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Second-generation antipsychotics (SGAs) are widely used to treat schizophrenia (SCZ), but they often induce metabolic side effects like
dyslipidemia and obesity. We conducted genome-wide association studies (GWASs) to identify genetic variants associated with SGA-
induced lipid and BMI changes in Chinese SCZ patients. A longitudinal cohort of Chinese SCZ receiving SGAs was followed for up to
18.7 years (mean = 5.7 years, SD = 3.3 years). We analysed the patients’ genotypes (N = 669), lipid profiles, and BMI using 19 316
prescription records and 3 917 to 7 596 metabolic measurements per outcome. Linear mixed models were employed to evaluate seven
SGAs’ random effects on metabolic changes for each patient, followed by GWAS and gene set analyses with Bonferroni and FDR
correction. Five SNPs achieved p-value < 5 x 10~ before multiple testing correction: rs6532055 (ABCG2) linked to olanzapine-induced
LDL changes, rs2644520 (near SORCST) linked to aripiprazole-induced triglyceride changes, rs115843863 (near UPP2) linked to
clozapine-induced HDL changes, rs2514895 (near KIRREL3) linked to paliperidone-induced LDL changes, and rs188405603 (SLC2A9)
linked to quetiapine-induced triglyceride changes. These five SNPs passed FDR correction at 0.2 but not Bonferroni-corrected genome-
wide significance threshold (p-value < 3.125 x 10~ '°) for 160 GWAS analyses. Gene-based analysis revealed six genome-wide significant
genes after Bonferroni correction (p-value < 2.73 x 10~%): ABCG2, APOAS, ZPR1, GCNT4, MAST2, and CRTACI. Four gene sets were
significantly associated with SGA-induced metabolic side effects. In summary, this pharmacogenetic GWAS identified several genetic
variants potentially associated with SGA-induced metabolic side effects, potentially informing personalized treatment strategies to
minimize metabolic risk in SCZ patients. Given our limited sample size, further replications are required to confirm the findings.
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INTRODUCTION
Schizophrenia (SCZ) is a severe, chronic mental illness with high
heritability and a lifetime prevalence of approximately 1%. The
global burden of SCZ has been increasing, with the incidence
increasing by 2% annually between 2000 and 2019 [1].
Cardiovascular disease (CVD) is the leading cause of mortality in
SCZ patients [2], and psychosis itself is also a recognized risk factor
for dyslipidemia and obesity [3]. Moreover, second-generation
antipsychotics (SGAs), the mainstream treatment for SCZ, can
adversely affect patients’ lipid profiles, other metabolic para-
meters, and body mass index (BMI) [4].

Interestingly, the propensity to develop these metabolic side
effects varies considerably among individuals. Twin and sibling

studies have demonstrated that such interindividual variability
may be largely attributable to genetic differences [5]. However,
the underlying genetic mechanisms remain poorly understood.
Pharmacogenetics (PGx) examines how genetic variations affect
drug metabolism and response, potentially enabling personalised
treatment plans. Over the past two decades, most PGx studies on
SGA-induced metabolic side effects have employed candidate
gene approaches, focusing primarily on dopamine and serotonin
receptor-related genes [6, 7]. Additionally, variants in cytochrome
P450 genes have been associated with antipsychotic serum
concentrations [8]. Genome-wide association studies (GWASs)
have largely overcome the limitations of candidate gene
approaches, uncovering more variants and genes associated with
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antipsychotic response [9-11]. However, the majority of previous
PGx studies have focused mainly on treatment response rather
than the metabolic side effects of SGAs.

To date, only seven PGx GWASs have investigated SGA-induced
metabolic side effects [12-18], with most focusing exclusively on
weight gain and short-term outcomes. The most comprehensive
study by Adkins et al. (2010) investigated various metabolic side
effects across multiple antipsychotics over 18 months [12].
Nevertheless, this study had several limitations, including prior
antipsychotic experience in most participants, concurrent use of
other medications, potential bias in DNA collection, and lack of
genotype imputation in GWAS analysis.

To address this knowledge gap, our PGx study investigated lipid
and BMI changes induced by seven SGAs: olanzapine (OZP),
clozapine (CZP), quetiapine (QUE), risperidone (RIS), aripiprazole
(ARI), amisulpride (AMI) and paliperidone (PAL). We focused on
BMI and four lipid measurements, including total cholesterol (TC),
high-density cholesterol (HDL), low-density cholesterol (LDL) and
triglycerides (TG), as outcomes. Our study utilized a longitudinal
cohort with a longer follow-up of up to 5.7 years (median) and a
greater mean number of metabolic measures per subject. The
proportion of SGA-naive patients was markedly greater at ~63%.
Furthermore, the homogeneity of our Chinese cohort, recruited
from Hong Kong, China, combined with imputed genotypes based
on the ChinaMAP reference panel [19], enhanced the statistical
power of GWAS to detect true signals.

This sophisticated approach combined with a long follow-up
duration and comprehensive medication history and metabolic
measures. We aimed to identify novel genetic variants associated
with SGA-induced metabolic side effects. This approach may
provide insights into the biological mechanisms underlying SGA-
induced lipid and BMI changes, potentially contributing to more
personalized and effective treatments for SCZ patients.

MATERIALS AND METHODS
Study population and data collection
We recruited SCZ patients from an early psychosis intervention clinic at
Castle Peak Hospital Hong Kong between 2009 and 2021 [20]. The
inclusion criteria were as follows: (1) aged =18 years, (2) Chinese ethnicity,
(3) ICD-10 diagnosis of SCZ or schizoaffective disorder, (4) treatment with
SGAs, and (5) at least one post-SGA measurement of fasting lipids and/or
BMI. We excluded patients with preexisting metabolic disorders or those
lost to psychiatric follow-up as of March 2021.

From 767 eligible patients, we extracted complete medication records,
lipid profiles and BMI measurements from initial service contact to the

study endpoint. Following local guidelines for monitoring SGA side effects,
patients received baseline measures of fasting lipid profiles and BMI before
SGA initiation, with annual follow-up measurements while on SGAs.
Electronic health records documented the type and dosage of all
psychotropic and concomitant medications, including antidepressants
and lipid-lowering drugs.

Genotyping and imputation

Blood samples from patients were genotyped using the lllumina Asian
Screening Array-24 v1.0. Quality control was performed using PLINK 1.9p,
removing genotypes and subjects based on missing data (missing rate >
10%), Hardy-Weinberg equilibrium (p < 107%, and relatedness (IBS
distance > 0.25). No ethnic outliers were identified through multidimen-
sional scaling, as shown in Supplementary Fig. S2.

The genome coordinates were lifted from GRCh37 to GRCh38 using
CrossMap v0.6.4. Haplotype phasing and genotype imputation were
conducted using Eagle2 and Minimac4, respectively [21, 22], with the
ChinaMAP phase 1.v1 reference panel (59 010 860 sites from 10 155
Chinese individuals) [19]. This large, ancestrally matched reference panel
improved imputation accuracy. The imputed SNPs were removed based on
imputation quality (INFO score < 0.3) and minor allele count (MAC < 10).
The final dataset comprised 6 992 805 high-quality imputed SNPs.

Data preprocessing and variable selection

Full GWAS data were available for 669 SCZ patients with 19 316
prescription records within 3 months of metabolic measurement. We
analysed TC, HDL, LDL, and TG (all in mmol/L), and BMI (kg/mz) as separate
outcomes. To minimise bias in effect estimation, we excluded outliers that
exceed six standard deviations from the group mean, as these values
suggested potential measurement errors. We excluded 2 measurements
each for TC, HDL, and BMI, and 11 measures for TG. No outliers were
identified for LDL. The final analysis included 4 048 TC, 3 917 HDL, 4 035
LDL, 4 034 TG, and 7 596 BMI measurements. Prior to modelling, we
applied natural log transformation to all measurements to better satisfy
the normality assumptions of our linear mixed models (Supplementary
Fig. S1).

We selected seven SGAs that had been prescribed to at least 30 patients
in our sample, namely CZP, OZP, ARI, AMI, PAL, RIS, and QUE (Table 1). The
choices of these SGAs, which were taken by a substantial number of
subjects, allowed more robust models to be constructed. Long-acting
injectable and oral formulations were analysed equally, after dose
conversion using the standard method [23]. Given that some non-SGA
psychotropics and other drugs (e.g. statins, metformin) are commonly
prescribed (listed in Supplementary Table S1), and might influence
patients’ lipid profiles and BMI, we included these concomitant medica-
tions as (time-varying) covariates to account for their dynamic effects
throughout the study period, following established approaches in prior
studies [24, 25]. As such, we can control for possible confounding due to
these drugs. We also included daily drug dosage (mg) of the seven SGAs

Table 1. Descriptive statistics of the SGA prescription records in our cohort.

