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Plasma amino acids (AAs) have emerged as promising biomarkers for metabolic disorders, yet their 
causality remains unclear. We aimed to investigate the genetic determinants of AA levels in a cohort 
of 10,333 individuals and their causal effects on cardiometabolic traits using Mendelian randomization 
(MR). Plasma levels of 20 AAs were quantified using capillary electrophoresis mass spectrometry. 
Genome-wide association studies were conducted using BOLT-LMM and heritability estimation via 
LDSC analysis. Causal effects of AAs on 11 cardiometabolic traits were examined using two-sample MR 
analyses. We identified 85 locus-metabolite associations across 43 genes for 18 AAs, including 44 novel 
loci linked to metabolic genes. Heritability for AAs was estimated at 16%. MR analysis demonstrated 
cystine to positively associate with systolic blood pressure (SBP) (β = 0.056, SE = 0.010), while serine 
indicated protective effects on SBP (β = − 0.040, SE = 0.011), diastolic BP (β = − 0.044, SE = 0.010), 
and coronary artery disease (odds ratio 0.888, SE = 0.028). We identified potentially novel genetic 
loci associated with AA levels and demonstrated robust causal associations between several AAs and 
cardiometabolic traits. These findings reinforce the importance of AAs as potential biomarkers and 
therapeutic targets in cardiometabolic health.
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Background
Plasma metabolome is one of the promising tools to facilitate the diagnosis, prognosis, and risk assessment of 
various diseases1,2. Among various metabolites, amino acids (AAs) are valuable biomarkers of hypertension, type 
2 diabetes mellitus (T2DM), and other cardiometabolic diseases3–5. Considering the pivotal roles in physiological 
processes and their sensitivity to pathological changes, amino acids are expected to serve as important markers 
of disease prevention and treatment efficacy in precision medicine.
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AAs are considered heritable and genetically driven6,7 in addition to being reflected by environmental 
factors8. Several genome-wide association studies (GWASs) have identified genetic polymorphisms associated 
with AAs9–11, but the majority were conducted in European populations, and those involving East Asian 
populations had limited sample sizes. As many differences are observed between ethnic groups, including 
susceptibility to diseases and responses to drugs, it is critical to investigate the genetic basis for such differences. 
Furthermore, recent studies indicate the existence of a shared etiology with a broad metabolic basis across 
diseases and conditions1. Thus, exploring the mechanisms behind metabolic dynamics and examining causality 
between metabolite levels and diseases is becoming increasingly important, utilizing Mendelian randomization 
(MR) analysis as one useful approach12–14. However, the causal relationship between AAs and cardiometabolic 
diseases has been controversial.

Therefore, the present study aimed to explore genetic polymorphisms associated with plasma AAs in East 
Asian populations11,15–17 to determine whether these loci are shared among ethnic groups. Furthermore, we 
investigated the causal relationship between AAs and cardiometabolic traits, including body mass index (BMI), 
lipids, hypertension, and T2DM, via two-sample MR analysis using the summary statistics from the GWAS in 
this study and publicly available data.

Results
Genetic polymorphisms associated with plasma AAs
A total of 10,333 individuals (5,514 women, 59.6 ± 10.0 years old) were included in the analysis. The plasma AA 
levels in this cohort were similar to those previously reported in a Japanese healthy population18 (Table 1). The 
sample sizes for each GWAS conducted after phenotype quality control (QC) for each AA are shown in Table S1.

GWAS analysis demonstrated 85 loci-metabolite associations across 43 genes for 18 AA plasma concentrations 
with p-values < 5 × 10−8 (Table S2). Of these, 44 loci-metabolite associations across 23 genes were potentially 
novel with a one-to-one association with AA levels, and eight of these genes were enzyme-coding genes (Fig. 1; 
Table 2). As a sensitivity analysis, we also excluded individuals who reported antihypertensive, lipid-lowering, or 
antidiabetic medications and observed no significant changes (data not shown).

