HTN were categorized as having OrH [72]. It is important
to note that thresholds for defining obesity or HTN may vary
across populations [73,74], and comparisons with studies using
different criteria should be interpreted with caution.

Healthy lifestyle factors were defined based on the China
Kadoorie Biobank (CKB) criteria [75], which include non-
smoking, no excessive alcohol consumption, healthy diet (daily
fruit and vegetable intake), regular physical activity, normal
BMI (18.5-23.9 kg/m?), and normal WC (< 85 cm for males
and < 80 cm for females). Participants earned a score of 1 for
each criterion that they met and 0 for each one that they did
not, resulting in a total score ranging from 0 to 6, representing
their overall healthy lifestyle. Higher education was defined as
having any college or university degree.

WGS and microarray genotyping in the CAS cohort

WGS was performed at 30X coverage on the Illumina HiSeq
3000 platform (Illumina, San Diego, CA), and sequencing
reads were aligned to the hgl9 reference genome [76].
Variants were called using Genome Analysis Toolkit (GATK)
[77] and annotated using ANNOVAR [78], with detailed
methods for sample and library preparation reported previ-
ously [79].

Microarray genotyping was conducted on the Infinium
Asian Screening Array + MultiDisease-24 BeadChip
(llumina, San Diego, CA). SNP genotypes were phased and
imputed using IMPUTE?2 [80] based on the East Asian popu-
lation in the 1000 Genomes Project [81,82].

Quality control included removing individuals with gender
mismatch, low genotyping call rate (< 97%), or abnormal
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heterozygosity (outside the mean = 3 SD range). For SNPs,
we excluded those with imputation score < 0.6 (in the CAS
phase 2 cohort), Hardy—Weinberg equilibrium P < 1E—04,
genotyping call rate < 98%, and minor allele frequency
(MAF) < 1%. After these steps, 3,169,262 SNPs and 4092
individuals were retained for subsequent analysis.

Methylation microarray of the CAS1k and
NSPT cohorts

DNA methylation profiling for both the CAS1k and NSPT
cohorts was performed on the Illumina Infinium
MethylationEPIC BeadChip (Illumina, San Diego, CA). The
raw array data were processed using the ChAMP package
[83] in R to compute B values for methylation levels. Probes
were filtered based on Illumina quality thresholds (bead
count < 3 in > 5% of samples and 1% of samples with a de-
tection P value > 0.05). Batch effects were corrected using
ComBat [84,85], and cell-type heterogeneity was adjusted us-
ing EpiDISH [86]. After quality control, 751,015 CpG sites
were retained for the CAS1k cohort, and 811,876 CpG sites
were retained for the NSPT cohort.

Construction and selection of PRSs

PRS construction and selection followed a tuning-testing—
validation design using the CAS cohort. The tuning set in-
cluded 2030 participants from phase 2 (excluding CAS1k),
the testing set had 991 participants from phase 1, and the val-
idation set consisted of 1071 participants from phase 2 (i.e.,
the CAS1k cohort).

PRSs for BMI, DBP, and SBP were constructed using
GWAS summary statistics from the UKB (~ 450,000
Europeans) [87] and the BBJ (~ 150,000 Japanese) [88,89].
Ten PRS methods were applied: C+T [34], SCT [35], PRS-CS
[36], LDpred2 [37,38], lassosum [39], PRS-CSx [40], CT-
SLEB [41], PolyPred-P+ [42], JointPRS [43], and PROSPER
[44]. Hyperparameters were fine-tuned in the tuning set and
evaluated in the testing and validation sets, with performance
assessed by R? and 95% CI using bootstrap resampling
(k = 10,000, detailed in File S1).

