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Abstract

Background: Previous observational and Mendelian randomization studies suggested that the increase in
serum uric acid causes adiposity, not vice versa. However, most findings came from data on European
ancestry. Among East Asian populations, both directions in the causal relationship between adiposity and
uric acid have been suggested by observational studies and a few MR studies. In this study, we tested the
hypothesis of the causal effect of body mass index (BMI) on serum uric acid in East Asian populations.

Methods: Summary statistics from two large, publicly available biobanks from South Korea (72,299
participants in the Korean Genome and Epidemiology Study) and Japan (158,284 participants in the
Biobank Japan) were utilized to conduct a two-sample Mendelian randomization study.

Results: We found that genetically determined BMI has a positive causal effect on serum uric acid in
various Mendelian randomization methods (inverse-variance weighted: B [95% CI] = 0.029 [-0.006, 0.065];
simple mode: a [95% CI] = 0.053 [0.009, 0.097]); weighted mode: ¢ [95% CI] = 0.036 [0.005, 0.067]);
weighted median: k [95% CI] = 0.042 [0.019, 0.065]). Multiple robustness checks such as a funnel plot,
leave-one-out analyses, and an MR-Egger regression did not suggest directional horizontal pleiotropy.

Conclusions: Genetically determined BMI increases serum uric acid in East Asian populations. Our
findings from the South Korean and Japanese populations are consistent with previous observations in
the European population.

1. Introduction

Uric acid, a normal component of urine, is a byproduct of the metabolic breakdown of purine nucleotides.
Sustained elevation of uric acid in blood, or hyperuricemia, may occur due to excess production of uric
acid due to increased levels of purine production or high cell turnover rate, and decreased excretion of uric
acid due to metabolic acidosis or renal insufficiency (George & Minter, 2021). Hyperuricemia can lead to
deposition of monosodium urate crystals in joints, tendons, and other tissues, which triggers recurrent
episodes of pronounced acute inflammation, known as gout flares (Dalbeth et al., 2018; Kapetanovic et
al,, 2018).

The prevalence of hyperuricemia and gout has recently increased worldwide, especially in high-income
countries such as United States and Ireland (Dehlin et al., 2020; L. Li et al., 2020) and East Asian
countries such as China, South Korea, and Japan (Chen et al., 2017; Kim et al., 2018; Ogura et al., 2004).
Incidence of gout has also been increasing in various geographic regions such as North America,
Scandinavia, and South Korea (Dehlin et al., 2020).

As hyperuricemia and gout are often accompanied by a range of cardiovascular diseases and conditions,
a number of observational studies and mendelian randomization (MR) studies has been conducted to
investigate the direction of the causal relationships between serum uric acid level and adiposity-related or
cardiometabolic measures or conditions such as body mass index (BMI) and coronary heart diseases (X.
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Li et al., 2017). The MR studies collectively suggested that the effect estimates in the observational
studies were confounded and that the uric acid does not cause adiposity and related health outcomes
(Keenan et al., 2016; Lyngdoh et al., 2012; Oikonen et al., 2012; Rasheed et al., 2021; Sanderson et al.,
2022; White et al., 2016). Instead, the causal effect of BMI on uric acid has been confirmed in multiple MR
studies (Adams & Boutwell, 2021; Larsson et al., 2018; Lyngdoh et al., 2012; Oikonen et al., 2012; Palmer
etal., 2013).

