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Figure S1. Differential expression between HCASMC and related GTEXx tissues. We
performed differential expression analysis between HCASMC and six related tissues: three
artery tissues (tissue of origin), two heart tissues (tissue of origin), and fibroblast (closest
neighbor). The number of differentially expressed genes at FDR < 0.001 are as follows: Artery
— Aorta: 2703 (up) and 4542 (down); Artery — Coronary: 2234 (up) and 4630 (down); Artery —
Tibial: 2923 (up) and 3877 (down); Fibroblast: 1164 (up) and 1446 (down); Heart — Atrial
Appendage: 4572 (up) and 3139 (down); Heart — Left Ventricle: 5107 (up) and 2184 (down).
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Figure S2. Motif enriched within HCASMC-specific peaks. Motif enrichment analysis (see
Methods) reveal that Forkhead box (FOX) motifs (FOXP1, FOXA1 and FOXO1) are enriched in
HCASMC-specific chromatin accessibility regions. FOXA1 and other family members function
as pioneer transcription factors involved in cell growth, proliferation and differentiation. The
enrichment is robust to selection of window sizes around HCASMC-specific peaks (50bp,
200bp, and 1000bp tested), suggesting that the enrichment is robust to the selection of window
size.
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Figure S3. FOX family motif enrichment is specific to HCASMC. To validate that FOX motif
enrichment is specific to HCASMC, we tested whether FOX motifs are enriched in lung
fibroblast-, brain-, and heart-specific chromatin accessibility regions (see Methods). The results
suggest that FOX motifs are not enriched, and to some extent depleted, in regions specific to
tissues other than HCASMC.
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Figure S4. Correspondence between self-reported ancestry and genotype principal
components. We estimated ancestry principal components using the R package SNPRelate
(see Methods), and colored the data points according to self-reported ancestry. A self-reported
Caucasian individual is likely Hispanic, and a self-reported Asian individual is likely admixed.
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Figure S5. HCASMC eQTLs are enriched in HCASMC ATACseq regions. We tested whether
eQTLs are enriched in HCASMC open chromatin regions by plotting all top eQTLs and top
eQTLs overlapping ATAC-seq peaks. The latter has a stronger upward trend, suggesting a
significant enrichment of eQTLs in open chromatin regions (two-sided Wilcoxon rank-sum test
p-value = 9.22x10°®).
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Figure S6 HCASMC-specific eQTLs RPAIN, FAM180A, CFB, and LINC01018. We performed
HCASMC-specific eQTL calling with METASOFT (see Supplementary Methods Section 12).
Under the most stringent criteria (m-value > 0.9 for HCASMC and m-value < 0.1 for GTEx
tissues), we found 4 HCASMC-specific eQTLs (RPAIN, FAM180A, CFB, and LINC01018). This
plot compares the effect size of HCASMC-specific eQTLs across all tissues. Error bar indicates
95% confidence intervals.
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Figure S7. Enrichment of eQTL and sQTL SNPs in various genomic features. We tested
enrichment of (A) eQTL and (B) sQTL variants within 11 genomic regions: downstream-gene
variant, exonic variant, intronic variant, missense variant, splice-acceptor variant, splice-donor
variant, splice-region variant, synonymous variant, upstream-gene variant, 3' UTR variant, and
5' UTR variant. As we expected, eQTL SNPs were most enriched around the promoter region or
the 5' UTR regions. Splicing QTL SNPs were most enriched in splice donor and acceptor sites
and the splice region. Error bars indicate standard error of the odds ratios.
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Figure S8. Enrichment of heritability estimate for tissue-specific genes. We ranked tissues
according to the heritability enrichment estimated by stratified LD score regression. To
determine whether the ranking is robust to the number of tissue-specific genes selected, we
defined the top 1000, 2000, and 4000 genes with the highest z-scores as tissue-specific. With
top 2000 and 4000 genes, HCASMC ranks number three, after coronary artery and adipose.
With top 1000 genes, HCASMC ranks number four, after coronary artery, adipose and lung.
These results suggest that enrichment estimates were robust to the selection of tissue-specific
genes. Error bars indicate standard error of the enrichments.
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Figure S9 Comparing eCAVIAR and SMR results. We plotted the binned SMR p-values
against eCAVIAR colocalization posterior probabilities (CLPPs). We observed that as SMR p-
values becomed more significant, eCAVIAR CLPPs becomed more significant as well.
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Figure S10. eCAVIAR Posterior colocalization probability in GTEx tissues. We estimated
the colocalization posterior probability in GTEXx tissues for four causal genes discovered by
eCAVIAR. We observed that colocalization of PDGFRA and SIPAT are highly specific to
HCASMC. SMADS3 colocalization signal is shared in thyroid and HCASMC, and FES
colocalization signal is shared across multiple tissues.



