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Melatonin regulates circadian rhythms, metabolism, and immunity. Its primary metabolite, 
6-sulfatoxymelatonin (aMT6s), is a biomarker linked to cancer risk and metabolic disorders. However, 
genetic determinants of aMT6s remain poorly understood, with only one prior GWAS limited to an East 
Asian cohort. We conducted the first multi-ancestry genome-wide association meta-analysis of urinary 
aMT6s, integrating 11,744 participants from five cohorts: East Asians (Taiwan Biobank), European 
women (Nurses’ Health Studies), European men (MrOS), and multiethnic participants (MEC). aMT6s 
was measured from overnight or first-morning urine samples. Association analyses were conducted 
using both ancestry-aware meta-regression (MR-MEGA) and fixed-effects meta-analysis (METAL). 
Polygenic risk scores (PRS) were constructed with PRS-CSx and evaluated in phenome-wide analyses in 
the Mass General Brigham Biobank and UK Biobank. No genome-wide significant loci were identified, 
and previously reported East Asian signals were not replicated. At suggestive significance, 23 loci 
emerged, with eight supported by both MR-MEGA and METAL. Several loci showed ancestry-specific 
heterogeneity, suggesting that genetic associations with urinary aMT6s may vary by population 
context, although limited power and cohort heterogeneity may also contribute. PRS analyses 
identified associations with sleep duration and metabolic traits, including type 2 diabetes, but these 
findings require cautious interpretation. Overall, our results suggest that urinary aMT6s is influenced 
by a polygenic and potentially population-dependent genetic architecture. This study provides a multi-
ancestry framework for investigating melatonin-related biomarkers and highlights the importance of 
careful interpretation across diverse populations.
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Melatonin, a hormone synthesized by the pineal gland, plays a critical role in regulating circadian rhythms, 
cellular metabolism, and immune responses. Its primary metabolite, 6-sulfatoxymelatonin (aMT6s), measured 
in overnight or first morning urine, serves as a stable and reliable biomarker for assessing nocturnal melatonin 
secretion in clinical and research settings1. This metabolite exhibits profound physiological and pathological 
associations. Elevated nocturnal urinary aMT6s levels, for instance, are positively correlated with tumor cell 
proliferation in gastrointestinal and lung cancer patients2, while reduced levels in renal transplant recipients are 
linked to higher mortality, underscoring melatonin’s potential therapeutic relevance3. Low levels of aMT6s are 
also associated with increased risks of breast4–6, oral7, gastric8 and prostate cancer9,10. Additionally, variations 
in melatonin patterns, such as the timing of dim light melatonin onset (DLMO), offer valuable insights 
into its temporal dynamics and their connections to chronotype and aging11. In people with Rare Genetic 
Neurodevelopmental Disorders (RGND), irregularities in melatonin production play a role in circadian rhythm 
disruptions and associated sleep difficulties12. Melatonin metabolism is influenced by both environmental and 
genetic factors. Night-shift work, for example, can suppress melatonin production13 while genetic variations, 
such as the rs10830963 G allele in the MTNR1B gene, have been associated with altered melatonin signaling 
and an increased risk of type 2 diabetes mellitus14 and gestational diabetes mellitus (GDM)15,16. Disruptions in 
melatonin rhythms, such as those observed during night-shift work, can lead to secretion patterns that worsen 
metabolic dysregulation17.

Despite its importance, our understanding of genetic determinants of melatonin secretion remains limited. 
A recent study in 2,373 East Asian ancestry individuals from the Taiwan Biobank did not identify any genome-
wide significant loci, and reported five suggestive (p < 5⋅10-6) loci associated with urinary aMT6s18. Genetic 
variation, however, exhibits significant differences across ethnic groups, often resulting in population-specific 
effects. Therefore, the absence of large-scale genome-wide association studies (GWAS) of the melatonin 
metabolite together with limited racial and ethnic diversity in existing research represent critical limitations. 
This gap restricts the generalizability of findings and impedes a comprehensive understanding of melatonin’s role 
in health across diverse populations. Furthermore, to the best of our knowledge, currently available datasets that 
simultaneously include comprehensive genetic information and aMT6s measurements lack sufficient sample 
sizes to achieve the statistical power necessary for robust genetic studies, thereby hindering advancements in 
this area of research.

To address these limitations, we aggregated data from the Taiwan Biobank (TWB), the Nurses’ Health Study 
I (NHS1), the Nurses’ Health Study II (NHS2), Osteoporotic Fractures in Men19,20 (MrOS), and the Multiethnic 
Cohort (MEC). Beyond increasing sample size and ancestry diversity, this study extends prior work in several 
ways. First, we apply complementary meta-analytic approaches—fixed-effects meta-analysis and ancestry-aware 
meta-regression—to evaluate whether genetic associations with urinary aMT6s are broadly shared across cohorts 
or differ by population context. Second, we systematically compare our findings with the only prior aMT6s 
GWAS to assess whether previously reported suggestive loci show consistent effects across cohorts and whether 
evidence of heterogeneity is present. Third, we extend beyond variant discovery by constructing multi-ancestry 
polygenic risk scores using PRS-CSx and evaluating their phenotypic correlates in large biobank-based analyses, 
including PheWAS as well as targeted analyses of sleep traits. Through this framework, we aim to characterize 
the polygenic basis of urinary aMT6s, while also assessing the extent to which its genetic associations may be 
shared or population-dependent.