Of the remaining loci-metabolite associations found in this study, 31 associations were replicated in the GWAS 
Catalog, which includes results from studies that involve multi-ethnic populations. Similarly, 25 associations 
were reproduced from Tohoku Medical Megabank (TMM) in Japan genotyped with the same array19, two more 
from another Japanese study using a different array11; comparing the results from other populations, two were 
consistent with a study of Chinese populations17, four with the Western populations9, and none with the Middle 
East20. (Table S3). For the top variants that precisely matched previously reported SNPs (e.g., alanine–GCKR, 
glutamine–LMO1), we confirmed that both the lead peak positions and effect directions aligned with earlier 
studies. In other cases where the top variants did not exactly match, we were able to verify positional similarity.

Genetic loci associated with multiple AAs are listed in Fig. 2, along with a correlation matrix for each pair of 
plasma AAs. A total of ten genes, including SESN2 and PDE4DIP, were associated with multiple AAs, suggesting 
their pleiotropic signature. Several genes exhibited different directions of association for multiple AAs, such as 
CPS1. Positive associations were observed for both glycine and serine, which were also positively correlated with 
each other, whereas negative associations were observed for threonine, histidine, and arginine. Although the 
associations with CPS1 were in the opposite direction for glycine and arginine, they were positively correlated, 
indicating differences in the direction of associations and correlations among AAs even when associated with 
the same genetic loci.

The heritability for each AA estimated using linkage disequilibrium score regression (LDSC) found cystine 
to have the highest heritability (h² = 0.30 [SE = 0.086]), and serine had the lowest (h² = 0.015 [SE = 0.085]). 
When all 20 AAs were combined, the weighted heritability was 0.16 (SE = 0.018), with minimal heterogeneity 
(Cochran’s Q = 16.3, I² = 0) (Table S4).

The causal relationship between AAs and cardiometabolic traits
The results of MR analyses are summarized in Fig. 3 and Table S5. For systolic blood pressure (SBP), cystine 
demonstrated a robust positive association (inverse variance weighting [IVW] β = 0.056, standard error [SE] 
= 0.010), supported by the weighted median (WM) method (β = 0.070, SE = 0.013). Conversely, serine was 
negatively associated with SBP (IVW β = −0.040, SE = 0.011; WM β = −0.034, SE = 0.013). For diastolic blood 
pressure (DBP), serine also showed a significant negative association (IVW β = −0.044, SE = 0.010; WM β = 
−0.042, SE = 0.013). Alanine was positively associated with low-density lipoprotein cholesterol (LDL-C) (IVW 
β = 0.105, SE = 0.025; WM β = 0.110, SE = 0.031). For T2DM, threonine demonstrated a positive association in 
the primary analysis (IVW OR = 1.165, SE = 0.061), but did not remain after multiple testing correction. WM 
analysis yielded a similar association (OR = 1.112, SE = 0.041). For Hypertension, cystine showed a negative 
association (IVW OR = 0.665, SE = 0.185), although it did not meet statistical significance after false discovery 
rate (FDR) adjustment.

Although three exposure—outcome pairs initially showed MR–Egger intercept p-values below 0.05, none 
remained significant after multiple testing corrections, indicating minimal horizontal pleiotropy. Steiger filtering 
confirmed that genetic instruments were primarily influencing exposures rather than outcomes in all analyses. 
Furthermore, excluding outlier SNPs using the MR-PRESSO method did not alter the direction or magnitude 
of the associations. A detailed summary of the results, including crude P-values, FDR-adjusted P-values, and 
pleiotropy testing, is provided in Table S5.
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Discussion
Using plasma AA concentrations from more than 10,000 individuals from Japan, our GWAS analysis indicated 
85 loci-metabolite associations with 18 AAs. Fourty four loci–metabolites across 23 genes, all of which were 
previously unreported, demonstrated one-to-one associations with the phenotype, with 8 of these genes classified 
as enzyme-coding genes, and 27 were replicates of polymorphisms reported in previous studies of East Asian 
populations with smaller sample size. Heritability estimates revealed that approximately 16% of the variability in 
AA levels was attributable to genetic factors, underscoring the substantial genetic contribution to AA metabolism. 
Furthermore, our MR analysis provided evidence for causal associations of AAs with cardiometabolic traits, 
particularly cystine and serine with blood pressure, and alanine with LDL-C. These findings highlight the genetic 
underpinnings of AA metabolism and their potential influence on health outcomes.