A MR study design is based on the assumption that allocation of alleles at a single locus occurs at
random during gamete formation (Sanderson et al., 2022; Smith & Ebrahim, 2003). Under such an
assumption, the distribution of a certain genetic variant is random respect to confounders of the
relationship between an exposure and an outcome, and the genetic variant can be used as an
instrumental variable (1V) in causal effect estimation. Compared to other observational study designs,
results from a MR study may be at a lower risk of residual confounding and reverse causation, making it
a powerful approach to assess a causal effect of complex exposure such as BMI. However, most of the
previous MR studies for the relationship between BMI and uric acid were based on data sources of
European ancestry. Among East Asian populations, both directions (i.e., uric acid to adiposity or adiposity
to uric acid) in the causal relationship between adiposity and uric acid have been suggested by
observational studies (Kuwabara et al., 2018; D. mei Liu et al., 2019; Y. R. Liu et al., 2021; Sakata et al.,
2020; Seki et al., 2020; Tanaka et al., 2015) and a few MR studies (Feng et al., 2022; Hong et al., 2020;
Jiang et al., 2020; L. Wang et al., 2020).

Therefore, in this study, a two-sample MR study was conducted to test the hypothesis of the causal effect
of BMI on uric acid in East Asian populations. Summary statistics from two large, publicly available
biobanks from South Korea and Japan were utilized.

2. Methods
2.1. Summary data

The biobanks from two East Asian samples, South Koreans and Japanese, were chosen as they do not
overlap and should share similarities in patterns of linkage disequilibrium, meaning that the associations
of the genetic variants with the exposure of interest or other variables on pleiotropic pathways are similar
in the two samples.

The genome-wide association study (GWAS) summary statistics from the Korean Genome Epidemiology
Study (KoGES) were utilized for the associations between genetic variants and BMI, which were only
utilized in our two-sample MR study. The KoGES is a consortium project that includes multiple
population-wide prospective cohorts in South Korea (Kim et al., 2017). Since 2003, the KoGES has
collected epidemiologic, clinical, and genomic information from a total of 225,396 individuals. The
genotype data used in this study were from three separate cohorts within the KoGES: the Ansan and
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Ansung study, the health examinee study, and the cardiovascular disease association study. Details of
the KoGES are described elsewhere (Kim et al., 2017).

The GWAS summary statistics from the Biobank Japan (BBJ) were utilized for the association between
genetic variants and BMI, and for the association between genetic variants and uric acid. The BBJ is a
publicly available biobank of 199,982 Japanese participants (Nagai et al., 2017). Initiated in 2003, the
BBJ constructed a large-scale, multi-institutional, hospital-based biobank. Through interviews and
medical record reviews, it collected DNA, serum, and clinical information from patients with any of 47
target diseases between 2003 and 2007 from 66 hospitals affiliated with 12 medical institutes in Japan.
Details of the BBJ are described elsewhere (Nagai et al., 2017).

2.2. Genetic variants as instrumental variables

Genotyping procedures for the KoGES (Han et al., 2021) and the BBJ (Nakatochi et al., 2019) are
described in detail elsewhere. Briefly, in the KoGES, 72,299 participants were genotyped using Affymetrix
or lllumina platforms. For the genotyping quality control procedures, samples with low call rate (< 0.90)
and single nucleotide polymorphisms (SNPs) with low call rate (< 0.95), low minor allele frequency (<
0.01), or failure to verify Hardy-Weinberg equilibrium (p < 1.0 x 10~ ®) were excluded. Variants were
imputed using the Korean Reference Genome initiated by Center of Genome Science (CGS) of Korea
National Institute of Health and the East Asian data from the 1000 Genomes Project Phase 3 (NCBI build
37) as the reference. The imputation process included quality checks for metrics such as strand flips,
allele flips, and missingness. Imputation was conducted using either ShapelT v2 (Delaneau et al., 2012)
or IMPUTE v2 (Marchini et al., 2007). Only SNPs with information content metric score larger than 0.6
were included.

For the BBJ, samples were genotyped on lllumina platforms. Samples with low call rates (< 0.98), non-
East Asian samples, or closely related samples identified by identity by state and SNPs with low call rate
(< 0.99), low minor allele frequency (< 0.01), or failure to verify Hardy-Weinberg equilibrium (p<1.0 x 1079)
were excluded. Variants were imputed with Minimac and the 1000 Genomes Project Phase 1 (version 3)
East Asian reference haplotypes.