Results
Among the 11,744 individuals (54.5% men), genetically determined ancestry assignments identified 6,925 
(59%) with European, 2,373 (20.2%) with East Asian, 1,494 (12.7%) with Japanese, 426 (3.7%) with African, 290 
(2.5%) with Native Hawaiian and 226 (1.9%) with Latino ancestry. The average age of participants was 62.3 years 
(SDage = 10 years) with MrOS cohort containing the oldest (meanage = 73.1 (SDage = 5.6)) and Taiwan Biobank 
representing the youngest cohort (meanage = 50.8 (SDage = 10.8); Table 1).

Cohort specific heritabilities and genetic correlations
We estimated cohort-specific heritabilities from cohorts’ GWAS summary statistics, filtered to include only high-
quality SNPs from the HapMap 3 reference panel21. Heritabilities ranged from low for the NHS cohort (h2

NHS 
= 0.1582 (SENHS = 0.1683)) to moderately high for MrOS (h2

MrOS = 0.4182 (SE MrOS = 0.2666)) (Supplementary 
Table A1). Genomic inflation factors were close to 1 across all cohorts (λGC = 1.0046–1.0165), with mean chi-
square statistics also close to 1 and LDSC intercepts near unity, suggesting little evidence of substantial residual 
inflation (Supplementary Table A1). Together, these findings indicate that while major confounding or technical 
inflation was unlikely, phenotype measurement heterogeneity across cohorts may still have reduced power by 
attenuating genetic effects. LDSC regression analysis indicated positive genetic correlation between NHS and 
MrOS (rg = 0.8073), moderate positive correlation between NHS and MEC (rg = 0.5316) and weak negative 
correlation between MEC and MrOS (rg = -0.0085), but all with large standard errors relative to estimates 
themselves, and insignificant p-values (p > 0.17) (Supplementary Table A2).

Meta analysis
After cohort-specific quality controls (Supplementary Methods) and data harmonization, 27,217,987 variants 
met the inclusion criteria, and 2,970,850 were present in all cohorts. These common variants were used for 
further analyses. Both METAL- and MR-MEGA-based observed scale LD score regression heritabilities 
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indicated low percentage of genetically explained variance (hMETAL
2 = 0.1184; hMR−MEGA

2 = 0.085), with relatively 
high standard errors (SEMETAL = 0.051; SEMR−MEGA = 0.057; Supplementary Table A3). Neither METAL nor 
MR-MEGA identified genome wide significant (p < 5⋅10− 8) variants (Figs. 1(a)-(b),   2(a)-(b)). Genomic control 
inflation was minimal (λGC = 1.0165 for METAL and 1.0255 for MR-MEGA; Table A3), consistent with the QQ 
plots and LD score regression intercepts near 1 (METAL: 0.9867 (SE 0.0103); MR-MEGA: 1.0055 (SE 0.0108)).

Formal power calculations based on the total meta-analysis sample size (N = 11,744) indicated limited power 
to detect small-effect loci. At the conventional genome-wide significance threshold (p < 5 × 10− 8), power was 
2.2% for variants explaining 0.10% of phenotypic variance and 27.4% for variants explaining 0.20%, while 80% 
power was achieved only for variants explaining approximately 0.34% of the phenotypic variance, indicating that 
the study was primarily powered to detect relatively large-effect variants.

When applying our less stringent suggestive level, p < 1⋅10− 5, power increased but remained limited for 
modest-effect variants, with 16.1% power for variants explaining 0.10% of phenotypic variance, 66.8% power 
for variants explaining 0.20% of phenotypic variance, and 80% power reached only for variants explaining 
approximately 0.23% of phenotypic variance.

Combining results for METAL and MR-MEGA meta-analyses, we identified 23 suggestive genomic loci 
(Table 2). METAL identified 15 (Supplementary Table B1), while MR-MEGA 16 genomic loci (Supplementary 
Table B2), with eight genomic loci identified by both methods (Table 3). These eight suggestive genomic loci were 
located on RBM6:RBM5 (rs2013208), SOX5 (rs77480549), FAM110B (rs75065017), ZIC1 (rs9990273), PIK3CG 
(rs185087), SLIT3 (rs1875972), PLD1 (rs13083025) and C12orf55 (rs7137724) genes (Table 3, Supplementary 
Fig. B1(a)-(p)). Six of them showed homogeneous effects across participating cohorts (I2∈[0,58.2]; Table  3; 
Fig. 3, Supplementary Fig. B2). The other two - rs1875972 and rs7137724 - showed ancestrally heterogeneous 
effects, with significant ancestral heterogeneity (Panc.het ≤ 0.0459), but not significant residual heterogeneity 
(Pres.het ≥ 0.2747, Table 3), suggesting population specific differences rather than other confounding factors.

Among eight other genomic loci identified exclusively by MR-MEGA, six (Table  2) showed significant 
ancestry-related heterogeneity but not residual heterogeneity (Table 2; Fig. 4) with opposite effect directions 
in the TWB cohort versus all other cohorts (Supplementary Fig. A3(a)-(d)) or effect directions in TWB and 
MEC opposite to NHS and MrOS (Supplementary Fig. B3(e)-(g)). As opposed to this, genomic loci identified 
exclusively with METAL exhibited more homogeneous effects across study cohorts (Supplementary Table B3, 
Fig. 5, Fig. B4).