A FES B PDGFRA
Brain — Hypothalamus- i HCASMC e
rain — Putamen - 1 Testis A 1
Brain - Substantia nigra ' Spleen A 1 ——
Brain - Spinal cord 1 ' Brain — Anterior cingulate cortex '
Brain — Cere\t{gﬁhnna: —— Adipose - Subcutaneou:?: !
B - Cortex 1 b Nerve - Tibial | .
ain — dala 1 s Small Intestine 1 To—
Bram - Frontal ortex- | Esophagus — Mucosa T
Brosei - Heart - LenVentig -
! eart — Left Ventricle -
Brain — Anterior cingulate cortex 1 ! Artery — Aorta - v
St : :
Brain - Cerebegar Hen&lspl&e{e 1 ! Ad StlonIacg 1 1
rain ate renal Gland -
Brain — Nucleus accumbens 1 ; Brain — Gaudate 1 ;
Brain — Hippocampus - 1 Colon — Sigmoid A i
Minor Salivary Gland E 1 Brain — Hippocampus '
Qvar ' Prostate A !
Small Interstntule- —0—'—I Brain - Substann%amgga: I+
Colon - Si r10|d 1 . Heart - Atrlal Appendage 1 ——
en 1 —o—; al
Muscle — Skeletal | ; ram L SpinaPeord ] .
Esophagus - l\/luer‘u aris - 1 |broblast- '
Esophagus - Gastroesophageal Juncti :I)Oz:} E 1 Esophagus — Gastroesophageal Jun(L:tlon E :
i 1 iver 4
Heart — LeftX/entr cle —— erus 4 y
Thyroid 1 - Skin — Lower leg ——
Pancreas - | Brain — Hypothalamus 4 H
Fibroblast - ' Brain — Nucleus accumbens A 3
Liver | olon — Transverse A '
EsoAphagus — Mucosa 1 T Brain — Cerebellar Hemisphere '
dipose — Vlsceral ' Artery — Coronary 1 4
Art Iy tg E ' Muscle — Skeletal 4 !
rtery — Aorta 1 ! ;
MCASMC E —— ! Pancreag 1 —e—
Skin — Suprapubic —e— | LCL 1 -o-
Adrenal Gland - —— Brain — Cerebellum \
Artery — Coror}(ary- I Brain - Frontal Cortex- i
ituitary ar
Adlpose Subcutaneous ' Brain — Cortex- :
Colon - Trans*egs;l 1 ! Esophaguir (le\ﬁlusc_tll_lgrgsi 1 !
ibi ibi
Heart — Atrlal Appendage E — ! yPI uitary !
Ski wer e —— . Adipose - Visceral 1 :
Stomac ' Skin — Suprapubijc - ——
Whole Blood 11— ' Thyroid { —@——
-0.50 -0.25 0.00 -0.50-0.25 0. 00 0. 25 0. 50
beta SMR (95% ClI) beta SMR (95% CI)
C SIPA1 D TCF21
Colon — TE%SA\%%%: : —— Heart — Atrial Appendage 1 —:—0—
T r0|d b | —— Ovary 1 i
SKin - S b ' Adipose - Visceral A !
- 4 ————— N
. Heart ™ Lefkj{)/ra:ﬁﬁcllg ] e — Heart - Left Ventricle 1 ——
Brain - Antenor cmgulatset corter)g 1 h Breast 1 \
Skm — Lower le | —o— ) Spleen 1 \
Artery — Tibial ' Skin — Suprapubic 1 —i0—
Wholadlt ar()j/: p— Pancreas - b
Heart — Atrial Apperéndage E —— Artery — Aorta 1 '
M_uscle Skeletal 1 ! Proetate: .
~ Cerebellum 4 ! Pituitary 4
Esophagus — Gastroesopcl'lagﬁal Jslfgglgg : Thyro!d E _?_
Artery —Aorta \ Colon - S|gmo!d E :
Adipose - Subcutaneous E ' Testis A !
Nerve + Téb'al P Skin - Lower leg 1 —4—
Brain — Frontal Cortex , Vagina <
Esophagus - Mdgg:%?‘laﬁ%: ) Minor Salivary Gland '
Prostate - . Small Intestine q
Brain - Caucli_ate: ' Colon - Transverse A '
Minor SallvarKAGland 1 ! Liver 1 T
sophagwn Co?tgx: . Esophagus - Gastroesophageal Junction - 1
— Substantia nigra ! Uterus 1 ,
Brain - Cerebellar I-em|sp|[1ere- i Adrenal Gland - |
_ iver 1 I Esophagus — Muscularis !
Brain ”'PP%?,%é”rﬁgﬁ ] ' Fibroblast | '
ary 7 . Lung 1 .
Brain - HypothalIJatig;ﬂg ] ! HCASMC 4 o E
F’ancrears1: jj Artery — Coronary A '
Small Intestne | —e— Muscle — Skeletal 1 .
Brain - Nucleus a(/:_\cum ens E ' Stomach 1 '
Brain — Am ) ibigl 1
Adrenalyaland 1 —o— Artery — Tibial !
Bram — Spinal cord 1 , Nerve — Tibial !
Artery — Coroggtflgj \ Adipose — Subcutaneous H
Adipose - Visceral 1 r Esophagus - Mucosa 1 § ' i
—O 50 —0 25 0.00 O. 25 0. 50 -0.4 —O 2 00 02

