Additional File 1: Supplementary Methods

Plasma biomarker measurements by NMR
Plasma sample preparation
EDTA plasma samples from aliquot 3 were measured using Nightingale Health’s NMR-based metabolic biomarker profiling platform. The samples were prepared directly in 96 well-plates by UK Biobank [1]. At least 85 µL plasma was aliquoted in each well using TECAN freedom EVO 150 robotic liquid handlers, which have coefficients of variation in pipetting volume at <0.75% across 8 tips. Plasma samples were shipped to Nightingale Health’s laboratories in the 96-well plates on dry ice in sample batches of ~5,000-20,000.

EDTA plasma samples were stored in a freezer at -80°C. Before preparation, frozen samples were slowly thawed at +4°C overnight, and then mixed gently and centrifuged (3 min, 3400g, 4°C) to remove possible precipitate. Aliquots of each sample were transferred into 3-mm outer-diameter NMR tubes and mixed in 1:1 ratio with a phosphate buffer (75mM Na2 HPO4 in 80%/20% H2 sodium 3-(trimethylsilyl) propionate-2,2,3,3-d4 O/D2 O, pH 7.4, including also 0.08% and 0.04% sodium azide) automatically with an automated liquid handler (PerkinElmer Janus Automated Workstation).

NMR spectroscopy
The prepared samples were loaded onto a cooled sample changer, which maintains the temperature of samples waiting to be measured at 6°C. Two NMR spectra were recorded for each plasma sample using a 500 MHz NMR spectrometer (Bruker AVANCE IIIHD). The first spectrum is a presaturated proton NMR spectrum, which features resonances arising mainly from proteins and lipids within various lipoprotein particles. The other spectrum is a T2-relaxation-filtered spectrum where most of the broad macromolecule and lipoprotein lipid signals are suppressed, leading to enhanced detection of low-molecular-weight metabolites. Automated quality control of the spectral data was performed. The metabolic biomarkers were quantified using Nightingale Health’s proprietary software (Nightingale Health biomarker quantification library 2020).

Quality control assurance
Metabolic biomarker profiling by Nightingale Health’s NMR platform provides consistent results over time and across spectrometers. Furthermore, the sample preparation is minimal in the Nightingale Health’s metabolic biomarker platform, circumventing all extraction steps. These aspects result in highly repeatable biomarker measurements. Pre-specified quality metrics were agreed between UK Biobank and Nightingale Health to ensure consistent results across the samples, and pilot measurements were conducted. Nightingale Health performed real-time monitoring of the measurement consistency within and between spectrometers throughout measurements of the UK Biobank samples. Two control samples provided by Nightingale Health were included in each 96-well plate to track the consistency across multiple spectrometers. Furthermore, two blind duplicate samples provided by the UK Biobank were included in each well plate, with the position information unlocked only after results delivery. Coefficient of variation (CV) targets across the metabolic biomarker profile were prespecified for both Nightingale Health’s internal control samples and UK Biobank’s blind duplicates. The targets were met for each consecutively measured batch.

Plasma sample dilution issue
UK Biobank plasma samples from aliquot 3 analysed by Nightingale Health are expected to be 5-10% diluted. The dilution is believed to come from mixing of participant sample with water due to seals that failed to hold a system vacuum in the automated liquid handling systems. While this issue may have an impact on some of the biomarker concentration values, it is expected to have limited impact on the epidemiological analyses. However, we recommend that this aspect is considered when conducting analyses that rely on absolute concentrations, such as stratification based on specific biomarker concentrations. The dilution may also cause challenges in comparing the biomarker concentration distributions with those observed in other cohort studies. We therefore caution against using the concentrations observed in UK Biobank as reference levels for translational applications.

Identification of survival-associated metQTLs
[bookmark: _Hlk164933509]In the UK Biobank population, participants were selected for survival analysis using the same criteria applied in the previous definition of 40 disease outcomes (Additional file 2: Table S2). The screening criteria were as follows: (1) participants with missing covariates data (age, sex, survival time) were excluded; (2) individuals with missing survival outcomes were removed. For each disease, we used the log-rank test to examine the association between three genotype groups and patient overall survival times. We plotted Kaplan-Meier (KM) curves to show the survival times for individuals carrying different genotypes. Finally, metQTLs with a survival analysis P < 0.05 and a metQTL result of P < 2.01×10-10 were defined as survival-metQTLs.

SNP-based heritability estimates of metabolite levels
We used GCTA (v.1.93) [2] to calculate the proportion of metabolite variance tagged by all SNPs on the genotyping array (that is, the SNP-based heritability). A genetic relationship matrix (grm) was created from the genotyping data and the -reml command was used to estimate variance of the traits explained by the genotyped SNPs. The default values for the parameters were used and sex and age as covariates. P < 0.05/249 = 2.01×10-4 was considered statistically significant.

Genetic correlation with disease traits using LDSC
We estimated the genome-wide genetic correlation between metabolite levels and disease traits using Linkage disequilibrium score regression (LDSC) [3]. This method quantifies genetic overlap by regressing GWAS summary statistics against LD scores derived from a reference panel. The analysis followed the standard LDSC protocol, utilizing well-imputed HapMap3 variants (http://ldsc.broadinstitute.org/static/media/w_hm3.noMHC.snplist.zip) and precomputed LD scores from the European ancestry samples of the 1000 Genomes Project Phase 3 (https://data.broadinstitute.org/alkesgroup/LDSCORE/eur_w_ld_chr.tar.bz2). Altogether, the 249 metabolite levels and 40 disease types were tested. P < 0.05/249 = 2.01×10-4 was considered statistically significant.