Second Generation No. of subject with prescription

Total no. of prescriptions

Avg. no. of prescription per subject

Antipsychotics (SD)
(SGAs)™

TC,LDL,HDL, TG BMI TC,LDL,HDL, TG BMI TC,LDL,HDL, TG BMI

(N = 625) (N = 646) (N =3 525) (N=6 (N =740) (N =759)

640)

CLOZAPINE 119 125 551 1 045 4.6 (2.8) 8.4 (10.1)
OLANZAPINE 230 307 760 1447 3.3 (2.6) 4.7 (4.5)
ARIPIPRAZOLE 238 275 728 1228 3.1 (2.2) 4.5 (4.3)
RISPERIDONE 116 232 209 571 1.8 (1.7) 2.5 (2.5)
AMISULPRIDE 162 216 399 766 2.5 (2.0) 35 (3.2)
QUETIAPINE 93 105 173 313 1.9 (1.2) 3 (3.1)
PALIPERIDONE 43 65 95 178 2.2 (1.8) 2.7 (2.3)
Any SGA use 553 567 2 591 5259 4.7 (2.9) 9.3 (8.8)
Average per SGA 215 688 1 351 N/A N/A
Remark:

(1) Only the SGA prescribed to more than 30 SCZ patients will be included in the GWAS study.
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and treatment duration (month) as random-effect covariates to account for
multiple SGA medications, while age, gender and years of education were
entered as fixed-effect covariates, similar to previous studies conducted by
Pardifas, Nalmpanti [26] and Adkins, Aberg [12].

Random-effect estimation for SGA-induced lipid/BMI changes
We used linear mixed models (LMMs) to estimate the random effects
(random slope) of SGAs on lipid/BMI changes. The random effects
quantified how each patient’s lipid/BMI changes deviated from the
cohort’s mean, serving as a proxy outcome measure for the severity of
the metabolic side effects of each patient. A similar approach has been
employed in several PGx GWASs [12, 26, 27]. In addition, we employed an
advanced statistical approach to disentangle the within-subject estimates
from the between-subject estimates of SGA random effects [28-30]. By
focusing on the within-subject effects, we can more accurately estimate
the metabolic side effects of SGAs by accounting for unmeasured time-
invariant confounders [31].

For each of the seven SGAs, we constructed five random-effect LMMs
using lipid profiles (LDL, HDL, TC, TG) and BMI as outcomes. An additional
model analysing ‘any SGA use’ was included as a pooled analysis of all
seven SGAs, resulting in a total of (8 x 5) 40 models in our primary analyses.
Random effect coefficients were extracted from these models for patients
prescribed the corresponding SGAs, with detailed specifications provided
in Supplementary Text 1. Following an established methodology in
longitudinal pharmacogenetics studies [12, 26, 27], these random-effect
coefficients served as the primary outcome for subsequent GWAS and
MAGMA analyses, with sample sizes varying across models (Table 1). The
methodology for identifying optimal random-effect LMM models and
estimating within-subject SGA dosages is detailed in Supplementary Text 2
and Supplementary Text 3, respectively [4, 31].

We applied rank-based inverse normal transformation (INT) to the
random-effect coefficients [32] to ensure a normal distribution of the
outcomes (and residuals) and reduce outlier effects (Supplementary
Fig. S3).

Genome-wide association study (GWAS) analysis

GWAS association tests between SNP dosages and SGA-induced lipid/BMI
changes were conducted using PLINK 2.00a [33], with gender and the top
ten genetic principal components as covariates. The imputed genotypes
were converted to PLINK 2 binary formats to retain dosage information,
which can improve the statistical power of the association tests. In our
primary analyses, we tested additive genetic models using allelic dosage as
the predictor. To capture variants with non-additive genetic effects as
advised by Guindo-Martinez, Amela [34], we also performed additional
analyses based on dominant, recessive and genotypic (2 degrees of
freedom) models, resulting in a total of 120 models for the additional
analyses.

For significance thresholds, we considered associations genome-wide
(GW) significance, when p-values were less than 5x10~8 after Bonferroni
correction [35]. Following the approach of Adkins et al. in their GWAS of
antipsychotics-induced metabolic side effects [12], we classified associa-
tions with false discovery rate (FDR)<0.2 as “suggestive”. Details of
multiple testing correction are presented below.

MAGMA analyses

We performed gene and gene-set association tests between the imputed
genotypes and 40 sets of random-effect coefficients of SGA-induced lipid/
BMI changes using MAGMA v1.10 ref. 3>, To optimize statistical power and
sensitivity across various genetic architectures, we built three predefined
MAGMA models: (1) principal component regression, (2) the SNP-wise
mean, and (3) the SNP-wise top 1. MAGMA then aggregated the resulting
gene p-values into a single p-value. Such MAGMA models have been
detailed in the MAGMA manual.

Post-GWAS annotation

LD-clumping was performed using PLINK to identify top SNPs within
linkage ~disequilibrium clusters (with clump-p1=5x10"°, clump-
p2=0.05, 2=0.6 and window size =250kb). The top SNPs were
annotated using Ensembl Variant Effect Predictor (VEP) v111.0 with VEP
cache version 111_GRCh38 [36], including gene information, nearest gene,
location, and effect allele frequency in East Asian and European
populations. Previous studies reporting GW-significant SNPs within the
same genes were annotated based on the GWAS Catalog and Open Target
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Platform [37, 38]. To uncover potential hidden associations between the
identified genes and annotated enriched terms across multiple datasets
and resources, integrative gene set enrichment analyses and visualization
were conducted using the Enrichr-KG platform [39], incorporating four
gene-set libraries: GWAS Catalog (2019) [38], GO biological Process (2021)
[40], DisGeNET [41], and Human Phenotype Ontology [42]. For each input
gene set, the top five enriched terms per library with an FDR < 0.05 were
considered significant. A subnetwork linking the input genes to these
enriched terms was visualized using the Enrichr-KG platform.

Fine-mapping with the SuSiE model

To identify potential causal SNPs, we used the SuSiE fine-mapping
approach [43], which reports minimal groups of SNPs (credible set) and
calculates posterior inclusion probabilities (PIPs) for causal assessment. We
performed fine-mapping =1 000 kb around each suggestive SNP using an
LD reference panel from imputed genotypes. The SuSiE model used SNP p-
values, with L = 11 nonzero effects and default parameters. Casual SNPs of
the best credible sets were visualized in region plots.

Multiple testing correction

We employed both Bonferroni correction and FDR approaches for multiple
testing correction. We applied Bonferroni correction to account for all 160
GWAS analyses on the same dataset (4 genetic models x 8 SGA categories
[including ‘any SGA use’lx5 metabolic outcomes). The Bonferroni-
corrected genome-wide significance threshold is hence p=5x10"%
160 =3.125x 10~ '°. Bonferroni correction controls for the family-wise
error rate (probability of any false positives) and is ideal for clinical trials or
other studies where false positives must be avoided. However, this method
has low statistical power when a large number of hypotheses are tested,
for example in genomics studies. Therefore, following a previous PGx study
[12], we also implemented FDR correction, which is better suited for
exploratory research as it maintains higher statistical power while
controlling for false positives at an acceptable level [44].

We calculate FDR separately for each analysis to control the expected
proportion of false discoveries among the rejected null hypotheses [45].
Unlike Bonferroni correction, FDR is less sensitive to the number of tests
performed as it controls for the proportion rather than the absolute
number of false discoveries [46, 47]. At our suggestive threshold
(FDR < 0.2), on average 80% of significant findings would be expected to
be true discoveries. As demonstrated by Efron [47], when FDR is calculated
separately for each set of GWAS, the overall FDR remains generally
controlled, particularly with a large number of tests.

Power analysis

The power analysis was conducted by extracting effect size estimates from
a closely related GWAS by Adkins, Aberg [12]. Their top finding was a SNP
in the MEIS2 gene associated with the effects of risperidone on hip and
waist circumference (WC). We focused on the effect size for WC, as it is
more relevant to metabolic syndrome [48]. The top SNP, rs1568679,
explained 9.93% of the variance in WC, according to the conversion
formulae suggested by So, Xue [49].

Using the Genetic Power Calculator developed by Purcell, Cherny [50]
and assuming an additive model, we estimated that a sample size of 487 is
required to achieve 80% power at a Bonferroni-corrected GW-significance
p-value threshold of 3.125x107'°.