beta SMR (95% ClI) beta SMR (95% Cl)

Figure S11. SMR p-values in GTEXx tissues. We plotted SMR effect sizes in GTEx tissues for
four candidate genes with nominal significance (FES, PDGFRA, SIPA1, and TCF21). FES and
TCF21 colocalization are shared across multiple tissues. PDGFRA and SIPA1 colocalization are
strongest in HCASMC, in agreement with eCAVIAR results.
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Figure S12. Splicing QTL colocalization. We performed sQTL colocalization analysis using
both eCAVIAR and SMR. We found four potential causal genes at DCLRE1B, DDT, GSTT2,
and SMG9. However, none of the GWAS p-values of the four loci reached genome-wide

significance (5x10%).
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Figure S13. ATAC-seq quality control. (A) As a quality control, we plotted the sequencing
depth for each library. The libraries were sequenced to a median of 44.6 million reads
(interquartile range: 37.7 — 69.8 millions reads), among which a median of 37.1 millions reads
(84%) were mapped (interquartile range: 33.3 — 67.7 millions reads). (B) We plotted the insert
size distribution of ATAC-seq reads. The plot shows distinct peaks at length of the linker
sequence (10-80 bp) as well as peaks spaced one nucleosome apart (~150 bp). (C) Further, we
plotted the distribution of distance to TSS and observed that the ATAC-seq datasets are
centered symmetrically around TSS. (D) An example V-plot (1346-rep1) is shown. (E) We
plotted the spearman correlation in coverage across all pairs of samples. The correlations range
between 0.58 (2356 and 1508-rep2) to 0.9 (1508-rep1 and 1508-rep2). Note that the correlation
between replicates are high (>0.88 for 2305, and 0.9 for 1508). (F) The median number of
peaks with FDR < 0.05 is 2.8x10° (interquartile range: 1.7x10° — 3.0x10°).
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independences but factors 10 to 15 appeared correlated. In single-tissue eQTL mapping, we
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Fig. S15. Splicing QTL quality control. We used a quantile-quantile plot to visualize the p-
value distribution (A), distance from sQTL SNP to splice donor site (B), and normalized distance
from intronic sQTL SNP within the intron boundary (C). We observed that p-values are enriched
towards 0, and that sQTL SNPs are enriched around splice donor sites and acceptor sites.