Based on data-driven approaches, 26 genetic variants were selected for IVs in the KoGES for their
associations with BMI. For a multifactorial exposure such as BMI, such a polygenic approach is more
feasible rather than a biologically-driven approach, where a single variant, often a cis variant, is selected
(Holmes et al., 2021). The data-driven approaches to variant selection are as follows. First, only SNPs at
the genome-wide significance level (p < 5 X 10_8) were chosen. The threshold is commonly used in
GWAS to reduce type 1 error inflated by multiple testing (Belmont et al., 2005; P€'er et al., 2008). Second,
SNPs with the F’ statistic larger than 10, a conventional threshold for adequate strength for IVs, were
included. Third, using a clumping procedure in PLINK v1.9 (http://www.cog-genomics.org/plink/1.9/),
SNPs were combined at a pre-defined threshold of linkage disequilibrium (r2 < 0.001 in a 10-Mb
window).
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2.3. Ascertainment of body mass index and serum uric acid

At each baseline survey of the KoGES, body weight and height were measured to the nearest tenth
kilogram and centimeter. BMI was calculated as weight in kilograms divided by height in meters squared
(kg/m?). Information on serum uric acid in the BBJ was retrieved from medical records of routine
laboratory examination for 109,209 patients aged between 18 and 85 years (Nakatochi et al., 2019).
Patients with urate-lowering therapy (i.e., allopurinol, febuxostat, probenecid, or benzbromarone) or renal
insufficiency (<15 ml min™' 1.73 m™2) were excluded. Serum uric acid was adjusted for age, biological
sex, top ten principal components of genetic ancestry, and target disease status (present vs. absent) in a
linear regression. Resulting residuals were standardized a rank-based inverse-normal transformation
(Kanai et al., 2018).

2.4. Statistical analyses

An MR analytic approach is an IV method which uses genetic variants, or SNPs, as Vs for an independent
variable of interest, assuming genotypes are assigned randomly at conception, and mating is not
associated with genotype (Sanderson et al., 2022; Smith & Ebrahim, 2003). Paralleling a randomized
controlled trial, an MR study design enables causal hypothesis testing by addressing potential
confounding in observational data when the following three assumptions are met: 1) SNPs are
associated with an exposure (e.g., BMI) (i.e., relevance assumption), 2) SNPs affect an outcome (e.g., uric
acid) only through their effect on the exposure (i.e., exclusion restriction assumption), and 3) there are no
confounders for the association between SNPs and the outcome (i.e., independence assumption).

The fixed-effect inverse variance weighted (IVW) method, in which the gene-outcome association is
regressed on the gene-exposure association, was used as a primary MR analysis (Burgess et al., 2013).
The IVW method is valid and statistically efficient under the assumption that all SNPs included are valid
IVs. Several sensitivity analyses were also performed. First, a Cochran’s Q statistic was calculated to
investigate the presence of between-SNP heterogeneity in the causal effect estimates (Greco M et al.,
2015). Second, a funnel plot was produced to visually compare the potential directional horizontal
pleiotropy for the selected SNPs (Burgess et al., 2017; Sterne et al., 2011). Third, SNPs were excluded one
by one, and the IVW was performed on the remaining SNPs to identify the potential impact of outlying
SNPs on the effect estimate (i.e., leave-one-out analyses) (Burgess et al., 2020). Fourth, a simple mode
method and a weighted mode method were performed, in which the most frequent value among effect
estimates is without horizontal pleiotropy (Hartwig et al., 2017). Fifth, a weighted median method was
performed, which provides consistent estimates when at least 50% of the SNPs are valid IVs (Rasheed et
al,, 2014). Sixth, the MR-Egger regression was performed to assess a potential violation of the exclusion
restriction assumption due to horizontal pleiotropy (Bowden et al., 2015). Under the Instrument Strength
Independent of Direct Effect assumption, the MR-Egger regression intercept that differs from zero (p <
0.05) indicates the presence of horizontal pleiotropy, and the slope is a pleiotropy-adjusted causal effect
estimate of the exposure of interest. Details of the present study are reported according to a reporting
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guideline for a Mendelian randomization study, STROBE-MR (Skrivankova et al., 2021). All data analyses
were performed in R 4.0.3 (R Core Team, 2020).