Enrichment analyses of metQTLs among genomic distribution 
To conduct enrichment analysis, we first generated a set of control SNPs set (non-metQTLs) with the distribution of MAF, number of SNPs in LD and variant type matched to metQTL SNPs among each disease type using a web tool vSampler (http://mulinlab.org/vsampler/). Then we performed genomic annotation for both metQTL and control SNPs using SnpEff [4]. After annotation, the results were classified into intergenic region, intron variant, 5’ UTR variant, 3’ UTR variant, upstream gene variant, downstream gene variant, sequence feature, splice region variant, synonymous variant and missense variants. Enrichment analysis of metQTLs among genomic annotation were performed by two-tailed Fisher’s exact test with Bonferroni correction as the following 2 × 2 table: columns; metQTL SNPs and non-SNPs, rows; SNPs within and not within annotated region. 

Enrichment analyses of metQTLs among functional annotation
All the genetic variants identified metQTL analysis in each disease type have been annotated using SnpEff software, which enables rapid analysis of whole-genome sequencing data. Annotation files for H3K4me1, H3K4me2, H3K4me3, H3K9ac, H3K27ac, H3K27me3 and transcription factor (TF) binding sites were downloaded from the ENCODE portal [5]. Two-tailed Fisher’s exact test were applied to perform enrichment analysis for the following 2 × 2 tables: columns; metQTL SNPs and non-metQTL SNPs, rows; SNPs within and not within functional class or regulatory elements.

Enrichment analyses of metQTLs in GWAS signal
[bookmark: _Hlk166274746]The summary data of SNPs associated with human common disease susceptibility were collected from the Neale Lab, the GWAS Catalog (https://www.ebi.ac.uk/gwas/) and earlier study [6], matching the ethnic background of the UKB population. SNPs with genome-wide significance (P < 5 × 10-8) were used for enrichment analysis. GWAS LD regions were defined as genomic region containing SNPs in LD with the tag SNP at r2 > 0.8. The Bedtools software were used to analyze whether each SNP is within GWAS LD regions. Enrichment analyses of metQTL SNPs compared to non-metQTL SNPs among disease GWAS loci were performed by ​two-tailed Fisher’s exact test.

Drug-gene interaction analyses
To identify potential druggable targets for therapeutic repurposing, we interrogated the Drug Gene Interaction database (DGIdb) (https://www.dgidb.org/) [7] for interactions between the identified putative effector genes and known drugs. The identified medications were subsequently categorized according to the Anatomical Therapeutic Chemical classification system, with codes retrieved from the Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.genome.jp/kegg/drug/) [8].

Sensitivity Analyses for Univariate MR
[bookmark: _Hlk210511378][bookmark: _Hlk210511387][bookmark: _Hlk211691930][bookmark: _Hlk210912258]The UVMR main program uses the R package TwoSampleMR (v.0.4.0) [9], which by default conducts five different MR methods, including Egger, weighted median, simple mode, weighted mode estimators and inverse variance weighted (IVW). We quantified heterogeneity with Cochrane’s Q [10] statistic and examined horizontal pleiotropy using the MR-Egger intercept test. The MR pleiotropy residual sum and outlier (MR-PRESSO) [11] method was performed to detect and correct for outliers with horizontal pleiotropy, and when significant outliers were detected, the outliers were removed and MR causal estimation was reassessed. Finally, MR-Steiger [12] analysis was applied to confirm the causal direction between metabolites (exposure) and diseases (outcome), and MRlap [13] analysis was implemented to account for potential bias arising from sample overlap.

The procedure for IV selection in MVMR
To identify the instrumental variables (IVs) used in MVMR, we followed the three-step process. First, we extracted SNPs robustly associated with each exposures in the MVMR model (P < 10×10-8) and performed linkage disequilibrium (LD) clumping (r2 < 0.001, window size = 1Mb) based on the European reference panel to retain independent SNPs. Second, we merged these exposure-associated SNPs to create a union set of candidate IVs, and further removed duplicate SNPs and conducted an additional LD clumping to ensure the independence of all SNPs. Third, we calculated the F-statistics for each SNP and excluded weak instrument (F-statistic < 10). Based on this final set of SNPs, we extracted their association estimates with all exposures and constructed a correlation matrix among the instruments.

Database construction
To facilitate future research on metabolite QTLs, we have integrated all findings into metQTL-Atlas, an open-access database available at http://metqtl.whu.edu.cn/home. This resource comprises four functional modules: metQTLs, Survival-metQTLs, GWAS-metQTLs, and Gene-Drug pairs (Additional file 3: Fig. S4A). The database features a user-friendly web interface built with ReactJS and is hosted on a Linux-based Nginx server. Users can query each module using flexible criteria, such as disease type (e.g., Asthma), metabolite class (e.g., Glycine), or SNP ID (e.g., rs72946069) (Additional file 3: Fig. S4B). Submitting a query generates a results table (Additional file 3: Fig. S4C), with the output format being specific to each module (Additional file 3: Fig. S4D). Additionally, the metQTLs and Survival-metQTLs provide integrated data visualization tools alongside the query results (Additional file 3: Fig. S4E, F). All underlying datasets are available for bulk download via the dedicated ‘Download’ page.
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