Smooth muscle
Endothelial cells
aDC 1

HSC 1

iDC 1

mv Endothelial cells A
ly Endothelial cells
Macrophages -
ImmuneScore A
Fibroblasts
Macrophages M1 -
Preadipocytes
CLP 1

Myocytes

cDC A

NKT -

Adipocytes
Macrophages M2 -
Th2 cells -
Monocytes

MEP -

Th1 cells -

GMP -
Megakaryocytes
Chondrocytes A
CD8+ naive T—cells
CD4+ Tem A
Plasma cells

|

*F*;*F??Fﬂﬁﬂ%wﬁﬁé

T

0.2 0.4
xCell percentages

o
o

Fig. S16 Cell type deconvolution of coronary artery. We performed cell type deconvolution
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muscle (20-30%), and it is followed by endothelial cells (10-20%).
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Fig. S17 Direction of effect for potential causal genes. We determined the direction of effect,
i.e. whether gene expression upregulation increases risk, using the correlation between the
GWAS and the eQTL study effect sizes on SNPs with p-value < 1x10in both datasets.
Upregulation of genes TCF21 and FES may protect against CAD risk, and upregulation of
SMAD3, PDGFRA, and SIPA1 may increase CAD risk. We regressed through the point (0.5, 0)
because an allelic ratio of 0.5 indicates equal expression from both alleles (no eQTL effect), and

a log odds-ratio of 0 indicates no GWAS effect.



Supplementary Materials and Methods

1. Cell culture

Primary human coronary artery smooth muscle cell (HCASMC) lines derived from non-diseased
human donor hearts were purchased from Cell Applications, Inc. (catalog # 350-05a),
PromoCell (catalog # C-12511), Lonza (catalog # CC-2583), ATCC (catalog # PCS-100-021),
and Lifeline Cell Technology (catalog # FC-0031). All cell lines were cultured in smooth muscle
growth medium (Lonza catalog # CC-3182) supplemented with hEGF, insulin, hFGF-b, and 5%
FBS, according to Lonza instructions (Table S1). All data presented are from HCASMC
expanded to passage 5-6 prior to extraction.

Vendors # lines Website

Promocell 19 https://www.promocell.com/

Cell Applications 25 https://www.cellapplications.com/
Lonza 3 https://www.lonza.com/

Lifeline Cell Technology | 3 https://www.lifelinecelltech.com/
ATCC 2 https://www.atcc.org/

2. Whole-genome sequencing (Genomics)

2.1 Library preparation and sequencing

We performed paired-end whole-genome sequencing (WGS) on 62 samples to an average
depth of 30X. Briefly, genomic DNA was isolated from HCASMC lines using Qiagen DNeasy
Blood & Tissue Kit (catalog # 69506) and quantified using NanoDrop 1000 Spectrophotometer
(Thermo Fisher) and Agilent Bioanalyzer 2100. DNA libraries were prepared by Macrogen using
lllumina’s TruSeq DNA PCR-Free Library Preparation Kits and subjected to 150bp paired-end
sequencing on an lllumina HiSeq X Ten System.

2.2 Data processing

Whole-genome sequencing data were processed with the GATK best practices pipeline'?. We
trimmed lllumina adapters using Cutadapt v1.9%. Trimmed reads were aligned to the hg19
reference genome with Burrows-Wheeler Aligner (BWA) v0.7.12* using its bwa-mem module®
with parameters “-M -t 8 -R '@RG\tID:{sample\tSM:{sampleMPL:illumina\tLB:lib1\tPU:unit1".
Duplicate reads in alignment result were marked with Picard v1.92. We performed indel
realignment and base recalibration with GATK v3.4°. The GATK HaplotypeCaller was used to
generate gVCF files, which were fed into GenotypeGVCFs for joint genotype calling. We
recalibrated variants using the GATK VariantRecalibrator module. Since subsequent eQTL
calling (see Section 12) with RASQUAL’ required phased variants, we phased our call set with
Beagle v4.18. We first used the Beagle conform-gt module to correct any reference genotypes if
they are different from hg19. We then phased and imputed against 1000 Genomes project
phase 3 version 5a°. Variants with imputation allelic r? less than 0.8 and Hardy-Weinberg
Equilibrium p-value less than 1x10° were filtered out.