3. Results

For the 26 genetic variants selected as IVs, between-SNP heterogeneity in the causal effect of genetically
determined BMI on uric acid was substantial (Cochran’s Q = 157.500) (Table 1), suggesting potential
horizontal pleiotropy. In addition, a forest plot (Fig. 1a) and a funnel plot (Supplementary Fig. 1) of the
SNP-specific effect estimates suggested the presence of outlying SNPs. However, the funnel plot did not
show a systematic pattern of directional pleiotropy. Also, leave-one-out analyses confirmed that that the
pooled causal effect estimate from the SNPs was not driven by any single SNP (Fig. 1b).

Table 1
Mendelian randomization estimates for the causal effect of body mass index on serum uric acid
Estimate [95% CI] p-value
Test for heterogeneity (Cochran’s Q) 157.500 <0.001

Test for directional horizontal pleiotropy (MR-Egger intercept)  0.004 [-0.010,0.018]  0.573

Causal effect estimates

Inverse-variance weighted 0.029 [-0.006, 0.065] 0.105
Simple mode 0.053[0.009, 0.097] 0.027
Weighted mode 0.036 [0.005, 0.067] 0.032
Weighted median 0.0421[0.019, 0.065] <0.001
MR-Egger -0.002[-0.113,0.110] 0.979

MR, Mendelian randomization; Cl, confidence interval.

The positive causal effect of genetically determined BMI on serum uric acid was observed in various MR
methods (IVW: 3 [95% Cl] = 0.029 [-0.006, 0.065]; simple mode: 3 [95% CI] = 0.053 [0.009, 0.097]);
weighted mode: 5[95% Cl] = 0.036 [0.005, 0.067]); weighted median: 3 [95% CI] = 0.042 [0.019, 0.065])
(Table 1; Fig. 2). While the causal effect estimate from the MR-Egger regression was not statistically
significant (6 [95% ClI] = -0.002 [-0.113, 0.110]), there was also no evidence of directional horizontal
pleiotropy from the MR-Egger regression intercept (3 [95% CI] = 0.004 [-0.010, 0.018]).

4. Discussion

In the two-sample MR study using data from samples from two East Asian countries, South Korea and
Japan, we tested whether BMI had a causal effect on serum uric acid. Using several MR analytic
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methods, we found that genetically determined BMI was positively associated with serum uric acid in the
East Asian populations, which is consistent with previous findings in populations of European ancestry.

While findings from observational studies consistently suggested the robust relationship between BMI or
other adiposity-related health outcomes and uric acid, the direction of the causal pathway could not be
easily inferred from the observational data due to issues of potential residual confounding and reverse
causation. For causal hypothesis testing, the MR design has been recently utilized in multiple studies, and
they concluded that adiposity or BMI affects uric acid, rather than the other direction. In particular, there
was no evidence that uric acid has a causal effect on BMI (Lyngdoh et al., 2012; Oikonen et al., 2012),
weight (Lyngdoh et al., 2012), fat mass (Lyngdoh et al., 2012), and waist circumference (Lyngdoh et al.,
2012), and also on adiposity-related health outcomes such as intima-media thickness (Oikonen et al.,
2012), triglycerides (Rasheed et al., 2014), and coronary heart diseases (Efstathiadou et al., 2019; Palmer
et al., 2013; White et al., 2016). Conversely, the positive causal effect of BMI on uric acid has been
consistently reported in a number of MR studies (Adams & Boutwell, 2021; Larsson et al., 2018; Lyngdoh
et al., 2012; Oikonen et al., 2012; Palmer et al., 2013). The findings of the causal effect of BMI have also
been extended to gout incidence, one of the sequelae of increased uric acid (i.e., hyperuricemia) (Evans et
al., 2018; Larsson et al., 2018). Moreover, weight loss by bariatric surgery was also found to decrease the
level of uric acid and reduce the risk of gout (Yeo et al., 2019).