N (%) Missing value, N

Total 10,333 –

Women 5514 (53%) –

Current smoker 1548 (15%) 19

Current drinker 5227 (51%) 6

CVD history 344 (3.3%) –

Cancer history 795 (7.7%) 26

Medication history

Hypertension medication users 2950 (28.5%) –

Hyperlipidemia medication users 1947 (18.8%) –

Hyperglycemic medication users 655 (6.3%) –

Mean (SD) Range

Age, years 59.6 (10.0) 34.0–75.0 –

Body mass index, kg/m² 23.3 (3.3) 12.7–45.9 16

Systolic blood pressure, mmHg 128.7 (18.5) 75.0–258.0 3

Diastolic blood pressure, mmHg 75.9 (11.5) 42.0–140.0 3

Plasma glucose, mg/dL 99.8 (17.3) 22.0–410.0 7

HbA1c, % 5.7 (0.6) 3.6–14.5 10

Median (IQR)

Total cholesterol, mg/dL 204.0 (183.0, 227.0) 68.0–660.0 2

HDL cholesterol, mg/dL 66.0 (55.0, 78.0) 21.0–224.0 1

LDL cholesterol, mg/dL 116.0 (96.6, 136.8) 14.0–295.0 4

Triglyceride, mg/dL 89.0 (65.0, 128.0) 12.0–1879.0 2

Amino acids, µM Mean (SD)

Alanine 353.0 (88.1) 67.8–2049.7 –

Arginine 85.9 (17.0) 26.7–406.5 –

Asparagine 47.8 (8.2) 2.1–234.8 –

Aspartic Acid 3.9 (6.7) 0.4–552.2 –

Cystine 57.3 (10.3) 22.4–260.2 –

Glutamic Acid 35.8 (18.9) 3.1–719.5 –

Glutamine 619.8 (81.6) 50.8–2217.3 –

Glycine 233.0 (68.7) 80.5–1108.4 –

Histidine 76.9 (15.5) 23.2–700.1 –

Isoleucine 59.0 (15.4) 21.6–428.2 –

Leucine 115.7 (25.7) 50.7–717.9 –

Lysine 186.1 (34.5) 65.7–949.9 –

Methionine 21.1 (6.3) 0.9–94.3 –

Phenylalanine 55.4 (10.0) 32.4–304.2 –

Proline 135.8 (45.1) 49.3–807.9 –

Serine 118.3 (31.3) 33.3–1954.6 –

Threonine 132.8 (31.1) 54.9–766.8 –

Tryptophan 49.9 (9.3) 18.1–222.8 –

Tyrosine 62.8 (13.3) 21.0–448.1 –

Valine 218.6 (42.6) 106.8–1246.7 –

Table 1.  Clinical characteristics and plasma amino acid levels of the study participants. CVD, cardiovascular 
disease; HDL, high-density lipoprotein; IQR, interquartile range; LDL, low-density lipoprotein; SD, standard 
deviation.
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Comparison with the GWAS Catalog data revealed commonalities across ethnic groups, particularly for 
genes encoding enzymes related to AA metabolism, such as PAH, PRODH, and PPM1 K21–23. Although four 
loci-AA associations reported in the GWAS Catalog were not observed in this study, they were located at nearby 
loci through prudent analysis. Considering that they occurred during mapping of the causal loci, we believe 
that all peaks could be reproduced in this study, and thus, the identification of several new SNPs could be 
groundbreaking. Heritability estimates derived from LDSC revealed that approximately 16% of the variability 
in AA levels could be attributed to genetic factors. This level of heritability was comparable to estimates for 
certain AAs reported in Western populations24,25, emphasizing the shared genetic influences across diverse 
ethnic groups.