2.3 Quality control

To eliminate cross contamination, we used VerifyBamID v1.1.2'° to estimate the percentage of
sample contamination. Since we did not have genotyping microarray data as a reference, we
used allele frequencies from 1000 Genomes as a reference input for VerifyBamID. Three
samples (1848, 1858, and 24635) with large proportion of contamination (> 0.1) were removed.
We next compared genotypes across all pairs of individuals and found two samples (313605
and 317155) were duplicates of each other. We kept the sample with greater coverage
(317155). A total of 58 WGS samples remained after filtering.

3. RNA sequencing (Transcriptomics)

3.1 Library preparation and sequencing

We performed RNA sequencing library preparation on 58 samples. Briefly, total RNA was
extracted using the Qiagen miRNeasy Mini Prep Kit (catalog # 217004). Quality of RNA was
assessed on the Agilent 2100 Bioanalyzer. Samples with RNA Integrity Number (RIN) greater
than or equal to 8 were sent to the Next-Generation Sequencing Core at the Perelman School
of Medicine at the University of Pennsylvania. Libraries were constructed using the lllumina
TruSeq Stranded Total RNA Library Prep Kit (catalog # 20020597), multiplexed using D501-
D508 i5 adapters and D701-D712 i7 adapters, and subjected to 125bp paired-end sequencing
on a HiSeq 2500 platform with a median depth of 51.3 million reads (interquartile range 45.5 —
58.7 million reads), generating over 2.7 billion reads in total.

3.2 Data processing/Quality control

Demultiplexing was performed with bcl2fastq script from lllumina. Base quality control of
demultiplexed sequences was done using FastQC v0.11.4 quality control tool. Fastq files that
correspond to the unique sample were merged using a custom script. Mapping of the reads was
performed with STAR v2.4.0i"". In accordance to the GATK Best Practices for RNA-Seq we
used the STAR 2-pass alignment pipeline'2. First, reads contained in the raw fastq files were
mapped to GRCh37/hg19 human genome using STAR and during the first alignment pass
splice junctions were discovered with high stringency. Second pass mapping with STAR was
then performed using a new index that was created with splice junction information contained in
the file SJ.out.tab from the first pass STAR mapping. Splice junctions from the first pass were
used as annotation in a second pass to permit lower stringency alignment, and therefore higher
sensitivity. Prior to gene expression quantification, we used WASP? to filter out reads that are
prone to mapping bias. Read counts and RPKM were calculated with RNA-SeQC v1.1.8" using
default parameters with additional flags “-n 1000 -noDoC -strictMode” using GENCODE v19
annotation™. Allele-specific read counts were generated with the createASVCF module in
RASQUAL’. We quantified intron excision levels using LeafCutter'. In brief, we converted bam
files to splice junction files using the bam2junc.sh script, and defined intron clusters using
leafcutter_cluster.py with default parameters. This requires at least 30 reads supporting each
cluster and at least 0.1% of reads supporting each intron within the cluster, and allows intron to
have a maximum size of 100kb.



3.3 Quality control

To eliminate low-quality RNA sequencing samples, we checked RIN prior to sequencing, and
mapping rate, duplication, and cross contamination after sequencing. Four samples were
removed during library prep due to low RIN (1497, 1923, 2161, and 2477), one sample (2115)
was removed after alignment due to extremely low mapping rate (<2% mapped reads), and one
sample was removed due to contamination (24156). With the remaining 52 samples, We used
VerifyBamlID v1.1.2'° to check for RNA and DNA sample concordance, and did not find any
mislabeling.