We also calculated power based on FDR, following the method by Liu
and Hwang [51]. Here, we assumed a more modest average effect size
estimate. Assuming a proportion of 0.90 null markers, and an average SNP
heritability of 0.015 among non-null variants, our current sample size of
669 achieves a power of 81.98% at our suggestive FDR threshold of 0.2.
Assuming an average SNP heritability of 0.02, the power would reach
92.86%. It is important to note that our longitudinal study design offers a
greater effective sample size compared to a cross-sectional approach,
which is assumed in the above power calculations.

Ethical standards and consent to participate

This study adhered to the ethical principles of the Helsinki Declaration and
relevant national and institutional guidelines for human research. Ethical
approval was obtained from the New Territories West Cluster Ethics
Committee (Approval Numbers: NTWC/CREC/823/10 and NTWC/CREC/
1293/14) and the Joint Chinese University of Hong Kong-New Territories
East Cluster Clinical Research Ethics Committee (Approval Number:
2016.559). All participants provided written informed consent.
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Table 2.

Primary Analyses

SGA Olanzapine Aripiprazole
Phenotype LDL TG

Test model™ Additive Additive
SNP rs6532055 rs2644520
Gene ABCG2 =

Nearest = SORCST1
Location Intron Intergene
CHR 4 10

POS (GRCh38) 88197235 105919960
Effect Allele C G

N 230 238

Effect AF 0.70 0.44

1KG AF (EAS) 0.73 0.45

1KG AF (EUR) 0.39 0.45

Imp. Rsq 0.73 0.99

Beta —0.622 0.510

SE 0.101 0.089
P-value 3.13E-09 3.06E-08
P-valuegonferroni” 5.01E-07 4.90E-06
FDR 0.022 0.122

Aac (50, 70, 90 percentiles) 1.00, 1.00, 1.00 1.01, 1.01, 1.01
QQ Plot

ambda=1.013

Top five SNPs associated with SGA-induced changes in lipid levels and BMI.

Additional analyses

Clozapine Paliperidone Quetiapine
HDL LDL TG
Genotypic Genotypic Dominant
rs115843863 rs2514895 rs188405603
= = SLC2A9
UPP2 KIRREL3 =

Intergene Intergene Intron

2 1 4
157988744 127240288 9973710

T T C

119 43 93

0.19 0.21 0.07

0.20 0.29 0.08

0.03 0.17 0.00

0.90 0.97 0.62

NA NA 1.641

NA NA 0.269
2.05E-08 4.96E-09 3.54E-08
3.28E-06 7.94E-07 5.66E-06
0.029 0.004 0.065

1.00, 1.01, 1.01 0.97, 0.99, 1.03 1.01, 1.01, 1.01

CHR chromosome, POS position, SGA second generation antipsychotics, SNP single nucleotide polymorphism, AF allele frequency, 7KG 1000 genomes project,

“Imp. Rsq" genotype imputation r-squared, Agc genomic control inflation factor.

Remarks:

(1) The test model indicates the genetic model employed when conducting GWAS using PLINK2.
(2) P-values are Bonferroni corrected for 4 genetic models across 40 random effects, resulting in a total of 160 GWASs (i.e., p-value x 160).

RESULTS

Sample characteristics

Our final dataset comprised 625 subjects with lipid profile data
and 646 subjects with BMI data after the seven SGAs prescribed to
at least 30 patients were selected. Supplementary Table S2
presents the gender ratio, mean age at the first clinical visit, and
mean years of follow-up. The longitudinal cohort had a maximum
follow-up period of 18.7 years, with a mean follow-up of 5.7 years
(SD = 3.3) for the lipid cohort and 5.5 years (SD = 3.2) for the BMI
cohort (Supplementary Fig. S4). Supplementary Table S3 sum-
marises the number of patients treated with single versus multiple
antipsychotics over 3 months within the first 3 years of follow-up.

GWAS results
Primary analyses: Additive genetic model. We conducted 40 sepa-
rate GWASs to examine the effects of SNPs on SGA-induced changes
in lipids (TC, HDL, LDL, TG) and BMI for seven specific SGAs, plus a
pooled analysis of any SGA use. Individual GWAS sample sizes ranged
from 43 to 567 patients (mean = 215), with mean prescriptions per
patient ranging from 1.8 (SD =1.7) to 9.3 (SD = 8.8) (Table 1).

In our primary GWAS analyses using an additive genetic model,
two SNPs reached p <5 x 102 but did not achieve GW significance

SPRINGER NATURE

after Bonferroni correction for all 160 GWAS models tested (Table 2).
An additional eight SNPs met the suggestive threshold of FDR of
< 02 (Supplementary Table S4). The top SNP, rs6532055
(p=3.13x10"%, FDR=0.022), was associated with olanzapine-
induced LDL changes. This SNP is located within an intron of the
ABCG2 gene, which is part of the ATP-binding cassette (ABC) family.
The second SNP, rs2644520 (p=3.06x10 %, FDR=0.122), was
associated with aripiprazole-induced TG changes and located in an
intergenic region near SORCS1, a gene encoding a member of
vacuolar protein sorting 10 (VPS10) domain-containing receptor
proteins.

The quantile-quantile plots (QQ) plots for the GWASs with the two
top SNPs are shown at the bottom of Table 2, and QQ plots of the
GWASs with SNPs achieving an FDR < 0.2 are shown in Supplemen-
tary Table S5. The QQ plots demonstrate that p-value distributions
closely match the expected p-values under the null hypothesis, with
the genomic control inflation factor (Ag¢ at the median) ranging from
0.94 to 1.01, indicating that genomic inflation is unlikely to be a
concern.

Additional analyses with non-additive models. Further analyses
using non-additive models (dominant, recessive and genotypic)

Translational Psychiatry (2025)15:295



revealed three additional SNPs with p <5 x 10~8. However, none
achieved GW significance after Bonferroni correction (Table 2). An
additional 17 SNPs with FDRs < 0.2 were identified under non-
additive models (Supplementary Table S6). The top SNP in the
genotypic model, rs115843863 (p =2.05 X 1078, FDR=10.0287),
was associated with clozapine-induced HDL changes. The SNP is
located in an intergenic region near UPP2, a gene involved in
dCMP and uridine catabolic processes. Another SNP in the
genotypic model, rs2514895 (p =4.96 x 10°, FDR = 0.004), was
associated with paliperidone-induced LDL changes and is located
near KIRREL3, a gene encoding a nephrin-like protein expressed in
the brain. The last SNP rs188405603 (p = 3.52 x 102, FDR = 0.065)
under the dominant model was associated with quetiapine-
induced TG changes and is located within an intron of SLC2A9, a
gene encoding a glucose transporter.

Suggestive associations with FDR < 0.2. Eight SNPs achieved an
FDR < 0.2 in the primary GWAS analyses under the additive model
(Supplementary Table S4). Notably, four SNPs, namely rs7412
(FDR =0.182), rs2384157 (FDR = 0.195), rs74625905 (FDR = 0.195)
and rs56349742 (FDR = 0.195), were associated with olanzapine-
induced LDL changes. The well-known LDL-altering SNP rs7412 in
APOE is positively associated with olanzapine-induced LDL
changes. Four additional SNPs were associated with quetiapine-
induced HDL changes, namely rs2358259 (FDR=0.123),
rs10174314 (FDR=0.123), rs117416034 (FDR=0.123), and
rs6424242 (FDR = 0.186). In particular, rs6424242 is located in an
upstream region of the SIPATL2 gene, which has been previously
linked to obesity-related traits, response to alcohol consumption,
and neuroticism based on Open Targets and the GWAS Catalog
[52-54].

In the additional GWAS analyses under non-additive models, 17
SNPs with FDRs < 0.2 were identified. These SNPs were associated
with metabolic side effects of clozapine, olanzapine, risperidone,
and paliperidone (Supplementary Table S6). The associated genes
have known implications in psychiatric disorders, lipid or BMI
measurements, or drug responses, including BICDT and CSMD1
(olanzapine-induced TC changes); GADL1 (risperidone-induced
BMI changes); SIPA1L2 (quetiapine-induced HDL changes); and
RAB38, CDH23, AMPH, FOXN3, APBB2, C1R and LRCOL1 (paliper-
idone-induced LDL changes). Table 3 provides a comprehensive
overview of all identified genes from different analyses.

As emphasised earlier, we caution that none of the findings
passed Bonferroni correction. The above results (with FDR < 0.2)
should be considered tentative and further replications are
required to confirm our findings.

