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Supplementary Methods

Assessment of blood and urine arsenic

Blood and urine samples that were used for these analyses were collected at baseline and week
12. Aliquots of ethylenediaminetetraacetic acid-anticoagulated whole blood and plasma samples
were stored at —80°C and shipped on dry ice. Urine samples were collected in 50-mL acid-
washed polypropylene tubes, stored at —20°C, and shipped on dry ice.! For both blood and urine
samples, we measured arsenic species (As'", AsV, MMA, and DMA) using high performance
liquid chromatography (HPLC) coupled to a dynamic reaction cell inductively coupled plasma
mass spectrometer. The detection limits (LOD) and precision of arsenic measurements can be
found in our prior publications.? 3 The concetrations for all arsenic species were above LOD

except AsY, for which 51.3% were below the LOD of 0.22 pg/L. In accordance with previous

research, we employed all data points, including those below the LOD, for our main analysis, as
this approach has demonstrated superior performance compared to other LOD-handling
methods.* To assess the robustness of our findings, we conducted sensitivity analyses by
comparing the beta coefficients and p values to those with concentrations below the LOD

replaced with LOD/+2.

As described previously,’ arsenic species in urine are susceptible to oxidation (from As' to AsY)
during storage and sample collection and preparation. We therefore calculated the sum of As!!
and AsV levels to represent total inorganic arsenic (XInAs) in urine. In addition to the absolute
exposure levels, arsenic metabolism capacity (assessed by the relative proportions of arsenic
species in urine, %uAs) also varies across individuals and modifies future disease risk from
arsenic exposure.® 7 Therefore, we used two panels of arsenic measurements — four blood arsenic
species concentrations (As'!, AsV, MMA, and DMA) and three urinary arsenic species
percentages (%ulnAs, %uMMA, and %uDMA) — to represent arsenic exposure and arsenic
metabolism capacity, respectively (Figure 1).

Assessment of OCM metabolites

As previously described,® plasma vitamin B12 was measured using a radio protein-binding assay
(SimulTRAC-SNB; MP Biomedicals), with intra- and inter-assay coefficients of variation (CVs)
of 6% and 17%, whereas plasma total homocysteine and cysteine concentrations were measured
by HPLC with fluorescence detection using the method of Pfeiffer et al,” with intra- and inter-
assay CVs of 4% and 7% and of 5% and 8%, respectively. Plasma dimethylglycine
concentrations were measured using HPLC coupled with tandem mass spectrometry (MS/MS) at
Division of Nutritional Sciences Cornell University, with overall intra- and inter-assay CVs less
than 10%.!% 1! The analyses of 5-methyl-tetrahydrofolate (5-mTHF) and other OCM
intermediates, including methionine, SAM, S-adenosylhomocysteine (SAH), betaine, choline,
and cystathionine, were carried out at the Center of Metabolomics, Baylor Scott & White
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Research Institute using HPLC-MS/MS-based methods, !> 13 with overall intra- and inter-assay
CVs of less than 15%. Three samples with missing data on OCM metabolites were excluded
from downstream analyses.

High-resolution metabolomic profiling and data processing

Metabolomic profiling was performed for plasma samples collected at baseline, week 12, and
week 24. The method has been described in detail in a prior publication.!# Briefly, plasma
samples were prepared in batches of up to 84 study samples containing up to 12 QA/QC samples
using an automated liquid handler (Opentron OT2) and 96-well plates. Prior to analysis, samples
were thawed at 4°C, vortexed and 30 pL plasma was extracted by adding 90 uL acetonitrile
containing 13C labeled internal standards (ISs). The resulting extracts were analyzed using two
separate analytical runs configured for C,g3 or HILIC analysis that included a Vanquish Duo Ultra
Performance Liquid Chromatography coupled to Q-Exactive HFX HRMS system (Thermo
Fisher Scientific, Rockford, IL, USA). Samples were randomized and analyzed using dual
column chromatography with mobile phases optimized for positive or negative ionization. All
samples were analyzed with reverse phase Higgins TARGA C;g Spum 50x2.1mm column
(Higgins Analytical, Inc, Mountain View, CA, USA) in both positive mode and negative mode.
HILIC chromatography separation was accomplished using a SeQuant ZIC-HILIC 3.5um
50x4.6mm column (Merck KGaA, Darmstadt, Germany) for positive mode and a XBridge
Amide 3.5pum 3.0x50mm column for negative mode. The mass spectrometer was operated at
120,000 resolution and mass scan range of 85-1250 mass-to-charge ratio (m/z). Raw data was
processed through apLCMS 13-17 and xMSanalyzer,'® which resulted in a total of 20,758 C18 and
31,386 HILIC metabolomic features. ComBat '° was used to correct for batch effect. To identify
known metabolites (Level 1 confidence)?® we compared detected feature m/z and retention time
to an in-house library of metabolite standards run on the same platform and analytical method,
which identified 180 C18+, 221 C18-, 223 HILIC+, and 173 HILIC- confirmed metabolites. We
also used xMSannotator with the HMDB database to assign predicted metabolite annotations for
unconfirmed features.?!- 22

Prior to analysis, we removed metabolites or metabolomic features with detection rates < 50%,
which resulted in a total of 171 C18+, 192 C18-, 203 HILIC+, and 157 HILIC- metabolites, and
9,446 C18+, 7,410 C18-, 12,461 HILIC+, and 12,058 HILIC- features. Since some metabolites
can be readily detected by multiple columns and MS modes, a total of 511 unique metabolites
were used for analysis. However, we retained the duplicate metabolites in statistical analysis to
test whether same metabolites can be consistently identified across different column types and
modes. We replaced values below limits of detection with the lowest observed values divided by
square root of 2, quantile normalized and log2 transformed the data prior to modeling.

