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Figure S14: PCCB locus colocalization. Colocalization results for PCCB locus demonstrating
pleiotropic effects of variant rs61791721 on alanine, glycine, pyruvate, isoleucine, valine, leucine,

total fatty acids, total triglycerides, total free cholesterol, the UK Biobank clinical measures of HDL-
C, LDL-C and triglycerides, and CAD.
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Single-tissue eQTL

Tissue Samples NES p-value m-value NES (with 95% CI)
Liver 208 0.148 1.5e-4 0.00 ——
® Vvagina 141 0.00957 0.9 0.681 -_—
Kidney - Cortex 73 -0.00888 0.9 0.783
Minor Salivary Gland 144 -0.0410 0.5 0.927
Brain - Hippocampus 165 -0.0501 0.3 0.932 — T
Ovary 167 -0.0509 0.5 0.943
Colon - Transverse 368 -0.0640 2.7e-3 0.872 -
Brain - Spinal cord (cervical c-1) 126 -0.0684 0.2 0.953 -_—T1
@® Whole Blood 670 0.0692  0.01 0.956 —-
@ Small Intestine - Terminal lleum 174 -0.0780 0.05 0.972 ——
Brain - Substantia nigra 114 -0.0834 0.3 0.963
@ Skin - Sun Exposed (Lower leg) 605 -0.0836  0.009 0.992 +
Artery - Coronary 213 -0.0854 0.08 0.990 —
@ Heart - Left Ventricle 386 -0.0890 24e-4  1.00 ——
Lung 515 -0.0946  2.8e-6 1.00 -
Muscle - Skeletal 706 -0.0948  3.7e-7 1.00 -
Adrenal Gland 233 -0.0987  0.009 0.999 —_—
® Adipose - Subcutaneous 581 -0.101  35e-4  1.00 - -
Adipose - Visceral (Omentum) 469 -0.109 4.4e-7 1.00 -
o Esophagus - Mucosa 497 -0.113 9.0e-5 1.00
Colon - Sigmoid 318 -0.123 3.0e-4 1.00 .
Cells - Cultured fibroblasts 483 -0.126 3.4e-6 1.00 ——
@ Heart - Atrial Appendage 372 0131  14e6  1.00 ——
@ Skin - Not Sun Exposed (Suprapubic) 517 -0.132 1.2e-5 1.00 +
Brain - Cerebellar Hemisphere 175 -0.141 1.5e-3 1.00 _—
Cells - EBV-transformed lymphocytes 147 -0.142 0.1 0.965
Prostate 221 -0.144 3.3e-3 1.00 —_—
Uterus 129 -0.146 0.06 0.998
® Pancreas 305 -0.146  2.8e-4  1.00 —i—
Breast - Mammary Tissue 396 -0.149 7.1e-6 1.00 -
Stomach 324 -0.157 3.2e-7 1.00 —
@ Thyroid 574 0165 22e15 1.00 -
Esophagus - Muscularis 465 -0.175 1.7e-9 1.00 —
(] Esophagus - Gastroesophageal Junction 330 -0.182 1.4e-5 1.00 ——
Brain - Cerebellum 209 -0.184 0.006 1.00
Nerve - Tibial 532 -0.188 7.9e-7 1.00 —
@ Artery - Tibial 584 -0.194 1.7e-10  1.00 —.—
Brain - Hypothalamus 170 -0.203 1.7e-3 1.00
@ Spleen 227 -0.204 5.3e-6 1.00 ——
Brain - Amygdala 129 -0.209 0.008 1.00
@ Artery - Aorta 387 0229 227  1.00 —i—
Brain - Nucleus accumbens (basal ganglia) 202 -0.235 2.5e-5 1.00 -_—
Brain - Caudate (basal ganglia) 194 -0.243 1.8e-4 1.00
Brain - Putamen (basal ganglia) 170 -0.248 2.0e-4 1.00
Testis 322 -0.258 3.6e-9 1.00 —
Pituitary 237 -0.269 4.4e-6 1.00 _—
Brain - Cortex 205 -0.284 6.0e-5 1.00
Brain - Anterior cingulate cortex (BA24) 147 -0.289 2.9e-4 1.00
Brain - Frontal Cortex (BA9) 175 -0.317 2.4e-5 1.00
-0.4 -0.2 0.0 0.2
NES

Figure S15: rs61791721 eQTL effects. Tissue eQTL effects for the PCCB variant (rs61791721)
in GTEx.
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Figure S16: Additional manhattan plots. Manhattan plots for (a) HDL C, (b) LDL C, (¢)
total triglycerides, and (d) total fatty acids. Blue coloring represents metabolites belonging to the
lipid group and green belongs to fatty acid group.

42


https://doi.org/10.1101/2022.04.02.486791
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.04.02.486791; this version posted April 4, 2022. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

7

o
J

Supplementary Tables

Table S1: Metabolite HESS heritabilities. Heritibility results from HESS for each metabolite.
(File: hess_ scaled_ heritabilities.tsv)

768

Table S2: Gene function sources. Sources for biochemical characterization of genes mentioned
in the variant vignettes.
(File: gene_ biochemistry sources.zlsx)

769

Table S3: Metabolite GWAS hits annotation. Annotation for the 213 metabolite GWAS hits,
including the assigned gene, assigned gene type, variant classification, and nearest gene.
(File: rigidmetabolites sig pruned_snplist _manual_annotation_ closestgene  disttss.tsv)

770
Table S4: Gene biochemical groups. The number of significant (P < 1e-4) metabolite associa-
tions each metabolite GWAS gene had for each biochemical group. For a given gene, only biochemical

groups that had at least one significant metabolite association were listed.
(File: gene_metgroup assignments_ all.tsv)

771

Table S5: Ancestry-inclusive GWAS hits. List of additional metabolite GWAS hits from the
ancestry-inclusive analysis that were not present in the European-only GWAS results.
(File: newsnps_annotated_rigid_novel withsumstats.tsv)

772
Table S6: Discordant variant annotation. List of each discordant variant-metabolite associa-
tion, including the variant annotations and relevant metabolite pair genetic correlation and GWAS
summary statistics.
(File: disvar_annotation.tsv)

773
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775

776
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Table S7: Local genetic correlation results. Combined results for different methods of calcu-

lating the local genetic correlation for different pathways for alanine and glutamine, demonstrating
the consistency across the different approaches.

(File: combined_ localgencor methods.tsv)

Table S8: Metabolite associations with CAD. Literature evidence and citations for metabolite
associations with CAD.

(File: met_to_ disease.zlsx)

Table S9: PCCB GWAS results. GWAS summary statistics for rs61791721 (PCCB) in the 16
metabolites.

(File: PCCB_sumstats.tsv)
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