Fine-mapping results. The fine-mapping results for the top five
SNPs are visualized in region plots (Supplementary Table S7). The
top SNPs associated with olanzapine-induced LDL changes and
aripiprazole-induced TG changes were proposed to be causal
(PIP=1.0). However, the remaining three top SNPs were not
considered causal, as shown by their low PIP values. Another SNP,
rs73968514 (PIP =1.0), was identified as potentially causal for
clozapine-induced HDL changes (PIP = 1.0), replacing the original
GWAS hit rs115843863. Both rs2441693 and another SNP
rs2441693, with the same p-value, were identified as potentially
causal for paliperidone-induced LDL effects (PIP=0.5 each).
Finally, instead of the observed GWAS hit rs188405603, fine-
mapping evidence suggested that rs77140241 was the real
causal variant for quetiapine-induced TG changes (PIP=1.0,
p=9.5x10"% FDR = 0.065).

MAGMA analysis results

Gene-level analysis. Six genes reached the GW-significance p-
value threshold of 2.73x10°® after Bonferroni correction
(a=0.05/18288 genes tested) in the gene-level analysis (Table 4),
with their corresponding QQ plots from the gene-level analysis
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shown in Supplementary Table S8. All GW-significant genes also
had an FDR < 0.05. Diseases or traits associated with these genes
were annotated using the Open Target Platform [37], which we
also highlighted here. The top gene ABCG2 (p=8.26x10",
FDR=1.51x 10" was associated with olanzapine-induced LDL
changes; this gene is related to gout, urate measurement, and BMI
based on information from the Open Target Platform. APOAS
(p=345%x10"% FDR=6.31x10"% and ZPR1 (p=1.80x10"%,
FDR=0.016) were associated with SGA-induced TG changes;
these genes were related to TG, HDL, and LDL levels and
metabolic syndrome. GCNT4 (p=3.17x 107, FDR=5.12x 10" 3)
and MAST2 (p=4.79x 107, FDR=8.62 % 10°) were associated
with quetiapine-induced TG and risperidone-induced LDL changes
respectively. CRTACT (p=2.273X% 107%, FDR=0.042) was asso-
ciated with olanzapine-induced HDL changes. Based on the
evidence from the Open Target Platform [37], GCNT4 and MAST2
are related to neurodegenerative disease and measurements of
erythrocyte count, BMI, LDL and TC [55-59]; whereas CRTACT is
related to body fat percentage and measurements of HDL and TG
[59, 60].

Gene set enrichment analysis, incorporating these six significant
genes along with those associated with the top five SNPs
identified in the GWAS analyses, was performed using the
Enrichr-KG platform [39]. The subnetwork of gene and enriched
terms are illustrated in Fig. 1, with corresponding enrichment
p-values and FDRs listed in Supplementary Table S9.

Gene set analysis. Fourteen gene sets were nominally associated
with SGA-induced metabolic changes. After FDR correction
(FDR < 0.05), four gene sets remained significant (Supplementary
Table S10). The top gene set, skeletal muscle satellite cell
differentiation (Pgonferroni=1.29% 107>, FDR=4.4x10"%), was
associated with SGA-induced TG changes [61]. The mRNA editing
(Ponferroni = 2.20 X 107>, FDR=4.4x10"% gene set was asso-
ciated with clozapine-induced LDL changes. The gene sets ER
ubiquitin ligase complex (Pgonferroni = 0.004, FDR=0.04) and
Saccadic smooth pursuit (Pgonferroni = 0.004, FDR = 0.04) were
associated with clozapine-induced BMI and amisulpride-induced
BMI changes respectively.

DISCUSSION

This study represents one of the largest longitudinal PGx GWAS
investigations, identifying genetic variants associated with lipid
and BMI changes induced by seven commonly used SGAs in a
Chinese SCZ cohort. Our investigation included 19 316 prescrip-
tion records and 3 917 to 7 596 metabolic measurements for each
outcome, with a median follow-up duration of 5.7 years (SD = 3.3,
max = 18.7), surpassing the duration of comparable GWASs
[12,14-16].

Our study design incorporates several key strengths. Notably,
our cohort recruited from an early psychosis intervention clinic
comprised a high proportion of antipsychotic-naive patients
(approximately 63%) at baseline; as such, confounding by previous
medications was reduced and likely lower than many other
comparable studies, including Adkins et al. [12]. Our focus on a
homogeneous ethnic Chinese sample provides valuable insights
specific to this underrepresented population, particularly impor-
tant given the known differences in allele frequency and LD
patterns between East Asian and European populations [62-65], as
evidenced in Table 2.

We employed a sophisticated analytical approach using within-
subject random effects of SGA-induced lipid/BMI changes. This
method substantially reduces the risk of confounding by
indication/contraindication [66]. To further mitigate potential
confounding effects, we included lipid-lowering drugs as covari-
ates in the GWAS phenotype estimations. The mean age of our
cohort at the first clinical visit (28.3 years, SD = 9.8) was lower than
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Table 3. Genes associated with SGA-induced lipid/BMI changes across various analyses' >34
TC HDL LDL TG BMI
~C150rf39/P1 ~UPP2/¢I
LINC00635!%/
Clozapine LOC10537537714
~LOC124903233% | CRTACI ABCG2
BICDI® APOE
CSMDI® ~MBL2
~UBE2E2® ~MZTI
LOC105373454
Olanzapine ABCG2
Aripiprazole ~SORCS1
Risperidone MAST? CBSLR® | GADLI™
Amisulpride
~CDCA7 SLC249P1
~DDX1 GCNT4
~CD34
Quetiapine SIPAIL2
~KIRREL3/%
CDH23(6R
AMPH®
RAB38!9
~NFE2L3[9
FOXN3![¢I
CIR!Y
Paliperidone LRCOLIY
Any SGA APOAS
use ZPR1
Remarks:

(1) Gene in red was identified by the primary analysis, gene in black was identified by the additional analysis, gene in blue was identified by the MAGMA

analysis.

(2) Bold text: SNP-associated gene (SNP’s p <5 x 10~8 before Bonferroni correction)/Gene reaching GW significant threshold (p < 2.73 x 107%), Normal text:
SNP-associated gene/Gene reaching the suggestive evidence threshold (FDR < 0.2).

(3) ~Gene: SNP does not fall within the gene, but it is located near the gene.

(4) Superscript [D] Dominant, [R] Recessive [G] genotypic: indicates the genetic model being used in the GWAS analysis.

that reported in a similar study [12], reducing the influence of age-
related metabolic changes on our findings.

The top SNP rs6532055 is located in ABCG2, which encodes a
translocation protein involved in the efflux of antipsychotics
across cellular membranes [67, 68]. Its association with olanzapine-
induced LDL changes suggests a potential role in antipsychotic
pharmacokinetics and lipid metabolism. Notably, ABCG2 has also
been associated with LDL reduction in response to rosuvastatin
[69, 701.

Another top gene identified was SORCST which was associated
with aripiprazole-induced triglyceride changes. SORCST encodes a
member of the VPS10 domain-containing receptor protein family
and is strongly expressed in the central nervous system [71]. It has
been implicated in insulin regulation and type 2 diabetes risk in
both animal and clinical studies [72-74]. Notably, several studies
have shown that increased TG levels are associated with increased
type 2 diabetes risk and impaired fasting glucose [75-771. Its role
in energy balance further supports its potential involvement in
antipsychotic-induced metabolic alterations [78].

SPRINGER NATURE

UPP2, linked to clozapine-induced HDL changes, encodes
uridine phosphorylase 2. Several studies have revealed an
association between uridine metabolism with lipid metabolism
and glucose homeostasis [79-811]. Increasing endogenous hepatic
uridine levels by inhibiting uridine phosphorylase 2 may reduce
drug-induced liver lipid accumulation [81, 82], although long-term
uridine consumption might promote liver lipid accumulation and
exacerbate glucose intolerance [81].

KIRREL3, linked with paliperidone-induced LDL changes,
encodes a synaptic cell adhesion molecule essential for the
formation of target-specific synapses and is expressed in fetal and
adult brain tissues. While its role in lipid metabolism remains to be
investigated, this finding suggests a potential novel link between
neuronal function and metabolic regulation.