The annotation results indicated that the potentially novel loci were not only associated with genes encoding 
enzymes that metabolize AAs, but also those encoding regulators, transporters, and transcription factors. Table 
S6 summarizes the list of loci associated with glycine, serine, and arginine, which were particularly interesting 
to interpret. AGXT, which encodes alanine–glyoxylate aminotransferase, was newly identified as having a 
significantly association with serine. Serine, together with glycine, are both metabolites of the AA catabolic 
pathway and involved in the citric acid circuit through pyruvate production26. They are regulated by their 
mutual conversion by serine hydroxylmethyltransferase with tetrahydrofolate as the substrate (Figure S1A, B). 
An association with glycine and serine was also detected for SNP in ACAD10 on chromosome 12, which was 
attributable to LD, as the locus is in close proximity to ALDH2. In fact, the peak was attenuated and lost statistical 
significance in the GWAS results after adjustment for alcohol consumption as a covariate. This study was the first 
to report the association of ARG2 with arginine. Arginine is hydrolyzed by arginase, releasing urea to produce 
ornithine (Figure S1-C). Arginase has two isoforms, type I and type II; the former is highly expressed in the liver 
and is involved in ammonia detoxification, while the latter supplies ornithine for the synthesis of polyamines, 
proline, and glutamate27. Our study not only reproduced the association of arginine with ARG1, but also found 
an association with ARG2, which had not been previously reported.

This study also provided unique suggestions for SNPs with possible pleiotropic associations to multiple 
AAs. Particularly, the directionality of the quantitative correlations and gene–trait relationships presented in 
Fig. 2 might indicate a true genetic common background independent of quantitative correlations in some of 

Fig. 1.  Chromosomal map of the genomic risk loci associated with the 18 amino acids levels. PhenoGram (​
h​t​t​p​:​​​/​​/​v​i​s​u​a​l​i​z​a​t​i​o​​n​.​r​i​​t​c​h​i​e​l​​a​​b​.​o​​r​​g​/​p​h​e​n​​o​g​r​a​​m​​s​/​p​l​o​t) was used to create the map, and the novel genetic loci 
associated with amino acids reported in this study are depicted in red.
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these genes. In addition to CPS1 described above, PDE4DIP, associated with five traits including serine and 
methionine, is another candidate gene exhibiting pleiotropy. The reports that both CPS1 and PDE4DIPare 
associated with cardiometabolic disease28,29 support our results that they are pleiotropic, affecting multiple 
amino acids, and may reflect the shared etiology of cardiometabolic disease. In addition, our study is the first to 
report the relationship between PDE4DIP and amino acids, and this relationship may be applicable to further 
studies of PDE4DIP and cardiometabolic health29.

The two-sample MR analysis conducted in this study revealed causal relationships between plasma AA levels 
and several cardiometabolic traits. Alanine showed robust positive associations with LDL-C, triglyceride (TG), and 
hyperlipidemia, supporting its role in lipid metabolism and gluconeogenesis pathways, potentially contributing 
to dyslipidemia risk. In contrast, serine exhibited inverse relationships with SBP and DBP and a significant 
negative association with coronary artery disease (CAD), suggesting its role in mitigating cardiovascular risk via 
antioxidative and anti-inflammatory pathways30. Cystine displayed a strong positive association with SBP but 
showed a weak negative relationship with hypertension, although the association became insignificant after FDR 
correction. This inconsistency between continuous and categorical outcomes may reflect threshold-dependent 
effects or differing physiological mechanisms. Additionally, cystine showed a modest negative association 
with T2DM, possibly related to its role in redox regulation through its precursor relationship to cysteine and 
glutathione31. Threonine was modestly positively associated with T2DM, consistent with prior research linking 
it to insulin resistance32. Although the association lost significance after multiple testing corrections, it highlights 
a possible role in glucose metabolism that warrants further investigation. These findings, thus, underscore the 
importance of AAs as biomarkers and potential therapeutic targets for cardiometabolic diseases.