Functional characterization of suggestive genomic loci
Two of our 23 identified genomic loci - rs2013208 and rs185087 - were previously reported in the literature. The 
one with the lowest p-values in both meta-analyses, rs2013208 associated with lower aMT6s, was previously 
associated with high HDL levels and coronary artery disease (CAD)22, as well as with sex differences in serum 
lipid profiles23. The other one, rs185087 (PIK3CG) also associated with lower aMT6s, was previously identified 
as increasing CAD risk24. When looking at the nearest protein coding gene to each suggestive lead SNP, genes 
with low probability of being loss-of-function intolerant (pLI) were found both in loci with (C12orf55, NEK6) 
and without (PLD1, COL25A1, MYH13, FAM110) significant ancestral heterogeneity (Table 2). We observed 

TWB NHS* MrOS MEC Total

Sample size (n) 2,373 3,861 2,175 3,335 11,744

 Men; N (%) 890 (37.51) 0 (0) 2,175 (100) 3,335 (100) 6,400 (54.5)

 Women; N (%) 1,483 (62.5) 3,861 (100) 0 (0) 0 (0) 5,344 (45.5)

 Age in years,
mean (SD) 50.8 (10.8) 57.6 (12.8) 73.1 (5.6) 68.9 (7.7) 62.3 (10.0)

 BMI, mean (SD) 24.7 (5.8) 26.61(5.6) 27.4 (3.7) 26.5 (4.0) 26.3 (4.9)

Ancestry/race

 Black; N (%) 0 (0) 0 (0) 0 (0) 436 (13.1) 436 (3.7)

 East Asian; N (%) 2,373 (100) 0 (0) 0 (0) 0 (0) 2,373 (20.2)

 Japanese American; N (%) 0 (0) 0 (0) 0 (0) 1,494 (44.8) 1,494 (12.7)

 Latino; N (%) 0 (0) 0 (0) 0 (0) 226 (6.8) 226 (1.9)

 Native Hawaiian; N (%) 0 (0) 0 (0) 0 (0) 290 (8.7) 290 (2.5)

 White; N (%) 0 (0) 3,861 (100) 2,175 (100) 889 (26.7) 6,925 (59)

Outcome measures characteristics

 aMT6s (ng/mL)

  Median (IQR) 20.41 (11.88; 30.19) 24.99 7.58 16.9

  Mean (SD) 44.3(5.65) 9.83 (7.98) 23.5 (23.9)

 log(aMT6s/Cr)

  Median (IQR) 2.83 (2.33; 3.31) 2.14 -1.45

  Mean (SD) 3.11 (1.16) 2.06 (0.85) -1.59 (1.05)

Table 1.  Descriptive characteristics of study participants with urinary 6-sulfatoxy melatonin and genetic data 
available in Taiwan Biobank (TWB), the Nurses’ Health Study I (NHS1), the Nurses’ Health Study II (NHS2), 
MrOS and Multiethnic Cohort (MEC). *NHS : pooled NHS1 and NHS2 cohorts.
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Fig. 2.  QQ plots of the GWAS meta-analysis results for Zlog(aMT6:Cr) across 11,744 study participants (a) 
METAL inverse variance fixed-effects model with genomic control correction; (b) MR-MEGA meta-regression 
test.

 

Fig. 1.  Manhattan plots of the GWAS meta-analysis results across 11,744 study participants obtained using 
METAL inverse variance fixed-effects model with genomic control correction or MR-MEGA meta-regression 
test for Zlog(aMT6:Cr). The x-axis represents chromosomes and base pair positions of variants tested in the 
meta-analysis, while the y-axis shows -log10 p-values from the two-sided variant association test.
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four genes with the pLI > 0.99 (RBM6: RBM5, ACTN1, SOX5 and SLIT3) and one (ZIC1) with pLI = 0.825 
(Table 2). Genomic loci placed on these five genes with high pLI were identified as suggestive by both METAL 
and MR-MEGA.

MAGMA gene set and tissue expression analysis
We used Functional Mapping and Annotation (FUMA25,26 to functionally annotate results of our meta-analyses. 
We ran multi-marker analysis of genomic annotation (MAGMA27 for gene ontology, tissue level and single cell 
expression data. For both METAL and MR-MEGA results, input SNPs were mapped to 15,857 protein coding 
genes and the genome-wide significance was defined at p = 3.153⋅10− 6. No gene ontology terms were significant 
at this level for METAL (Supplementary Table B5), whereas for the MR-MEGA, “gomf_adenyl_nucleotide 
exchange_factor_activity” gene set was significant (adjusted pbon = 0.021; Supplementary Table B6). Tissue 
expression analyses did not indicate any significant gene expression, neither with METAL nor with MR-MEGA 
(Supplementary Figs. B5-B6). Pathway enrichment tests implemented in GENE2FUNC did not indicate any 
significantly enriched differentially expressed genes (pbon < 0.05) in METAL or MR-MEGA (Supplementary Fig. 
B7). At the gene set level, however, both methods indicated significant enrichment of input genes in positional 
gene set chr3p21 (pMR−MEGA = 1.81⋅10− 19; pMETAL = 1.59⋅10− 18, Supplementary Tables B4-B5, Supplementary Fig. 
B11), canonical pathways (MsigDB c2) in M22069 (“biocarta_msp_pathway” ; pMR−MEGA= 2.67⋅10− 2; pMETAL= 
3.37⋅10− 2, Supplementary Tables B4-B5) and M27744 ( “reactome_signaling_ by_mst1”; adjusted pMR−MEGA= 
2.67⋅10− 2; pMETAL= 3.37⋅10− 2, Tables B4-B5) human gene sets28. Both METAL and MR-MEGA prioritized genes 
were enriched in 19 GWAS catalog reported gene sets with a substantial overlap between the two methods, 
representing gene sets associated with cognition, physical activity, sleep, mental health, brain morphology, 
socioeconomic factors, and medical conditions (Supplementary Tables B4-B5, Supplementary Fig. B12).