SLC2A9, linked to TG changes in our sample, encodes glucose
transporter 9 (GLUT9), a protein involved in reabsorbing or
excreting urate and glucose in kidney proximal tubules. This gene
has been strongly associated with uric acid levels and gout in
numerous studies [83-86]. Studies have revealed a significant
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Gout(0.92), urate measurement(0.91), BMI(0.83), drug use measurement(0.76), neuroimaging measurment(0.76)

Neurofibrillary tangles measurement(0.47), BMI(0.46), LDL measurement(0.46), TC measurement(0.45)

Erythrocyte count(0.46), BMI(0.34), neurodegenerative disease(0.28)
TG measurement(0.82), HDL measurement(0.67), LDL measurement(0.67), metabolic syndrome(0.59)

Associated diseases (association scores: 0-1) from the Open Target Platform®
Body fat percentage(0.82), HDL measurement(0.79), TG measurement(0.74)

TG measurement(0.77), HDL measurement(0.71)

Significant gene associations with SGA-induced changes in lipid levels and BMI identified in MAGMA gene-level analyses (p < 2.73x 105"
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(1) The total number of genes involved in the MAGMA gene-level analysis is 18 288.

0.05/18288).

(2) The significant p-value threshold after Bonferroni correction for multiple testing is 2.73 x 107° (

(3) Associated disease scores were extracted from the genetic association column in the Open Target Platform.

K.C.-Y. Wong et al.

positive association between TG and urate levels [87-89], and a
recent GWAS from Qatar revealed the association of SLC2A9 with
LDL levels [90].

We caution that these top five SNPs did not achieve GW
significance after Bonferroni correction. However, these prelimin-
ary findings may indicate potential targets for future investigation
on the biological mechanisms of antipsychotic-induced metabolic
effects and may inform personalised prescription strategies.

Our primary analyses under an additive model identified eight
additional SNPs with suggestive evidence (FDR < 0.2), located in or
near APOE, MBL2, MZT1, LOC105373454, CDCA7, DDX1, CD34, and
SIPATL2 (Supplementary Table S4). Many of these genes are
associated with lipid levels, diabetes, CVD, urate levels, or other
metabolic measurements based on data from the Open Target
Platform [37]. Similar evidence was found for 17 suggestive SNPs
(FDR < 0.2) identified in our additional analyses using non-additive
genetic models (Supplementary Table S6).

MAGMA gene-level analyses identified six GW-significant genes
associated with SGA-induced lipid/BMI changes (Table 4). Notably,
ABCG2 was identified via both GWAS and MAGMA analyses,
providing further support for its potential role in olanzapine-
induced LDL changes. In analyses of patients taking any of the
seven SGAs, we identified two genes, APOA5 and ZPR1, which are
significantly associated with SGA-induced TG changes. These
findings are consistent with previous research. APOA5 encodes
apolipoprotein A5 (apoA5), a protein that regulates plasma TG
levels through enhancing the catabolism of TG-rich lipoproteins
and inhibiting very-low-density lipoprotein (VLDL) production [91].
This gene has been strongly associated with TG, HDL, LDL and
metabolic syndrome [92-94]. ZPR1, located near the apolipopro-
tein gene cluster APOA1/C3/A4/A5, encodes a regulatory protein
that binds various transcription factors and interacts with APOAS
[95]. Similar to APOA5, ZPR1 regulates TC, HDL and TG levels and
has been associated with hypertriglyceridemia, metabolic syn-
drome and type 2 diabetes mellitus [91, 96-98]. APOA5 and ZPR1
may represent shared genetic mechanisms underlying metabolic
side effects across different SGAs.

Our study has several limitations. First, only seven SGAs were
included, although these are probably among the most commonly
prescribed. Future research should aim to expand the scope to
include a broader range of SGAs. Second, while our sample sizes
are relatively large compared to similar GWASs [13-16, 99] (and
among the largest for GWAS on SGA-induced metabolic side-
effects over a medium to long term), power analysis indicated that
our GWAS models may be underpowered to achieve the stringent
Bonferroni-corrected GW-significance p-value threshold of
3.125x107'°, particularly for analyses involving specific SGAs
with smaller sample sizes. Therefore, caution should be exercised
when extrapolating conclusions from these analyses. A larger
cohort in future studies would enhance the statistical power and
robustness of our findings. Third, potential residual confounding
may affect the estimation of the metabolic side effects of SGAs,
which may in turn affect the estimation of the genetic influence
on these side effects. Although we have applied sophisticated
methods and controlled for concomitant and multiple SGA
medications, there may be unmeasured confounders that could
impact our results. In addition, our methods cannot account for
historical treatment effects of SGAs which have been prescribed to
patients before recruitment. However, our longitudinal design,
which involves a relatively long follow-up period, may be less
affected by the effects of prior medications compared to short-
term studies. The effects of prior drugs are possibly ‘diluted’ over a
long follow-up. Finally, lifestyle factors such as diet, exercise,
alcohol consumption and tobacco smoking were not measured
and may be included in future studies.

Despite these limitations, our study provides valuable insights
into the pharmacogenetics of SGA-induced metabolic changes in
a Chinese SCZ cohort. The identified genetic markers not only
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Serum urate level§ in'chronic kidney disease

Aspartate aminotransferase measurement
Urate levels in lean individuals

Renal underexcretion gout SLC2A9 KIRREL3

Uric acid levels

Renal overload gout Autosomal dominant inheritance (HP:0000006)

Fig. 1

SORCS1

organic substance transport (GO:0071702) Hypoalphalipoproteinemia (HP:0003233)

Hyperlipoproteinemia (HP:0010980)

APOAS5

Hypobetalipoproteinemia (HP:0003563)

regulation of intestinal lipid absorption (GO:1904729)

positive regulation of biosynthetic process (G0O:0009891)

PLCG2
MAST2

Gene

GWAS Catalog

regulation of interleukin-12 production (GO:0032655)
GO Biological
Process
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Subnetwork of top genes linked to enriched terms. This subnetwork illustrates the top five enriched terms (FDRs < 0.05) for each

library, connected to the 11 genes highly associated with the SGA-induced metabolic side effects, as identified through the GWAS and gene-

level MAGMA analyses.

enhance our understanding of the biological mechanisms under-
lying these metabolic changes but also hold promise for
developing more tailored and safer treatment strategies for
individuals with SCZ. However, further studies and replication are
needed before these genetic findings can be applied in clinical
practice.

DATA AVAILABILITY

The data that support the findings of this study are available upon request from the
corresponding authors, Hon-Cheong So and Simon Sai-Yu Lui. The data is not
publicly available because it contains information that could compromise the privacy
of research participants. The software and tools used in this study are listed in
Supplementary Text 4.

REFERENCES

1. Radoj¢i¢ MR, Pierce M, Hope H, Senior M, Taxiarchi VP, Trefan L, et al. Trends in
antipsychotic prescribing to children and adolescents in England: cohort study
using 2000-19 primary care data. Lancet Psychiatry. 2023;10:119-28.

2. Correll CU, Solmi M, Veronese N, Bortolato B, Rosson S, Santonastaso P, et al.
Prevalence, incidence and mortality from cardiovascular disease in patients with
pooled and specific severe mental illness: a large-scale meta-analysis of 3211,768
patients and 113,383,368 controls. World Psychiatry. 2017;16:163-80.

3. Papanastasiou E. The prevalence and mechanisms of metabolic syndrome in
schizophrenia: a review. Ther Adv Psychopharmacol. 2013;3:33-51.

4. Wong KC-Y, Leung PB-M, Lee BK-W, Sham P-C, Lui SS-Y, So H-C. Long-term
metabolic side effects of second-generation antipsychotics in Chinese patients
with schizophrenia: a within-subject approach with modelling of dosage effects.
Asian J Psychiatry. 2024;100:104172.

5. Gebhardt S, Theisen F, Haberhausen M, Heinzel-Gutenbrunner M, Wehmeier P,
Krieg JC, et al. Body weight gain induced by atypical antipsychotics: an extension
of the monocygotic twin and sib pair study. J Clin Pharm Ther. 2010;35:207-11.

6. Ryu S, Cho EY, Park T, Oh S, Jang W-S, Kim S-K, et al. — 759 C/T polymorphism of
5-HT2C receptor gene and early phase weight gain associated with antipsychotic
drug treatment. Prog Neuro-Psychopharmacol Biol Psychiatry. 2007;31:673-7.

7. Balt S, Galloway G, Baggott M, Schwartz Z, Mendelson J. Mechanisms and
genetics of antipsychotic-associated weight gain. Clin Pharmacol Ther.
2011;90:179-83.

SPRINGER NATURE

. van der Weide K, van der Weide J. The influence of the CYP3A4* 22 poly-

morphism and CYP2D6 polymorphisms on serum concentrations of aripiprazole,
haloperidol, pimozide, and risperidone in psychiatric patients. J Clin Psycho-
pharmacol. 2015;35:228-36.

. Yu H, Yan H, Wang L, Li J, Tan L, Deng W, et al. Five novel loci associated with

antipsychotic treatment response in patients with schizophrenia: a genome-wide
association study. Lancet Psychiatry. 2018;5:327-38.