Fig. 2.  List of pleiotropic loci associated with multiple amino acids and Spearman’s correlation coefficients 
between amino acid concentrations. The values in the upper table in the figure are coefficient βs (estimated 
from the GWAS summary), and those in the lower table are Spearman’s correlation coefficients. The 
dendrogram is based on the Euclidean distance calculated on the basis of Spearman’s correlation coefficient. 
Positive associations (β, Spearman’s correlation coefficient > 0) are highlighted in red, and negative associations 
(β, Spearman’s correlation coefficient < 0) are highlighted in blue. Ala, alanine; Arg, arginine; Asn, asparagine; 
Asp, aspartic acid; Gln, glutamine; Glu, glutamic acid; Gly, glycine; His, histidine; Ile, isoleucine; Leu, leucine; 
Lys, lysine; Met, methionine; Phe, phenylalanine; Pro, proline; Ser, serine; Thr, threonine; Trp, tryptophan; Tyr, 
tyrosine; Val, valine.
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The well-known causal relationship between BCAAs and T2DM33–35 was not replicated in this study. Weak 
instrumentation bias most likely caused incorrect estimation of many results, since the results with small P-
values demonstrated the same direction as in previous studies. One possible explanation for the insignificant 
association between BCAAs and T2DM is that, unlike studies that increase power using genetic risk scores or 
meta-analyses, we used an SNP-by-SNP MR approach that was then combined. Although this method allows for 
more detailed checks for pleiotropy, it may lower overall power—especially with a moderate sample size—and 
could have masked weaker signals between BCAAs and T2DM.

The strengths of this study are that the associations shown in the GWAS Catalog and other GWAS data 
resources were well reproduced using sufficient sample size, genotyping, and whole-genome imputation using 
arrays specific to this population, as well as AA quantification using a reliable metabolomics platform36,37. The 
large sample size in this study, about five to ten times larger than that reported by previous Japanese studies15, led 
to high detection power. Using an imputation panel specific to the Japanese population in this study might have 
also contributed to detecting novel loci. By comparing findings across diverse ethnic populations and leveraging 
metabolic pathway analyses, this study demonstrated a strong foundation of reproducibility and novelty. Despite 
being conducted in a single ethnic group, the similarity of plasma AA levels to those in prior studies suggested 
broad generalizability. Future research, including functional validation of the identified novel loci, would 
be critical in elucidating the biological mechanisms underlying these associations and their implications for 
cardiometabolic health.

Despite the large sample size and multiple analytical methods, this study has some limitations. First, because 
all participants were Japanese, our findings may not fully generalize to other populations. Although comparisons 
with prior GWAS studies suggest broadly plausible biology across ancestries, replication in multi-ethnic 
cohorts or meta‐analyses would further solidify causality. Second, while two‐sample Mendelian randomization 
supports the observed relationships, pleiotropy and unmeasured confounding cannot be definitively excluded. 
Here, we relied chiefly on univariable MR and several sensitivity analyses to capture a wide range of outcomes, 
but additional work employing multivariable MR3 and genetic correlation analyses may clarify the metabolic 
pathways and pinpoint which amino acids exert genuine causal effects on cardiometabolic traits.

In conclusion, this study, leveraging data from over 10,000 individuals, sheds light on the genetic 
determinants of plasma AA levels and their causal roles in cardiometabolic health. Potentially novel genetic 
loci associated with AA metabolism were identified, along with robust evidence supporting causal relationships 
between specific AAs and cardiometabolic traits. Notably, cystine, serine, and alanine emerged as key players 
in blood pressure and lipid regulation, highlighting their potential as biomarkers or therapeutic targets. While 
the associations with T2DM and hypertension require further validation, this study demonstrates the utility of 
large-scale, metabolomic GWAS in advancing our understanding of the genetic and metabolic underpinnings 
of cardiometabolic diseases.

Methods
Study design and participants
This study used data from the baseline survey of Tsuruoka Metabolomics Cohort Study (TMCS), an ongoing 
prospective cohort study in Japan that aimed to identify metabolomic biomarkers for health and disorders 
associated with genetic and environmental factors. The survey was conducted between April 2012 and March 
2015, enrolling 11,002 individuals aged 35–74 years living or working in Tsuruoka City who underwent annual 
health examinations in municipalities or workplaces. Details of TMCS have been previously published37–39. This 
study received approval from the Medical Ethics Committee of Keio University School of Medicine (approval 
number: 20110264), and written informed consent was obtained from all participants. The study protocol 
conformed to the ethical guidelines of the Declaration of Helsinki of 1975 and its subsequent amendments.