4. ATAC sequencing (Epigenomics)

4.1 Library preparation and sequencing

We assessed chromatin accessibility with ATAC-seq with slight modifications to the published
protocol, as previously described'®. Briefly, HCASMCs (passages 5-6) were cultured in normal
media until ~75% confluence. Approximately 5x10* fresh cells were collected by centrifugation
at 500 g and washed twice with cold 1 x PBS. Nuclei-enriched fractions were extracted with
cold lysis buffer containing 10 mM Tris—HCI, pH 7.4, 10 mM NaCl, 3 mM MgCI2 and 0.1%
IGEPAL (octylphenoxypolyethoxyethanol), and the pellets were resuspended in transposition
reaction buffer containing Tn5 transposases (lllumina Nextera). Transposition reactions were
incubated at 37 °C for 30 min, followed by DNA purification using the DNA Clean-up and
Concentration kit (Zymo). Libraries were initially PCR amplified using Nextera barcodes and
High Fidelity polymerase (NEB). The number of cycles was empirically determined from an
aliquot of the PCR mix, by calculating the Ct value at 25-30% maximum Rn for each library
preparation. The final amplified library was again purified using the Zymo DNA Clean-up and
Concentration kit, and the DNA was evaluated by TBE gel electrophoresis and quantified using
Bioanalyzer, nanodrop and quantitative PCR (KAPA Biosystems). Libraries were multiplexed
and paired-end 50-bp sequencing was performed using an lllumina NextSeq 500. Raw output
files were demultiplexed to generate individual FASTQ files, which were then evaluated using a
modification of the FastQC 0.11.4 pipeline to generate per base and per sequence-level
summary statistics. The libraries had a median of 45.0 million reads (interquartile range: 38.5 —
79.7 millions reads).

4.2 Data processing

We used the ENCODE ATAC-seq pipeline to perform alignment and peak calling
(https://github.com/kundajelab/atac_dnase_pipelines)'’. FASTQ files were trimmed with
Cutadapt v1.9% and aligned with Bowtie2 v2.2.6"® with default parameters. Duplicate reads were
marked with Picard v1.126. The alignment were converted to ENCODE tagAlign format.
Records were shifted +4 and -5 for positive-strand and minus-strand reads. MACS2 v2.0.8"°
was used to call peaks with default parameters. Each alignment was split into two pseudo-
replicate (subsample of reads) and peaks were called independently. Irreproducible Discovery
Rate (IDR)® analyses were performed based on pseudo-replicates with a cutoff of 0.1 to output
an IDR call set, which was used for downstream analysis. We used WASP to filter out reads
that are prone to mapping bias.



4.3 Quality control

The libraries were sequenced to a median of 44.6 million reads (interquartile range: 37.7 — 69.8
millions reads), among which a median of 37.1 millions reads (84%) were mapped (interquartile
range: 33.3 — 67.7 millions reads, Fig. S13A). We plotted the insert size distribution of ATAC-
seq reads (Fig. S13B). The plot shows distinct peaks at length of the linker sequence (10-80 bp)
as well as peaks spaced one nucleosome apart (~150 bp). Further, we plotted the distribution of
distance to TSS and observed that the ATAC-seq datasets are centered symmetrically around
TSS (Fig. S13C). An example V-plot (1346-rep1) is shown in Fig. S13D. We used deepTools
v2.5.7%" to calculate spearman correlation in coverage across all pairs of samples. The
correlation ranges between 0.58 (2356 and 1508-rep2) to 0.9 (1508-rep1 and 1508-rep2). Note
that the correlation between replicates are high (>0.88 for 2305, and 0.9 for 1508, Fig. S13E).
The median number of peaks with FDR < 0.05 is 2.8x10° (interquartile range: 1.7x10° — 3.0x10°,
Fig. S13F). We used all samples for downstream analysis.