. Li Q, Wineinger NE, Fu D-J, Libiger O, Alphs L, Savitz A, et al. Genome-wide

association study of paliperidone efficacy. Pharmacogenetics Genomics.
2017;27:7-18.

. Li J, Yoshikawa A, Brennan MD, Ramsey TL, Meltzer HY. Genetic predictors of

antipsychotic response to lurasidone identified in a genome wide association
study and by schizophrenia risk genes. Schizophr Res. 2018;192:194-204.

. Adkins DE, Aberg K, McClay JL, Bukszar J, Zhao Z, Jia P, et al. Genomewide

pharmacogenomic study of metabolic side effects to antipsychotic drugs. Mol
Psychiatry. 2011;16:321-32.

. YuH, Wang L, Lv L, Ma C, Du B, Lu T, et al. Genome-Wide Association Study

suggested the PTPRD polymorphisms were associated with weight gain effects of
atypical antipsychotic medications. Schizophr Bull. 2015;42:814-23.

. Sjaarda J, Delacrétaz A, Dubath C, Laaboub N, Piras M, Grosu C, et al. Identifi-

cation of four novel loci associated with psychotropic drug-induced weight gain
in a Swiss psychiatric longitudinal study: a GWAS analysis. Mol Psychiatry.
2023;28:2320-7.

. ter Hark SE, Jamain S, Schijven D, Lin BD, Bakker MK, Boland-Auge A, et al. A new

genetic locus for antipsychotic-induced weight gain: a genome-wide study of
first-episode psychosis patients using amisulpride (from the OPTiMiSE cohort). J
Psychopharmacol. 2020;34:524-31.

. Liao Y, Yu H, Zhang Y, Lu Z, Sun Y, Guo L, et al. Genome-wide association study

implicates lipid pathway dysfunction in antipsychotic-induced weight gain: multi-
ancestry validation. Mol Psychiatry. 2024;29:1857-68.

. Brandl E, Tiwari A, Zai C, Nurmi E, Chowdhury N, Arenovich T, et al. Genome-wide

association study on antipsychotic-induced weight gain in the CATIE sample.
Pharmacogenomics J. 2016;16:352-6.

. Malhotra AK, Correll CU, Chowdhury NI, Miiller DJ, Gregersen PK, Lee AT, et al.

Association between common variants near the melanocortin 4 receptor gene
and severe antipsychotic drug-induced weight gain. Arch Gen Psychiatry.
2012;69:904-12.

. Li L, Huang P, Sun X, Wang S, Xu M, Liu S, et al. The ChinaMAP reference panel for

the accurate genotype Cell Res.

2021;31:1308-10.

imputation in Chinese populations.

Translational Psychiatry (2025)15:295



20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Lui SS, Sham P, Chan RC, Cheung EF. A family study of endophenotypes for
psychosis within an early intervention programme in Hong Kong: rationale and
preliminary findings. Chin Sci Bull. 2011;56:3394-7.

Das S, Forer L, Schonherr S, Sidore C, Locke AE, Kwong A, et al. Next-generation
genotype imputation service and methods. Nat Genet. 2016;48:1284-7.

Loh P-R, Danecek P, Palamara PF, Fuchsberger C, A Reshef Y, K Finucane H, et al.
Reference-based phasing using the Haplotype Reference Consortium panel. Nat
Genet. 2016;48:1443-8.

VandenBerg AM. An update on recently approved long-acting injectable second-
generation antipsychotics: knowns and unknowns regarding their use. Ment
Health Clin. 2022;12:270-81.

Chévez-Castillo M, Ortega A, Nava M, Fuenmayor J, Lameda V, Velasco M, et al.
Metabolic risk in depression and treatment with selective serotonin reuptake
inhibitors: are the metabolic syndrome and an increase in cardiovascular risk
unavoidable. Vessel Plus. 2018;2:2574-1209.

Fiorentino N, Soddu A, Solomita B, Rosato G, Franza F, Tavormina G. Metabolic
alterations and drug interactions: the role of the association between anti-
psychotics/mood  stabilizers and cognitive deficits. Psychiatr  Danub.
2022;34(Suppl 8):100-4.

Pardifas AF, Nalmpanti M, Pocklington AJ, Legge SE, Medway C, King A, et al.
Pharmacogenomic variants and drug interactions identified through the genetic
analysis of clozapine metabolism. Am J Psychiatry. 2019;176:477-86.

Smith RL, O’Connell K, Athanasiu L, Djurovic S, Kringen MK, Andreassen OA, et al.
Identification of a novel polymorphism associated with reduced clozapine con-
centration in schizophrenia patients—a genome-wide association study adjust-
ing for smoking habits. Trans| Psychiatry. 2020;10:198.

Allen E, Knopp K, Rhoades G, Stanley S, Markman H. Between- and within-subject
associations of PTSD symptom clusters and marital functioning in military cou-
ples. J Family Psychol. 2018;32:134-44.

Schirmbeck F, Konijn M, Hoetjes V, Vermeulen J, Zink M, Dekker J, et al. Stressful
experiences affect the course of co-occurring obsessive-compulsive and psy-
chotic symptoms: a focus on within-subject processes. Schizophr Res.
2020;216:69-76.

Schirmbeck F, Konijn M, Hoetjes V, Zink M, de Haan L, For Genetic R, et al.
Obsessive-compulsive symptoms in psychotic disorders: longitudinal associa-
tions of symptom clusters on between- and within-subject levels. Eur Arch Psy-
chiatry Clin Neurosci. 2019;269:245-55.

Hamaker EL Why researchers should think “within-person”: a paradigmatic
rationale. Handbook of research methods for studying daily life. New York, NY,
US: The Guilford Press; 2012, pp. 43-61.

McCaw ZR, Lane JM, Saxena R, Redline S, Lin X. Operating characteristics of the
rank-based inverse normal transformation for quantitative trait analysis in
genome-wide association studies. Biometrics. 2020;76:1262-72.

Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, Bender D, et al. PLINK: a
tool set for whole-genome association and population-based linkage analyses.
Am J Hum Genet. 2007;81:559-75.

Guindo-Martinez M, Amela R, Bonas-Guarch S, Puiggros M, Salvoro C, Miguel-
Escalada |, et al. The impact of non-additive genetic associations on age-related
complex diseases. Nat Commun. 2021;12:2436.

de Leeuw CA, Mooij JM, Heskes T, Posthuma D. MAGMA: generalized gene-set
analysis of GWAS data. PLoS Comput Biol. 2015;11:21004219.

McLaren W, Gil L, Hunt SE, Riat HS, Ritchie GR, Thormann A, et al. The ensembl
variant effect predictor. Genome Biol. 2016;17:1-14.

Ochoa D, Hercules A, Carmona M, Suveges D, Baker J, Malangone C, et al. The
next-generation open targets platform: reimagined, redesigned, rebuilt. Nucleic
Acids Res. 2023;51:D1353-D1359.

Sollis E, Mosaku A, Abid A, Buniello A, Cerezo M, Gil L, et al. The NHGRI-EBI GWAS
Catalog: knowledgebase and deposition resource. Nucleic Acids Res.
2023;51:D977-D985.

Evangelista JE, Xie Z, Marino GB, Nguyen N, Clarke DJ, Ma'ayan A. Enrichr-KG:
bridging enrichment analysis across multiple libraries. Nucleic Acids Res.
2023;51:W168-W179.

Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene
ontology: tool for the unification of biology. Nat Genet. 2000;25:25-29.

Pifiero J, Ramirez-Anguita JM, Salich-Pitarch J, Ronzano F, Centeno E, Sanz F, et al.
The DisGeNET knowledge platform for disease genomics: 2019 update. Nucleic
Acids Res. 2020;48:D845-D855.

Gargano MA, Matentzoglu N, Coleman B, Addo-Lartey EB, Anagnostopoulos AV,
Anderton J, et al. The human phenotype ontology in 2024: phenotypes around
the world. Nucleic Acids Res. 2024;52:d1333-d1346.

Wang G, Sarkar A, Carbonetto P, Stephens M. A simple new approach to variable
selection in regression, with application to genetic fine mapping. J R Stat Soc Ser
B: Stat Methodol. 2020;82:1273-1300.

Translational Psychiatry (2025)15:295

K.C.-Y. Wong et al.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Glickman ME, Rao SR, Schultz MR. False discovery rate control is a recommended
alternative to Bonferroni-type adjustments in health studies. J Clin Epidemiol.
2014;67:850-7.

Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and
powerful approach to multiple testing. J R Stat Soc Ser B. 1995;57:289-300.
Fernando R, Nettleton D, Southey B, Dekkers J, Rothschild M, Soller M. Controlling
the proportion of false positives in multiple dependent tests. Genetics.
2004;166:611-9.

Efron B. Simultaneous inference: When should hypothesis testing problems be
combined? Ann Appl Stat. 2008;2:197-223.

Katzmarzyk PT, Janssen |, Ross R, Church TS, Blair SN. The importance of waist
circumference in the definition of metabolic syndrome: prospective analyses of
mortality in men. Diabetes Care. 2006;29:404-9.

So H-C, Xue X, Ma Z, Sham P-C. SumVg: total heritability explained by all variants
in genome-wide association studies based on summary statistics with standard
error estimates. Int J Mol Sci. 2024;25:1347.

Purcell S, Cherny SS, Sham PC. Genetic power calculator: design of linkage and
association genetic mapping studies of complex traits. Bioinformatics.
2003;19:149-50.

Liu P, Hwang JG. Quick calculation for sample size while controlling false discovery
rate with application to microarray analysis. Bioinformatics. 2007;23:739-46.
Quillen EE, Chen XD, Almasy L, Yang F, He H, Li X, et al. ALDH2 is associated to
alcohol dependence and is the major genetic determinant of “daily maximum
drinks” in a GWAS study of an isolated rural Chinese sample. Am J Med Genet B
Neuropsychiatr Genet. 2014;165:103-10.

Cai N, Revez JA, Adams MJ, Andlauer TF, Breen G, Byrne EM, et al. Minimal
phenotyping yields genome-wide association signals of low specificity for major
depression. Nat Genet. 2020;52:437-47.

Comuzzie AG, Cole SA, Laston SL, Voruganti VS, Haack K, Gibbs RA, et al. Novel
genetic loci identified for the pathophysiology of childhood obesity in the His-
panic population. PLoS One. 2012;7:e51954.

Tian R, Abarientos A, Hong J, Hashemi SH, Yan R, Drager N, et al. Genome-wide
CRISPRi/a screens in human neurons link lysosomal failure to ferroptosis. Nat
Neurosci. 2021;24:1020-34.

Leng K, Rose IV, Kim H, Xia W, Romero-Fernandez W, Rooney B, et al. CRISPRi
screens in human iPSC-derived astrocytes elucidate regulators of distinct
inflammatory reactive states. Nat Neurosci. 2022;25:1528-42.

Zhu Z, Guo Y, Shi H, Liu C-L, Panganiban RA, Chung W, et al. Shared genetic and
experimental links between obesity-related traits and asthma subtypes in UK
Biobank. J Allergy Clin Immunol. 2020;145:537-49.

Ligthart S, Vaez A, Hsu Y-H, Consortium IWGotC, PMI-WG-XCP, Study LC. et al.
Bivariate genome-wide association study identifies novel pleiotropic loci for
lipids and inflammation. BMC Genomics. 2016;17:1-10.

Sakaue S, Kanai M, Tanigawa Y, Karjalainen J, Kurki M, Koshiba S, et al. A cross-
population atlas of genetic associations for 220 human phenotypes. Nat Genet.
2021;53:1415-24.

Martin S, Cule M, Basty N, Tyrrell J, Beaumont RN, Wood AR, et al. Genetic
evidence for different adiposity phenotypes and their opposing influences on
ectopic fat and risk of cardiometabolic disease. Diabetes. 2021;70:1843-56.
Scimeé A, Rudnicki MA. Anabolic potential and regulation of the skeletal muscle
satellite cell populations. Curr Opin Clin Nutr Metab Care. 2006;9:214-9.

Meyer JM, Rosenblatt LC, Kim E, Baker RA, Whitehead R. The moderating impact
of ethnicity on metabolic outcomes during treatment with olanzapine and ari-
piprazole in patients with schizophrenia. J Clin Psychiatry. 2009;70:318.

Ader M, Garvey WT, Phillips LS, Nemeroff CB, Gharabawi G, Mahmoud R, et al.
Ethnic heterogeneity in glucoregulatory function during treatment with atypical
antipsychotics in patients with schizophrenia. J Psychiatr Res. 2008;42:1076-85.
Yang S, Yu B, Yu W, Dai S, Feng C, Shao Y, et al. Development and validation of an
age-sex-ethnicity-specific metabolic syndrome score in the Chinese adults. Nat
Commun. 2023;14:6988.

Heymsfield SB, Peterson CM, Thomas DM, Heo M, Schuna JrJ. Why are there race/
ethnic differences in adult body mass index-adiposity relationships? A quanti-
tative critical review. Obes Rev. 2016;17:262-75.

Twisk JWR, de Vente W. Hybrid models were found to be very elegant to dis-
entangle longitudinal within- and between-subject relationships. J Clin Epide-
miol. 2019;107:66-70.

Nasyrova RF, Shnayder NA, Osipova SM, Khasanova AK, Efremov IS, Al-Zamil M,
et al. Genetic predictors of antipsychotic efflux impairment via blood-brain bar-
rier: role of transport proteins. Genes. 2023;14:1085.

Bohn K, Lange A, Chmielewski J, Hrycyna CA. Dual modulation of human
P-glycoprotein and ABCG2 with prodrug dimers of the atypical antipsychotic
agent paliperidone in a model of the blood-brain barrier. Mol Pharmaceutics.
2017;14:1107-19.

SPRINGER NATURE



K.C-Y. Wong et al.

10

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Chasman DI, Giulianini F, MacFadyen J, Barratt BJ, Nyberg F, Ridker PM. Genetic
determinants of statin-induced low-density lipoprotein cholesterol reduction: the
Justification for the use of Statins in prevention: an Intervention Trial Evaluating
Rosuvastatin (JUPITER) trial. Circ Cardiovasc Genet. 2012;5:257-64.

Alrajeh K, Roman YM. The frequency of rs2231142 in ABCG2 among Asian sub-
groups: implications for personalized rosuvastatin dosing. Pharmacogenomics.
2023;24:15-26.

Zhang Y, lwasaki H, Wang H, Kudo T, Kalka TB, Hennet T, et al. Cloning and
characterization of a new human UDP-N-Acetyl-a-d-galactosamine: Poly-
peptiden-Acetylgalactosaminyltransferase, designated pp-GalNAc-T13, that is
specifically expressed in neurons and synthesizes GalNAc a-Serine/Threonine
antigen. J Biol Chem. 2003;278:573-84.

Clee SM, Yandell BS, Schueler KM, Rabaglia ME, Richards OC, Raines SM, et al.
Positional cloning of Sorcs1, a type 2 diabetes quantitative trait locus. Nat Genet.
2006;38:688-93.

Goodarzi MO, Lehman DM, Taylor KD, Guo X, Cui J, Quinones MJ, et al. SORCS1: a
novel human type 2 diabetes susceptibility gene suggested by the mouse. Dia-
betes. 2007;56:1922-9.

Florez JC, Manning AK, Dupuis J, McAteer J, Irenze K, Gianniny L, et al. A 100K
genome-wide association scan for diabetes and related traits in the Framingham
Heart Study: replication and integration with other genome-wide datasets. Dia-
betes. 2007;56:3063-74.

Lin SX, Berlin I, Younge R, Jin Z, Sibley CT, Schreiner P, et al. Does elevated plasma
triglyceride level independently predict impaired fasting glucose? The Multi-
Ethnic Study of Atherosclerosis (MESA). Diabetes Care. 2013;36:342-7.

Beshara A, Cohen E, Goldberg E, Lilos P, Garty M, Krause . Triglyceride levels and
risk of type 2 diabetes mellitus: a longitudinal large study. J Investig Med.
2016;64:383-7.

Dotevall A, Johansson S, Wilhelmsen L, Rosengren A. Increased levels of trigly-
cerides, BMI and blood pressure and low physical activity increase the risk of
diabetes in Swedish women. A prospective 18-year follow-up of the BEDA* study.
Diabet Med. 2004;21:615-22.

Subkhangulova A, Malik AR, Hermey G, Popp O, Dittmar G, Rathjen T, et al. SORCS
1 and SORCS 3 control energy balance and orexigenic peptide production. EMBO
Rep. 2018;19:e44810.

Le TT, Ziemba A, Urasaki Y, Hayes E, Brotman S, Pizzorno G. Disruption of uridine
homeostasis links liver pyrimidine metabolism to lipid accumulation. J Lipid Res.
2013;54:1044-57.

Le TT, Urasaki Y, Pizzorno G. Uridine prevents fenofibrate-induced fatty liver. PLoS
One. 2014;9:e87179.