Data collection, AA quantification, genotyping, and imputation
Details have been previously reported37,39. All data and samples were collected at the designated health 
examination sites, and demographic information was collected through a standardized self-administered 
questionnaire. Fasting blood samples were drawn in the morning and stored at 4 °C immediately after collection, 
and metabolite extraction was completed within 6 h of collection to minimize the effects of metabolic reactions.

The levels of 20 common AAs (alanine, arginine, asparagine, aspartic acid, cystine, glutamic acid, glutamine, 
glycine, histidine, isoleucine, leucine, lysine, methionine, phenylalanine, proline, serine, threonine, tryptophan, 
tyrosine, and valine) were measured by capillary electrophoresis time-of-flight mass spectrometry.

DNA samples were stored under strict temperature conditions before and after extraction. The Applied 
Biosystems™ Axiom™ Japonica Array® NEO (Life Technologies Corporation, Thermo Fisher Scientific, Waltham, 
MA, USA) was used for genotyping40. After QC procedures, prephasing was conducted using SHAPEIT241 
followed by whole-genome imputation using IMPUTE442 with Japanese-specific 3.5 KJPNv243 and 1 KGP Phase 
344 as reference panels, respectively. After imputation, samples with low imputation quality were excluded from 
the QC analysis. All of the subsequent QC processes were performed using PLINK45. For sample QC, those 
with a call rate < 0.95, PI-HAT > 0.1875 non-Japanese, and log10-transformed AA concentration ≥ 4 standard 
deviations from the mean were excluded, and the number of samples that passed QC for each trait is shown 
in Table S1. For variant QC, we started with 656,188 SNPs directly genotyped from the array. We removed 
32,965 SNPs with call rate < 0.99, 10,684 SNPs with minor allele frequency < 0.01, and 20,168 SNPs with Hardy–
Weinberg P < 1 × 10⁻⁵, noting some overlap across these filters. After imputation, 3735 SNPs failing the post-
imputation Hardy–Weinberg threshold (P < 1 × 10⁻⁶) were excluded. As a result, 11,584,837 variants passed the 
final criteria (MAF ≥ 0.01, imputation information ≥ 0.7, and call rate ≥ 0.98) and were used in downstream 
analyses.
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Genome-wide association
GWAS was performed using BOLT-LMM v2.3.6, a well-established software that can employ and analyze linear 
mixed-effects models suitable for population stratification46. Metabolite concentrations were log10 transformed, 
followed by rank-based inverse standard transformation. Optimal parameters were chosen using a Bayesian 
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mixture model with a sparse prior. In this linear mixed-effects approach, sex, age, and the first 20 principal 
components (PC1–20) were specified as fixed effects, while a random effect—based on a genetic relationship 
matrix—captured polygenic structure. A residual term accounted for the remaining variation. Consequently, 
the observed phenotype was modeled as the sum of the fixed effects, the random effect, and the residual. The 
trait information was the standardized concentrations of 20 AAs in plasma samples. The P-value threshold was 
set to 5.0 × 10⁻⁸ for genome-wide significance. As a sensitivity check for potential confounding, we also repeated 
the GWAS after excluding individuals who reported antihypertensive, lipid-lowering, or antidiabetic medication 
use.

Annotations
FUMA GWAS was used for the fine-mapping of GWAS summary data47. The settings were as follows:

•	 Reference panel: 1 KG EAS (1 KGP Phase 3).
•	 Reference panel for linkage disequilibrium (LD) analysis: 1 KG EAS.
•	 LD relationship threshold for defining individual significant SNPs: r2 = 0.6.
•	 LD relationship threshold for defining lead SNPs: r2 = 0.1.