Comparison with previously published results
A previous genome-wide association study (GWAS) analysis conducted on 2,373 individuals from the TWB 
cohort identified five suggestive loci (p < 5⋅10− 6) associated with urinary Log(aMT6s: Cr)18. However, none of 
these loci were detected in our meta-analysis (Supplementary Table C1). Among these variants, rs142037747 
(GALNT15), is exceptionally rare, particularly in non-East Asian populations (EAF = 0.0002 in EUR, EAF = 0.001 
in remaining ancestries; Supplementary Table C4). Due to its low minor allele frequency (MAF < 1%), this variant 
was excluded during quality control from the NHS, MrOS, and MEC cohort data. Another variant, rs7571016 
(GALNT13) was absent in the MEC cohort GWAS results, likely due to platform-specific genotyping (TaqMan 
Assay Panel). The remaining three suggestive variants, rs17681554, rs9645614 and rs6451653, exhibited high 
heterogeneity in effect estimates across the study cohorts (Supplementary Table C5) with the TWB cohort 
effects differing markedly from those observed in other cohorts (Supplementary Fig.C1(a)-(e)). We additionally 
performed restricted meta-analyses in the European-ancestry cohorts (NHS + MrOS) and the male-only cohorts 
(MrOS + MEC). Neither analysis provided evidence that the previously reported Taiwan Biobank suggestive 
variants generalized to these subsets, supporting limited generalizability across ancestries and providing no 
strong evidence for sex-specific effects (Supplementary Table C11). Given the substantially smaller sample 
sizes, these analyses were underpowered for robust locus discovery and were therefore considered exploratory 
sensitivity analyses rather than primary results. The corresponding comparisons and shareable LocusZoom links 
are provided in Supplementary Table C11.

A recent meta-analysis29(with a total sample of 8,011 individuals) of three European cohorts’ GWASs of 54 
urinary metabolites identified three variants associated with Tryptophan (Supplementary Table C6), playing a 
key precursor role in melatonin production through the serotonin-melatonin pathway. These three variants were 
present in three of our cohorts each and were not significant in either METAL (Supplementary Table C7) or MR-
MEGA (Supplementary Table C8) meta-analysis (p > 0.46). Also, no association was found in our study for any 
other of the 54 metabolites analyzed in Valo et al.29 (p > 0.06; Supplementary Table  C9-C10).

Polygenic risk score and PheWAS analyses
We used PRS-CSx (Supplementary Methods) on our meta-analysis cohorts’ data to estimate SNPs’ weights for 
the aMT6s polygenic risk score (PRS), and these weights were then applied to the UK Biobank and MGBB 
data to derive aMT6s-PRSs. Ancestry-specific (EUR, EAS) and cross ancestry (META) PRSs were generated 
using ancestry-matched LD reference panels and SNPs with p < 0.05. Scores were calculated using PLINK30 and 
normalized (z-scored) within each ancestry group or across all ancestries for META-PRS. PRSs were constructed 
as genetic proxies for nocturnal melatonin secretion. In the NHS1/NHS2 data, after adjustment for age, principal 
components, cohort, batch and genotyping platform, the ancestry specific EUR-PRS explained an incremental in-
sample R2 of 12.7% overall (16.7% in NHS1 and 8.5% in NHS2; Supplementary Table D14), whereas the META-
PRS explained an incremental in-sample R2 of 21.6% overall (36.3% in NHS1 and 7.6% in NHS2; Supplementary 
Table D15). These values represent in-sample explained variance and may therefore overestimate out-of-sample 
predictive performance. Since nocturnal melatonin secretion was not available in either UK Biobank or MGBB, 
the corresponding variance-explained metric could not be estimated in those cohorts.

Phenome-wide association studies (PheWAS) of aMT6s-PRSs were conducted in MGBB (EUR ancestry 
only) and UKBB (EUR, EAS, META; Supplementary Methods).