Additional detail on statistical analysis

To identify metabolites associated with arsenic, we used robust linear regression to identify
OCM metabolites, annotated metabolites, and unannotated features associated with blood arsenic
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or urinary %As, adjusting for age, sex, history of smoking (yes/no), betel nut use (yes/no), and
BMI (Figure 1B).

To identify metabolites associated with FA-induced arsenic change, we calculated the
differences in arsenic species between baseline (7)) and first follow-up at week 12 (¢;) and
constructed the following robust linear regression model (Figure 1B):

Metabolite,s = 1 - As speciesi—_o +

B2 - (As speciess1_o X Treatment group) + 3 - Treatment group + B4 - As species;g
+ Bs - Metabolite,g + e Agero + L7+ Sexio + fg+ Smokingqo + Lo - Betel nut,g + 10
- BMI,

In the above model, As species;1_¢¢ 1s the difference in arsenic species levels between 7 and ¢/,
As species, is the arsenic species level at ¢y, Metabolite, is the metabolite level at 7y, and
Metabolite; is the metabolite level at ¢;. For the 'Treatment group' variable, we set the placebo
group as the referent and generated two dummy variables (for the 400FA and 800FA groups
respectively). Thus, the model controls for any temporal, non-treatment effect of arsenic change
(e.g., use of water arsenic filters, seasonal change, etc.) as captured in the placebo group (1),
while estimating treatment-specific effects of arsenic change through f,s. In addition, the model
also controlled for treatment (f53), baseline arsenic (f34), baseline metabolite (f5), and other
covariates including age, sex, smoking, betel nut use and BMI (S¢_1¢)-

In a post hoc sensitivity analysis, we explored whether the observed significant associations may
differ by As methylation efficiency (AME) status as defined by previously reported AME-related
single nucleotide polymorphisms (SNPs).?> Genome-wide profiling was performed using the
Infinium Global Diversity Array. Of the four AME related SNPs, one AS3MT SNP, rs11191492,
did not pass the data QC, and the other three AME-related SNPs were included in this analysis:
154919690, rs191177668, and rs61735836. A total of 583 participants with both genotyping data
and meta data available were grouped according to whether or not they had at least one mutant
allele for any of the 3 SNPs.

Pathway analysis

We used the global test algorithm implemented by the Enrichment Analysis module on the
MetaboAnalyst platform (v6.0) for the enrichment of annotated metabolites with nominal p <
0.05 due to limited numbers of significant hits.>* To enrich pathways for metabolomic features,
we used Mummichog with mixed mode, 5 parts per million mass tolerance, top 5% peaks as p-
value cutoff, minimum library size at 3; peak information including m/z, retention time, and p
value and z score from regression, as implemented by the MetaboAnalyst R package (v4.0.0).%
We used FDR-adjusted p values derived from Gamma distribution to determine significant
pathways. Both enrichment analyses used Kyoto Encyclopedia of Genes and Genomes (KEGG)
metabolic pathway set as the reference library. We used iPATH 26 to visualize the identified
metabolites and their enriched KEGG pathways in the form of a metabolic map.
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Figure S1. Associations between one-carbon metabolism metabolites and markers of arsenic exposure and metabolism, including
results for total blood arsenic.

We used robust linear regression to identify one-carbon metabolism metabolites associated with arsenic exposure (four blood As
species) and with arsenic metabolism (three urinary As species percentages) in the trial baseline population, adjusting for age, sex,
smoking, betel nut use, and body mass index. Significant associations with FDR < 0.05 were marked with asterisks. t values were
obtained from regression models and were shown by color.

Abbreviations: 5S-mTHF, 5-methyl-tetrahydrofolate; AsIII, arsenite; AsV, arsenate; DMA, dimethyl-arsenical species; FA, folic acid;
FDR, false discovery rate-adjusted p value; InAs, inorganic arsenic; MMA, monomethyl-arsenical species; SAH, S-
adenosylhomocysteine; SAM, S-adenosylmethionine.
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Figure S2. Sensitivity analysis for blood AsV-associated metabolites — replacing values <LOD
with LOD divided by square root of 2.

Robust linear regression was used to identify AsV-associated metabolites adjusting for age, sex,
smoking, betel nut use, and body mass index. Metabolome-wide results using original AsV
concentrations were compared to the results replacing values <LOD with LOD divided by square
root of 2. Beta coefficients were compared directly for the same metabolites (A) or metabolomic
features (B), with significant results (Figure 3) highlighted in blue (negative) or red (positive).
Distributions of P values were also compared for metabolites (C) or metabolomic features (D)
using Q-Q plot.
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Figure S3. Sensitivity analysis — significant associations between blood arsenic species and metabolites identified in Figure 3 stratified by As
methylation efficiency (AME) status. In 583 participants with single nucleotide polymorphisms (SNPs) data available, we used three established
AME-related SNPs (rs4919690, rs191177668, rs61735836) to define participants with differential AME capacity: no mutation (AME-/-) or at least
one mutant allele for any of the 3 SNPs (AME+). The association between bAsV and Cystine reached nominal significance (P=0.02) but did not pass
false discovery rate adjustment (FDR=0.17).
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