Urasaki Y, Pizzorno G, Le TT. Chronic uridine administration induces fatty liver and
pre-diabetic conditions in mice. PLoS One. 2016;11:¢0146994.

Zhang Y, Repa JJ, Inoue Y, Hayhurst GP, Gonzalez FJ, Mangelsdorf DJ. Identifi-
cation of a liver-specific uridine phosphorylase that is regulated by multiple lipid-
sensing nuclear receptors. Mol Endocrinol. 2004;18:851-62.

Déring A, Gieger C, Mehta D, Gohlke H, Prokisch H, Coassin S, et al. SLC2A9
influences uric acid concentrations with pronounced sex-specific effects. Nat
Genet. 2008;40:430-6.

Wallace C, Newhouse SJ, Braund P, Zhang F, Tobin M, Falchi M, et al. Genome-
wide association study identifies genes for biomarkers of cardiovascular disease:
serum urate and dyslipidemia. Am J Hum Genet. 2008;82:139-49.

Tin A, Marten J, Halperin Kuhns VL, Li Y, Wuttke M, Kirsten H, et al. Target genes,
variants, tissues and transcriptional pathways influencing human serum urate
levels. Nat Genet. 2019;51:1459-74.

Vitart V, Rudan |, Hayward C, Gray NK, Floyd J, Palmer CN, et al. SLC2A9 is a newly
identified urate transporter influencing serum urate concentration, urate excre-
tion and gout. Nat Genet. 2008;40:437-42.

Zhang Y, Wei F, Chen C, Cai C, Zhang K, Sun N, et al. Higher triglyceride level
predicts hyperuricemia: a prospective study of 6-year follow-up. J Clin Lipidol.
2018;12:185-92.

Giacomello A, Di Sciascio N, Quaratino CP. Relation between serum triglyceride
level, serum urate concentration, and fractional urate excretion. Metabolism.
1997;46:1085-9.

Zheng R, Ren P, Chen Q, Yang T, Chen C, Mao Y. Serum uric acid levels and risk of
incident hypertriglyceridemia: a longitudinal population-based epidemiological
study. Ann Clin Lab Sci. 2017;47:586-91.

Umlai U-KI, Toor SM, Al-Sarraj YA, Mohammed S, Al Hail MS, Ullah E et al. Iden-
tification of a novel SLC2A9 gene association with LDL-C levels and evaluation of
polygenic scores in a Multi-Ancestry Genome Wide Association Study. medRxiv:
2024.2007.2004.24309936.  [Preprint].  2024.  Available  from:  https://
www.medrxiv.org/content/10.1101/2024.07.04.24309936v1.

Garelnabi M, Lor K, Jin J, Chai F, Santanam N. The paradox of ApoA5 modulation
of triglycerides: evidence from clinical and basic research. Clin Biochem.
2013;46:12-19.

SPRINGER NATURE

92. Pennacchio LA, Rubin EM. Apolipoprotein A5, a newly identified gene that affects
plasma triglyceride levels in humans and mice. Arterioscler Thromb Vasc Biol.
2003;23:529-34.

93. Martin S, Nicaud V, Humphries SE, Talmud PJ. Contribution of APOA5 gene var-
iants to plasma triglyceride determination and to the response to both fat and
glucose tolerance challenges. Biochimi Biophys Acta Mol Basis Dis.
2003;1637:217-25.

94. Park YJ, Moon S, Choi J, Kim J, Kim H-J, Son H-Y, et al. Genome-wide association
study for metabolic syndrome reveals APOA5 single nucleotide polymorphisms
with multilayered effects in Koreans. Lipids Health Dis. 2024;23:272.

95. Ueyama C, Horibe H, Yamase Y, Fujimaki T, Oguri M, Kato K, et al. Association of
FURIN and ZPR1 polymorphisms with metabolic syndrome. Biomed Rep.
2015;3:641-7.

96. Paquette M, Fantino M, Bernard S, Baass A. The ZPR1 genotype predicts myo-
cardial infarction in patients with familial hypercholesterolemia. J Clin Lipidol.
2020;14:660-6.

97. Guan F, Niu Y, Zhang T, Liu S, Ma L, Qi T, et al. Two-stage association study to
identify the genetic susceptibility of a novel common variant of rs2075290 in
ZPR1 to type 2 diabetes. Sci Rep. 2016;6:29586.

98. Esteve-Luque V, Padré-Miquel A, Fanlo-Maresma M, Corbella E, Corbella X, Pintd
X, et al. Implication between genetic variants from APOA5 and ZPR1 and NAFLD
severity in patients with hypertriglyceridemia. Nutrients. 2021;13:552.

99. Zhang J-P, Lencz T, Zhang RX, Nitta M, Maayan L, John M, et al. Pharmacogenetic
associations of antipsychotic drug-related weight gain: a systematic review and
meta-analysis. Schizophr Bull. 2016;42:1418-37.

ACKNOWLEDGEMENTS

We thank all collaborators who were involved in patient recruitment and preparation
of data, including Ms Hera Yeung, Ms Kirby Tsang, Dr Wong Ting Yat, Dr Karen Ho, Dr
Karen Hung, Dr Eric Cheung and Dr KM Cheng. The authors made use of Claude to
edit this article for grammatical accuracy, and the original draft was written by the
authors without the help of Claude. Claude 3.5 Sonnet was accessed from https://
claude.ai and used without modification in June 2024. This work was partially
supported by the Health and Medical Research Fund (HCS, grant number 06170506).
The views expressed are those of the authors and not necessarily those of the Health
Bureau of HKSAR. This work was also partially supported by the Young Collaborative
Research Grant (C4003-23Y), the KIZ-CUHK Joint Laboratory of Bioresources and
Molecular Research of Common Diseases, the Hong Kong Branch of the Chinese
Academy of Sciences Center for Excellence in Animal Evolution and Genetics, the Lo-
Kwee Seong Biomedical Research Fund from CUHK, and a National Natural Science
Foundation of China grant (HCS, grant number 81971706); the HKU Seed Fund for
Basic Research for New Staff (SSYL, grant number 202009185071); the HKU Enhanced
Start-up Fund for New Staff (SSYL); Suen Chi-Sun Endowed Professorship in Clinical
Science at The University of Hong Kong (PCS).

AUTHOR CONTRIBUTIONS

HCS, SSYL, PCS conceptualized, designed and supervised the study. PBML and BKWL
acquired and curated the data. KCYW, ZZYZ, EMWT, MHL, KWKL and STR conducted
the GWAS and statistical analyses. KCYW and HCS developed the statistical methods
for analysis. KCYW, HCS and SSYL drafted the manuscript. All authors reviewed the
manuscript. KCYW takes responsibility for the integrity of the data and the accuracy
of the data analysis.

COMPETING INTERESTS

The authors declare no competing interests.

ADDITIONAL INFORMATION

Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41398-025-03499-w.

Correspondence and requests for materials should be addressed to
Pak-Chung Sham, Simon Sai-Yu Lui or Hon-Cheong So.

Reprints and permission information is available at http://www.nature.com/
reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

Translational Psychiatry (2025)15:295


https://www.medrxiv.org/content/10.1101/2024.07.04.24309936v1
https://www.medrxiv.org/content/10.1101/2024.07.04.24309936v1
https://claude.ai
https://claude.ai
https://doi.org/10.1038/s41398-025-03499-w
http://www.nature.com/reprints
http://www.nature.com/reprints

Open Access This article is licensed under a Creative Commons

BY Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

Translational Psychiatry (2025)15:295

K.C.-Y. Wong et al.

SPRINGER NATURE

11


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Pharmacogenetic study of antipsychotic–induced lipid and BMI changes in Chinese schizophrenia patients: A Genome-Wide Association Study
	Introduction
	Materials and methods
	Study population and data collection
	Genotyping and imputation
	Data preprocessing and variable selection
	Random-effect estimation for SGA-induced lipid/BMI changes
	Genome-wide association study (GWAS) analysis
	MAGMA analyses
	Post-GWAS annotation
	Fine-mapping with the SuSiE model
	Multiple testing correction
	Power analysis
	Ethical standards and consent to participate

	Results
	Sample characteristics
	GWAS results
	Primary analyses: Additive genetic model
	Additional analyses with non-additive models
	Suggestive associations with FDR&#x02009;&#x0003C;&#x02009;0.2
	Fine-mapping results

	MAGMA analysis results
	Gene-level analysis
	Gene set analysis


	Discussion
	References
	Acknowledgements
	Author contributions
	Competing interests
	ADDITIONAL INFORMATION