Our PheWAS results, in which the aMT6s PRSs were used as an exposure, should be interpreted as 
downstream association analyses rather than as direct predictive validation of the PRS across the tested 
phenotypes. In MGBB, of 1,657 disease outcomes tested, 101 associations were significant after Bonferroni 
correction (Supplementary Table D1). These included among others genitourinary (e.g. symptoms involving 
urinary system (p_adj = 3.6⋅10− 4)), dermatologic (e.g. cellulitis (p_adj = 6.0⋅10− 3)) endocrine/metabolic (e.g. 
obesity (p_adj = 2.5⋅10− 3), type 2 diabetes (p_adj = 0.025)), circulatory system (e.g. chronic pulmonary heart 
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disease (p_adj = 0.013)) or respiratory (e.g. septal deviations/turbinate hypertrophy (p_adj = 0.044)) diseases. 
Further, in the cross-ancestry UKB sample, both the EUR-PRS (Supplementary Table D2) and META-PRS 
(Supplementary Table D3) showed significant associations (Bonferroni corrected p < 0.05/1,509 = 3.3⋅10− 5) with 
phenotypes including hereditary hemolytic anemias (p_adj = 1.3⋅10− 29), sickle cell anemia (p_adj = 9.3⋅10− 22), 
vitamin D levels (p_adj = 2.7⋅10− 44), type 2 diabetes (p_adj = 9.8⋅10− 8) and sleep duration (p_adj = 8.0⋅10− 9). 
When restricted to European-ancestry UKB sample, only the META-PRS (Supplementary Table D4) was 
significantly associated with psoriasis and related disorders (p_adj < 0.017), while the EUR-PRS (Supplementary 
Table D5) and EAS-PRS (Supplementary Table D6) showed no significant associations.

Except from the disease outcomes included in the pheWAS analysis, we further examined associations of 
ancestry-specific (East Asian (EAS) and European (EUR)) and cross-ancestry (META) polygenic risk scores 
(PRSs) with four self-reported sleep related traits (sleep duration (in hours), short sleep duration, morningness 
and blood vitamin D levels; see Supplementary Tables D7-D13 for details). When all UK Biobank participants 
were included in the sample, both the z-scored East Asian-specific PRS (EAS-zPRS) and the European-
specific PRS (EUR-zPRS) showed significant (Bonferroni adjusted for 3 PRSs⋅4 sleep traits; p < 0.05/12 = 0.004) 
associations with sleep duration (p < 2.81 × 10–3) short sleep duration (p < 7.97 × 10–6), blood vitamin D levels 
(p < 2.40 × 10–6) and morningness (p < 7.32 × 10–7) (Supplementary Table D7). The cross-ancestry PRS (META-
zPRS) was significantly associated with all these traits except morningness (p = 0.716) (Supplementary Table 
D7). When we restricted to UK Biobank participants of European ancestry, the associations for the EUR-zPRS 
remained significant. In contrast, for the EAS-zPRS, only the association with morningness remained significant. 
For the META-zPRS, all associations except that with overall sleep duration remained significant (Supplementary 
Table D8). None of these associations remained significant when East Asian (EAS, Supplementary Table D9), 
Admixed American (AMR, Supplementary Table D11), Central/South Asian (CSA, Supplementary Table D12), 
or African (AFR, Supplementary Table D13) ancestry groups were used as the validation set. However, in the 
Middle Eastern (MID) group (Supplementary Table D10), the EAS-zPRS showed a significant association with 
blood vitamin D levels (p = 0.0012).

Genetic correlation with sleep related and cardiometabolic traits
We used linkage disequilibrium score regression (LDSC) analysis to assess genetic correlations between 
urinary aMT6s and both sleep-related and cardiometabolic traits. Since LDSC estimates can be biased when 
applied across ancestries with different LD patterns and allele frequencies, we restricted the present analyses 
to European-ancestry GWAS datasets and used European reference LD scores. Sleep analyses included self-
reported and actigraphy-derived sleep traits in the UK Biobank, including relative amplitude31. Type 2 diabetes 
summary statistics (BMI-adjusted) were obtained from OpenGWAS (ebi-a-GCST00751632–34), for essential 
hypertension we used IEU OpenGWAS (ukb-a-53134,35) and for GDM, the NHGRI-EBI GWAS Catalog36 study 
GCST9004448437.

No strong genetic correlations were observed for the sleep traits (rg ranging from − 0.3 to 0.2), and none 
reached statistical significance (smallest p = 0.09). (Table E1, Figure E1).

Similarly, there was no evidence of significant genetic correlation with type 2 diabetes (rg=0.0665, SE = 0.1542, 
p = 0.666) or hypertension (rg = -0.2711, SE = 0.3396, p = 0.4248). For GDM, LDSC did not yield an interpretable 
genetic correlation estimate, as the GDM summary statistics showed an out-of-bounds heritability estimate (h2 
= -0.0024, SE = 0.0018) with mean χ2 below 1 (0.9893). Overall, our LDSC analyses for sleep related traits, T2D, 
hypertension, and GDM do not support significant genome-wide genetic correlation with urinary aMT6s.

Discussion
In this study, we conducted the largest to date GWAS meta-analysis of urinary 6-sulfatoxymelatonin (aMT6s) 
levels across five cohorts, including participants from diverse populations. Despite aggregating data from over 
11,000 individuals, no genome-wide significant variants (p < 5 × 10–8) were detected, indicating that melatonin 
secretion is likely influenced by a complex polygenic architecture with small effect sizes. We identified 23 suggestive 
genomic loci, with 8 loci detected consistently across both METAL and MR-MEGA approaches. Two suggestive 
loci were previously implicated in coronary artery disease (rs2013208, rs185087) and one in lipid metabolism 
(rs2013208), suggesting potential pleiotropic effects linking melatonin metabolism to cardiometabolic pathways.