5. External datasets

5.1 Genotype-Tissue Expression dataset

We used the GTEx v6p dataset (https://www.gtexportal.org/home/datasets), which sampled 53
tissues across 569 individuals®®. We used all tissues for multidimensional scaling analysis
(Section 6), and tissue-specific gene expression analysis (Section 10). Not all tissues were
sampled in each individual, and 44 tissues are sampled across more than 70 individuals. These
tissues were previously selected by GTEx for eQTL analysis. Therefore, we used the eQTL
callset across these 44 tissues for both METASOFT analysis (Section 12) and tissue-specific
GWAS colocalization analysis (Section 14).

5.2 ENCODE dataset

ENCODE datasets were downloaded from the data portal (https://www.encodeproject.org/). We
downloaded DNAsel-seq datasets for all human tissues and primary cells, which totaled 577
datasets across 83 unique tissues and cell types. We concatenated across datasets for tissues
with multiple replicates. To mitigate differences in sequencing and peak calling, we standardized
all peaks using a unified framework. We reasoned that peak summits have higher read counts
and are more readily defined than peak boundaries. We therefore identified the peak summit,
and defined each peak as +/- 75bp around the summit.

6. Multidimensional scaling in transcriptomic space (Fig. 1A)

To determine whether the HCASMC transcriptome is unique from those in GTEx and to
understand which GTEXx tissues neighbor HCASMC in the transcriptomic space, we performed
non-parametric clustering analysis. To remove genes lowly expressed in most tissues, we
filtered for genes with at least 0.1 RPKM in at least 10 individuals. We applied Kruskal's non-
metric multidimensional scaling on log-transformed RPKM values across 53 GTEXx tissues as
well as HCASMC. This method tries to minimize the square root of the ratio between the sum of



the squared differences between the input distances and those of the low-dimensional
configuration and the of sum the configuration distance squared?.
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Where d;; represent the distance between point /i and point j in high dimensions, and di]-

represent the distance in lower dimensions. For the convenience of visualization, we specified
the desired dimension to be two.

7. Jaccard similarity in epigenomic space (Fig. 1B)

To understand which ENCODE cell types neighbor HCASMC in terms of chromatin structure,
we calculated the epigenetic distance defined by Jaccard similarity:

length(ANB)

d(4,B) =
Jaccard(A, B) length(A U B) — length(A N B)

Where A and B represents the open chromatin peaks measured by either ATAC-seq or DNasel-
seq. Since each cell and tissue type in the ENCODE dataset may have multiple samples and
replicates, we concatenated peaks across samples and replicates for each cell and tissue type
according to Table S3. We used a standardized peak boundary defined as +/- 75bp around the
peak summit (approximately the size of one nucleosome). We stratified cell lines into adult and
fetal tissue groups to reflect the difference in chromatin structure across developmental stages.

8. Differential expression and pathway enrichment (Fig. 1C)

8.1 Differential expression

To identify the transcriptomic differences between HCASMC and neighboring tissues in GTEX,
we performed differential expression analysis. To match the sample size of HCASMC (n = 52),
we sampled 52 individuals for each GTEXx tissue. To minimize sharing of individuals between
tissues, we prioritized individuals that have not been sampled before. The following steps were
carried out:

1) Rank all tissues by sample size in increasing order.

2) Sample 52 individuals for the tissue with smallest sample size (or use all individuals if N <
52).

3) Repeat for the tissue with next smallest sample size.
a) Sample previously unselected individuals.
b) If not enough, sample from other individuals.

To detect differentially expressed genes in HCASMC relative to other relevant cardiovascular
tissues, we compared HCASMC with the following tissue groups:

Tissue group GTEx Tissues




Heart Heart - Atrial Appendage (n=194)
Heart - Left Ventricle (n=218)

Arteries Artery - Aorta (n=224)
Artery - Coronary (n=133)
Artery - Tibial (n=332)

Fibroblast Cells - Transformed fibroblasts (n=284)

We found that the sample sizes are sufficient such that each individual is sampled at most once,
and therefore there is no overlap across tissues.