Results were compared with previously reported variants using database information from the Japanese Multi 
Omics Reference Panel (jMorp, Japan) created by TMM, Japan and previous reports from Japanese cohorts15. 
Subsequently, previous studies on non-Japanese populations were assessed, followed by extensive comparisons of 
our results to those reported in the GWAS Catalog (EMBL-EBI and NHGRI, USA). The effects of the expression 
quantitative trait loci and LD were examined to see if they were not caused by neighboring genes (Fig. 4). The 
GTEx portal (GTEx v.8) was used to evaluate expression quantitative trait loci, and dbSNP and Metascape 
(v3.5.20240101)48 were used for variant information. Kyoto Encyclopedia of Genes and Genomes was employed 
to assess metabolic pathways to annotate phenotypes, and Spearman’s correlation coefficient was calculated to 
determine the quantitative correlation among AAs using R version 4.1.2.

Heritability analysis
Obtained GWAS summaries were used to estimate the heritability for each trait using LDSC; h2 was calculated 
for each AA using LD scores calculated from the 1 KGP Phase 3 East Asian population44 using LDSC. Each 
calculated h2 was weighted using its SE to assess overall trends. Cochran’s Q statistic and the I2 statistic were 
calculated to examine the variation in effect sizes for each AA for heterogeneity assessment.

Mendelian randomization
We conducted two-sample Mendelian randomization (MR) using summary statistics from our in‐house 
GWAS of plasma amino acids (exposures) and publicly available outcome GWAS data (Table S7) obtained 
through the IEU OpenGWAS project. Variants were selected if they showed F‐statistics ≥ 10 (indicating strong 
instruments) and P< 1 × 10⁻⁶ for association with each amino acid, and we enforced independence by excluding 
SNPs in linkage disequilibrium (R² < 0.01 within 500 kb). Effect alleles were then harmonized between the 
exposure and outcome datasets, retaining only SNPs present in both. All analyses were implemented using the 
“TwoSampleMR” package49 in R. Causal estimates were obtained with IVW and WM methods12. Horizontal 
pleiotropy was assessed via MR–Egger (intercept test)50 and MR–PRESSO (10,000 bootstraps) to detect and 
remove outlier SNPs. Additionally, Steiger filtering was applied to confirm that each instrumental variable (IV) 
explained more variance in the amino acid exposure than in the outcome, thereby reducing the risk of reverse 
causation. Multiple comparisons were controlled at a false discovery rate of 5% using the Benjamini–Hochberg 
method. Together, these steps strengthen the validity of our MR assumptions and allow for robust inferences 
regarding the causal effects of amino acids on cardiometabolic traits.

Fig. 3.  Volcano plots of Mendelian randomizations illustrating causal associations between amino acids 
and cardiometabolic traits. (A) Cardiometabolic traits as continous variables (BMI, SBP, DBP, TG, LDL-C, 
HDL-C, and HbA1c) (B) Cardiometabolic traits as categorical variables (Hypertension, Hyperlipidemia, 
T2DM, and CAD). The x-axis represents either the beta estimate (β) or the odds ratio (OR), and the y-axis 
represents the negative logarithm of the P-value. Each point represents a single SNP associated with each 
amino acid indicated by color coding. Associations were estimated using two MR methods: inverse variance 
weighting (IVW) and weighted median (WM), and points were indicated in squares and triangles, respectively. 
Solid vertical lines indicate null effect (β = 0 for continuous traits, OR = 1 for categorical traits), and dashed 
horizontal lines represent the threshold of P-value at 0.05 based on crude P-values. Points shaded in light 
gray represent associations with P-values > 0.5. Annotations highlight amino acids with strong associations 
based on crude P-values, effect size magnitude, and consistency between methods. BMI, body mass index; 
CAD, coronary artery disease; DBP, diastolic blood pressure; HbA1c, hemoglobin A1c; HDL-C, high-density 
lipoprotein-cholesterol; LDL-C, low density lipoprotein-cholesterol; SBP, systolic blood pressure; T2DM, type 2 
diabetes; TG, triglyceride.
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Data availability
All relevant data are within the manuscript and its Supplementary Information. Other data could not be made 
publicly available because the study participants did not consent to make their information freely accessible. 
Based on these findings, the Ethics Committee for TMCS (which includes representatives of Tsuruoka citizens, 
the administration of Tsuruoka City, a lawyer, and expert advisers) strictly inhibits any public data sharing. 
However, the datasets generated and/or analyzed during the current study are available from the corresponding 
author upon reasonable request.
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