A recent large-scale GWAS of pineal gland volume38 identified 34 genome-wide significant loci and highlighted 
robust genetic contributions to melatonin-related neuroanatomy. Across both our melatonin metabolite GWAS 
and the pineal gland volume GWAS, several genes of interest overlap, pointing to shared biological mechanisms. 
The RBM6:RBM5 locus, which encodes RNA-binding proteins central to splicing regulation, emerges in both 
studies and highlights RNA processing pathways relevant to melatonin metabolism and pineal morphology. 
COL25A1, implicated in amyloid plaque formation and neurodegeneration, links melatonin biology to brain 
aging and disease vulnerability. Finally, signals in the ZIC gene family (ZIC1 in our study, ZIC4 in the pineal 
gland study) underscore the contribution of neurodevelopmental transcription factors to melatonin-related 
traits. Taken together, these convergences suggest common genetic pathways influencing both structural and 
metabolic aspects of melatonin biology.

A central finding of our study is the presence of significant ancestry-related heterogeneity in genetic 
associations. Several loci exhibited differing, and in some cases opposing effect estimates across populations, 
particularly between the Taiwan Biobank (EAS) and the other cohorts. However, these patterns should 
be interpreted cautiously. Although they may reflect population-specific genetic influences on melatonin 
metabolism, they may also arise from ancestry-related differences in allele frequency and LD structure, unequal 
sample sizes across ancestry groups, and limited precision of effect estimates in the smaller ancestry strata. In 
the present study, the majority of participants were of European or East Asian ancestry, whereas other ancestry 
groups were represented by much smaller numbers, making heterogeneity signals in those strata less stable 
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and more susceptible to sampling variability. Consistent with this, the previously reported Taiwan Biobank 
suggestive variants were not replicated in our study, including in restricted subset analyses, suggesting limited 
transferability of these signals across populations. Overall, our findings support the need for larger ancestry-
specific GWASs and more balanced multi-ancestry datasets to distinguish true biological heterogeneity from 
power-related instability.

Gene set enrichment analysis identified significant pathways related to nucleotide exchange factors39, 
cellular signaling40, mitochondrial and energy regulation41 and cancer42, including signals in MST1 and MSP 
pathways with established roles in immune, metabolic and cancer-related processes43–47. Our PRS PheWAS 
analyses demonstrated associations between melatonin PRSs and both blood vitamin D levels and sleep 
duration, consistent with melatonin’s role in circadian regulation and vitamin D metabolism and supporting 
a potentially shared genetic component between melatonin secretion and sleep-related traits. However, 

Fig. 4.  Heterogeneity in lead suggestive SNPs identified exclusively in MRMEGA meta-analyses.

 

Fig. 3.  Heterogeneity in lead suggestive SNPs common in METAL and MRMEGA meta-analyses.
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associations with phenotypes known to vary by ancestry or population structure, including vitamin D-related 
and hematologic traits, should be interpreted cautiously. Although the PheWAS models included adjustment for 
age, sex, genotyping batch, and 10 principal components, residual ancestry-related confounding cannot be fully 
excluded, particularly for phenotypes that are themselves strongly patterned by ancestry or population structure. 
Accordingly, these signals should not be interpreted as evidence of shared melatonin biology alone, as they may 
also reflect ancestry-related differences in phenotype prevalence, environmental exposures, allele-frequency 
distributions, or reduced PRS transferability across populations. These findings are therefore best regarded as 
hypothesis-generating and in need of replication in ancestry-stratified datasets.

Our study has several limitations. First, the overall heritability estimates suggest that aMT6s levels have a 
relatively modest genetic component, which may require larger sample sizes to detect genome-wide significant 
associations. Power calculations indicated limited power to detect small-effect loci. Together with the modest 
SNP-based heritability estimates, these findings suggest that the genetic architecture of 6-sulfatoxymelatonin is 
likely polygenic, with individual variants expected to explain only a small fraction of trait variance. In addition, 
measurement variability in circulating 6-sulfatoxymelatonin may have further reduced locus discovery power. 
Second, phenotype measurement heterogeneity across cohorts is an important limitation. Although we applied 
within-cohort z-scoring of log(aMT6s: Cr) to improve harmonization, this procedure standardizes scale rather 
than fully correcting for systematic differences related to ELISA platform, creatinine assay, laboratory site, 
and urine collection or processing protocols. These differences may have introduced residual non-biological 
variation, attenuated genetic effect estimates, and reduced power for locus discovery. In addition, raw melatonin 
levels varied across cohorts, reflecting cohort-specific characteristics, including particularly low levels among 
older MrOS men and much higher levels among NHS women. The lack of substantial genomic inflation across 
the individual cohorts and meta-analyses suggests that such heterogeneity likely acted primarily by adding 
measurement noise rather than inflating association statistics. Together with the inclusion of multiple ancestries 
and relatively modest sample sizes, these factors likely contributed to the lack of genome-wide significant 
associations. Accordingly, the present meta-analysis should be regarded as exploratory and power-limited, and 
loci reaching only suggestive significance should be interpreted as hypothesis-generating rather than definitive 
associations. Future studies should focus on expanding sample sizes, particularly in non-European populations, 
improving phenotype harmonization across cohorts, and applying more standardized biospecimen collection 
and assay protocols to improve discovery power and clarify ancestry-specific effects.