However, the same relationship had not been well-established in East Asian populations. The suggestive
evidence from observational findings exists for both directions of potential causal pathways between
adiposity or related health conditions and uric acid. For example, in the Japanese population, the
associations between uric acid and subsequent hypertension (Kuwabara et al., 2018), metabolic
syndrome (Seki et al., 2020), and cardiovascular mortality (Sakata et al., 2020) have been reported using
observational data. One MR study with the South Korean population found the causal effect of uric acid
on atrial fibrillation in men, but not in women (Hong et al., 2020), while two other MR studies with the
Chinese population did not find a causal effect of uric acid on arterial stiffness (Jiang et al., 2020) or
metabolic syndrome (L. Wang et al., 2020). For the causal direction from adiposity to uric acid in the East
Asian population, there are also a number of observational findings for the effect of BMI, body adiposity
index, lipid accumulation product, and cardiometabolic index (Dong et al., 2017; He et al., 2022; D. mei Liu
etal,2019;Y.R. Liu et al., 2021; H. Wang et al., 2018), including one from a Japanese twin study (Tanaka
et al., 2015). One MR study with the Japanese and Chinese populations also found the causal effect of
BMI on uric acid (Feng et al., 2022).

Our finding from the East Asian populations is consistent with the causal effect of BMI on uric acid
previously found in the European population, adding support for the causal relationship being universal
across different populations. As the prevalence of overweight and obesity has been increasing in the East
Asian populations (Bentham et al., 2017), the increase in body mass index and adiposity may be a culprit
of the recent increase in the prevalence of hyperuricemia and gout in these populations (Chen et al., 2017;
Dehlin et al., 2020; Kim et al., 2018; Ogura et al., 2004). Moreover, the contribution of high body mass
index on mortality and diseases has also been exacerbating (Stanaway et al., 2018).
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As with any MR study, our studies have several limitations. First, weak instrument bias may be at play, but
in a two-sample MR setting, the bias pushes the magnitude of causal effect estimates towards the null,
reducing the likelihood of false positive findings (Burgess et al., 2020). Second, despite multiple
robustness checks for directional horizontal pleiotropy, such as the MR-Egger regressions and the leave-
one-out analyses, the exclusion restriction assumption cannot be guaranteed. Third, while we attempted
to control for population stratification by including only East Asian samples, the assumption of no
confounding cannot be guaranteed and may be violated by dynastic effects or assortative mating.
Fourth, utilization of the published summary statistics did not allow subgroup analyses or modification to
covariate adjustment when generating the summary statistics. Fifth, BMI was only measured at one point
in time. Its time-varying effect could not be investigated.

5. Conclusion

In the South Korean and the Japanese populations, we found that BMI had a positive causal effect on
serum uric acid, which is a consistent pattern previously observed in individuals with European ancestry.
Future studies should investigate whether the mediators of the causal relationship, and whether the
relationship varies by biological sex or over the lifecourse, which would improve our understanding of the
mechanism and potentially shed light on how to intervene.
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Figure 1
Forest plots of SNP-specific Mendelian randomization effect estimates (a) and leave-one-out analyses

(b).

MR, Mendelian randomization; BMI, body mass index; UA, uric acid; SNP, single nucleotide polymorphism.
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A scatter plot of SNP-BMI associations (x-axis) against SNP-uric acid associations (y-axis). Each data
point indicates a SNP-specific estimate and the gray lines crossing the dots indicate 95% confidence
intervals. Slopes of the colored lines indicate the Mendelian randomization effect estimates for each
method.

MR, Mendelian randomization; SNP, single nucleotide polymorphism; UA, uric acid; BMI, body mass index.
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