To identify the optimal PRS for East Asians, the PRSs con-
structed by the ten methods were compared to existing scores
in the PGS Catalog, selecting 48, 4, and 20 PRSs for BMI,
DBP, and SBP, respectively, based on the required informa-
tion. The best-performing PRS was then used for multi-omics
prediction analysis in the validation set. In all PRS analyses,
phenotypes were regressed on age, sex, and six genomic prin-
cipal components, with the residuals used for PRS modeling
to calculate adjusted R* values reflecting variance explained
beyond potential confounders.

Construction and selection of MRSs

MRS construction and selection followed a tuning-testing—
validation design using both the NSPT and CAS1k cohorts.
The MRS tuning set included 2047 participants from phase 3
of the NSPT cohort, while the MRS testing set consisted of
1466 participants from the phase 1 and phase 2 of the NSPT
cohort. The validation set was the CAS1k cohort (z = 1071).
MRSs for BMI, DBP, and SBP were derived from findings in
previous studies [10-22], resulting in final sets of 1506, 77,
and 107 CpG sites for BMI, DBP, and SBP, respectively
(details provided in File S1).

To construct the MRSs, we used three different methods:
linear regression 1, which included all CpG sites from the
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studies without filtering; linear regression 2, which selected
only CpG sites with a P value < 0.05; and LASSO regression,
which applied penalized linear regression to optimize the
model. Different CpG sets with corresponding beta coeffi-
cients were generated in the tuning set, then evaluated and
validated in the testing and validation sets.

The best-performing MRS was selected and applied to the
validation set for multi-omics prediction analysis. In all MRS
analyses, phenotypes were regressed on age, sex, and cell
composition, with the residuals serving as the dependent vari-
able for MRS modeling. This approach enabled us to report
adjusted R? values and 95% CI, calculated through bootstrap
resampling (kK = 10,000), that account for the variance in
MRS explained beyond the confounding effects of age, sex,
and cell composition.

Grouping analysis of MRS-predicted values

A grouping analysis of MRS-predicted values was performed
in the validation set to determine whether discrepancies be-
tween MRS-predicted and observed values for BMI, DBP,
and SBP were associated with metabolic and lifestyle factors.
Participants were grouped into three groups based on the
quantiles of the prediction error (predicted minus observed):
the lowest 10% quantile, where MRS significantly underesti-
mated the trait; the middle 80% quantiles, where MRS pre-
dictions closely matched observed values; and the highest
10% quantile, where MRS significantly overestimated the
trait. Metabolic factors (including HDL, LDL, TC, TG, FBG)
and healthy lifestyle scores were then compared across these
groups using independent #-tests to identify significant differ-
ences between the underestimated, accurately predicted, and
overestimated groups.

Multi-omics risk prediction

The best-performing PRS and MRS were combined into
multi-omics scores, and their prediction performance was
assessed in the validation set, using linear regression for con-
tinuous traits (BMI, SBP, and DBP) and logistic regression for
binary traits (obesity, HTN, and OrH). These models were
adjusted for age and sex as covariates. Performance was eval-
uated using a five-fold cross-validation design. In brief, mod-
els were trained on four folds and tested on the remaining
one, and this process was repeated five times, each time using
a different part of the data for testing. The R* values for con-
tinuous traits and AUC values for binary traits were averaged
across the five iterations to provide a more generalized esti-
mate of the model’s prediction power.

Predictors were specified as follows. For continuous traits,
separate models were developed using the corresponding
PRS, MRS, or both (multi-omics) as predictors. For binary
traits, obesity models used PRS_BMI, MRS_BMI, or both as
predictors; HTN models incorporated the average of
PRS_DBP and PRS_SBP, the average of MRS_DBP and
MRS_SBP, or both averages as predictors; OrH models in-
cluded PRS_BMI plus the average of PRS_DBP and PRS_SBP,
MRS_BMI plus the average of MRS_DBP and MRS_SBP, or
the combination of all four predictors.

This modeling strategy ensured a consistent and robust
comparison of baseline (sex and age only), PRS, MRS, and
multi-omics models. All analyses were performed using R
(v4.0.3) and Python (v3.6.4).
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