In conclusion, this study represents one of the largest multi-ancestry GWAS meta-analyses of urinary aMT6s 
levels to date, providing novel insights into the genetic determinants of melatonin secretion. While no genome-
wide significant loci were identified, we uncovered several suggestive genetic signals with potential links to 
cardiometabolic traits and cancer. The observed ancestry-specific effects highlight the complexity of melatonin 
metabolism and the importance of diverse study populations. Future research should aim to replicate and extend 
these findings using larger and more diverse cohorts, ultimately improving our understanding of melatonin’s role 
in human health.

Fig. 5.  Heterogeneity in lead suggestive SNPs identified exclusively in METAL meta-analyses.
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Methods
Study sample
The analytic sample for our study was made up of 11,744 individuals (Table  1) with 2,373 individuals of 
East Asian ancestry from the Taiwan Biobank (TWB), 3,861 female nurses of European ancestry from the 
Nurses’ Health Study (NHS1) and Nurses’ Health Study II (NHS2), 2,175 men of European ancestry from the 
Osteoporotic Fractures in Men (MrOS), and 3,335 individuals of diverse ancestries from the Multiethnic Cohort 
Study (MEC). Further details on each study cohort can be found in Supplementary Methods.

Outcome definition
Table  4 summarizes the aMT6s measurement details across participating cohorts, with additional cohort-
specific information provided in the Supplementary Methods. The concentration of melatonin metabolite 
(6-sulfatoxymelatonin, aMT6s) in the urine —whether measured from a first-morning void or an overnight 
collection— depends on the sample’s volume, with urinary creatinine levels serving as a reliable substitute for 
this variation48. The melatonin-to-creatinine ratio (aMT6s: Cr) is conventionally used to control for differences 
in sample dilution, with further log-transformation ensuring normality. To address inter-study variability, we 
additionally normalized (z-scored) the log-transformed aMT6s: Cr values within each study cohort, thereby 
establishing our primary outcome measure as Zlog(aMT6s: Cr).

Genome-Wide association and meta-analysis
Genome wide association studies (GWASs) of our outcome variable were performed within each study cohort 
using linear regression models adjusted for age at sample collection, sex (where applicable) and first 10 principal 
components of ancestry. Further cohort specific details on GWAS analyses are described in Supplementary 
Methods. GWAS summary statistics were aligned to genome build hg19 and harmonized by excluding variants 
with poor imputation quality (info score R2< 0.7), low minor allele frequency (MAF < 1%), significant deviation 
from the Hardy-Weinberg equilibrium (p-value < 10− 8) and the low genotype call rate (< 95%). Meta analyses 
were performed by using meta-regression of multi-ethnic genetic association (MR-MEGA49 and inverse 
variance fixed-effects model in METAL50 with genomic control correction for the individual study level data. 
Briefly, MR-MEGA conducts a meta-regression analysis by creating axes of genetic variation specific to each 
cohort, which are next used as covariates in the meta-analysis to adjust for possible differences in population 
structure. This approach allows to distinguish between ancestral and residual sources of heterogeneity. Although 
MR-MEGA shows an increased power to detect SNPs associations under both fixed and random effects meta-
analysis settings49, for variants with homogenous effects across populations its power is reduced51. To account 
for these aspects and potentially detect genetic variants with both homogeneous and heterogeneous effects 
across study cohorts, we applied both METAL and MR-MEGA methods. Genetic ancestry was not assigned 
using a single cross-cohort clustering pipeline for this meta-analysis. Instead, ancestry definitions were 
inherited from the original cohort-specific GWAS pipelines and therefore reflected cohort-specific recruitment, 
eligibility criteria, quality-control procedures, and analytic design. Consequently, no single PCA-projection, 
ADMIXTURE-based framework, or uniform ancestry-classification threshold was applied across all cohorts. 
Taiwan Biobank was restricted to participants of East Asian ancestry, MrOS to white/European-ancestry men, 
and NHS excluded participants self-identifying as non-White or multi-racial, while MEC was analyzed as a 
multiethnic cohort. Cohort-specific GWAS models included 10 ancestry principal components as covariates. 
For genotype imputation, cohort-specific reference panels were used, including the 1000 Genomes East Asian 

TWB NHS* MrOS MEC

Sample size
(n) 2,373 3,861 2,175 3,335

aMT6s concentration
measuring kit and
manufacturer’s
protocol used

Human Melatonin
Sulfate ELISA kit,
Lab science

ELISA; ALPCO,
Windham, NH

Buhlmann 6-
sulphatoxymelatonin
ELISA; ALPCO
Diagnostics,
Windham, NH

Melatonin-Sulfate
ELISA; IBL
International

Cr measuring method

In the same lab but
not at the same time;
one plate of 96-well
ELISA at a time; no
precise batch
information

ALPCO, Windham,
NH; Jaffe method

OHSU clinical
laboratory; using the
Synchron LX System
(Beckman Coulter,
Fullerton, CA), which
utilizes the Jaffe rate
method and has a
sensitivity of 10 mg/
dL for creatinine in urine

Jaffe method on
Hitachi 912 (Roche
Diagnostic)

Were there several
study sites/labs?

NO; measured in the
same lab

YES; 28 nested
case-control studies

YES; Birmingham N = 471;
Minneapolis N = 481;
Palo Alto N = 463;
Pittsburgh N = 500;
Portland N = 430;
San Diego N = 499

NO; measurements
done by the same
lab, measured in
duplicate in 32
batches

Table 4.  Urinary 6-sulphatoxymelatonin (aMT6s) measurement characteristics in Taiwan Biobank (TWB), the 
Nurses’ Health Study I (NHS1), the Nurses’ Health Study II (NHS2), MrOS and Multiethnic Cohort (MEC). 
*NHS : pooled NHS1 and NHS2 cohorts.
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reference panel in Taiwan Biobank, TOPMed in NHS, and the 1000 Genomes Project reference panel in MrOS 
and MEC. For MR-MEGA, 1 genetic principal component was used to construct the meta-regression axis. To 
claim significance, we applied the conventional genome-wide threshold of 5⋅10− 8 and less stringent level of 
1⋅10− 5 for suggestive associations52. The overall SNP-based heritability and genetic correlations were estimated 
by using Linkage Disequilibrium Score Regression (LDSC)53.

Formal power calculations were performed as an approximate assessment of variant-level discovery power 
using the observed total meta-analysis sample size (N = 11,744) and significance thresholds of 5 × 10− 8 and 
1 × 10− 5. Power was calculated from the non-central chi-square distribution across a range of assumed per-
variant proportions of phenotypic variance explained (R2), and the minimum R2 required for 80% power was 
determined. Because the GWAS results were obtained from multi-cohort meta-analysis using both fixed-effects 
and meta-regression approaches, these calculations should be interpreted as approximations rather than exact 
estimates of power.

To identify independent significant genomic risk loci we used Functional Mapping and Annotation 
(FUMA25,26 v1.5.2. We further derived a polygenic risk score for the aMT6s using PRS-CSx54, restricting 
score construction to SNPs nominally associated with aMT6s in our discovery GWAS (p < 0.05), and checked 
its associations with common diseases by running phenome-wide association studies (PheWASs) in the Mass 
General Brigham Biobank (MGBB) and in the UK Biobank (UKBB). Since harmonized individual-level data 
were not available across all contributing cohorts, formal PRS predictive performance could not be assessed. 
PheWAS analyses were performed using PRSs derived from PRS-CSx weights estimated from our meta-analysis, 
with regression models adjusted for age, sex, genotyping batch, and 10 ancestry principal components. Further 
details are described in Supplementary Methods.

Ethics statements
All studies were approved by the respective local ethical committees. All methods were carried out in accordance 
with relevant guidelines and regulations, and informed consent was obtained from all participants. The Taiwan 
Biobank study protocol was approved by the Institutional Review Board of Chang Gung Medical Foundation 
and the Institutional Review Board of National Taiwan University Hospital. All subjects have provided 
written informed consent. The Nurses’ Health Study and Nurses’ Health Study 2 protocols were approved by 
the Institutional Review Board of Brigham and Women’s Hospital and the Committee on the Use of Human 
Subjects in Research of Harvard T.H. Chan School of Public Health (Boston, MA, USA). Voluntary return of 
questionnaires indicates their informed consent. For the MrOS study men were recruited at six US clinical 
centers in Birmingham, AL; Minneapolis, MN; Palo Alto, CA; the Monongahela Valley near Pittsburgh, PA; 
Portland, OR; and San Diego, CA and the institutional review boards at each clinic site approved the study. The 
Institutional Review Boards of the University of Hawaii and the University of Southern California approved the 
Multiethnic Cohort study.

Data availability
GWAS summary statistics generated in this study have been deposited in the NHGRI-EBI GWAS Catalog un-
der GCP ID: GCP001636 (​h​t​t​p​s​:​​/​/​w​w​w​.​​e​b​i​.​a​c​​.​u​k​/​g​w​​a​s​/​d​e​​p​o​s​i​t​i​​o​n​/​b​o​d​​y​o​f​w​o​r​​k​/​G​C​P​0​0​1​6​3​6 ). The ​c​o​r​r​e​s​p​o​n​d​
i​n​g accession numbers are: GCST90833020: METAL meta-analysis ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​e​b​i​.​a​c​.​u​k​/​g​w​a​s​/​s​t​u​d​i​e​s​/​G​C​S​
T​9​0​8​3​3​0​2​0​​​​​)​, GCST90833021: MRMEGA meta-analysis ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​e​b​i​.​a​c​.​u​k​/​g​w​a​s​/​s​t​u​d​i​e​s​/​G​C​S​T​9​0​8​3​3​0​2​1​​​​​
)​, GCST90833022: TWB GWAS (https://www.ebi.ac.uk/gwas/studies/GCST90833022), GCST90833023: NHS 
GWAS (https://www.ebi.ac.uk/gwas/studies/GCST90833023), GCST90833024: MrOS GWAS (https://www.ebi.
ac.uk/gwas/studies/GCST90833024), GCST90833025: MEC GWAS ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​e​b​i​.​a​c​.​u​k​/​g​w​a​s​/​s​t​u​d​i​e​s​/​G​C​S​
T​9​0​8​3​3​0​2​5​​​​​)​, GCST90833026: METAL meta-analysis among European ancestry ​p​a​r​t​i​c​i​p​a​n​t​s (https://www.ebi.
ac.uk/gwas/studies/GCST90833026).
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