We performed differential expression between HCASMC and each GTEXx tissue with DESeq2
v1.10.1%* using read count as input, controlling for sex, ancestry and hidden confounders
(surrogate variables). The surrogate variables were extracted using the svaseq function in sva
v3.18.0% by protecting sex, ancestry and tissue. We performed the same comparison with
NOISeq v2.14.1% using RPKM as input. In general, we find that NOISeq is more conservative
than DESeq2, and the correlation of effect size are high (r>~0.9) for significantly DE genes
(FDR<0.001). To be conservative, we called a gene differentially expressed if and only if it is
significant by both methods. For DESeq2, we used FDR < 0.05, 0.01, and 0.001 as the
significance cutoff. For NOISeq, we used q > 0.95, 0.99 and 0.999 as the significance cutoff (q =
1 - FDR). Overall, we found that thousands of genes are differentially expressed between
HCASMC and its close neighbors, on par with cross-tissue variability previously observed?.

8.2 Pathway enrichment

To obtain differential expression profiles between HCASMC and broad tissue groups, we
performed meta-analysis across tissues within each tissue group using effect size and standard
error estimated by DESeq2. Since a given gene can have different expression levels across
tissues, we used a random effect model to account for the difference in effect sizes. We used
the R package metafor v2.0%® to conduct meta-analysis. To control for multiple hypothesis
testing, we corrected p-values using the Benjamini-Hochberg FDR?. Under serum treatment,
HCASMC undergo epithelial-mesenchymal transition from the contractile state to the synthetic
state, in which it enters the cell cycle and secretes extracellular matrix proteins. As expected,
we found that genes related to proliferation (such as mMTORC1, Myc, mitotic spindle, G2M
checkpoint), epithelial-mesenchymal transition, and protein secretion are upregulated in
HCASMC, compared with fibroblast, artery and heart (Table S2).

8.3 The effect of age and sex on HCASMC transcriptome

To determine whether the transcriptome vary by age and sex, we performed differential
expression with DESeq2 using age, sex and ancestry as covariates. We found two genes that
are differentially expressed with age (FDR < 0.05), KRT16 (keratin 16), which are intermediate
filament proteins guarding the structural integrity of epithelial cells, and ENSG00000254337 (a
lincRNA), whose function has not been studies in depth.



We found 90 genes differentially expressed with sex. Among these genes, 36 are on sex
chromosomes (chrX = 15, chrY = 21). One notable gene is DAZL, which has been known to
express in germ cells of males and females. Another example is PPP1R14A, which is an
inhibitor of smooth muscle myosin phosphatase. Sex difference in this gene may contribute to
differential susceptibility to CAD.

9. HCASMC-specific open chromatin peaks (Fig. 1D and E)

9.1 Tissue-specific peak calling

Using the entire ENCODE open chromatin dataset, we determined the number of HCASMC-
specific open chromatin regions. For HCASMC, we used the sample with the largest number of
biological replicates (n=3) to obtain the most robust call set after IDR analysis (Section 4.2). For
each ENCODE sample with more than one replicate, we merged all replicates with bedtools
merge®® command, without using IDR analysis. As a result, the merged ENCODE datasets for
each tissue have a larger number of peaks than HCASMC, and this will result in a more
conservative estimate of HCASMC-specific peaks. We used bedtools v2.26.0%° multi-intersect
module to determine the peak intersection across all ENCODE tissues and primary cell cultures
(Table S3). We defined HCASMC-specific peaks as those that appeared only in HCASMC and
not any other tissue or cell type in the ENCODE dataset.

9.2 Transcription factor binding motif enrichment

To identify transcription factor binding sites enriched in HCASMC-specific open chromatin
regions we employed the HOMER tool®' (Hypergeometric Optimization of Motif EnRichment,
http://homer.salk.edu/homer/ngs/). HOMER's findMotifsGenome.pl script was used to search for
known TRANSFAC motifs and to generate de novo motifs. All software parameters were set to
default values, with the addition of the ‘-size’ command to define the width around the peak
center. Selected were three parameters of 50bp, for establishing the primary motif bound, and
200bp and 1000bp for finding both primary and "co-enriched" motifs. Motifs discovered by
HOMER were validated with MEME-ChIP. The motifs identified by MEME-ChIP were further
compared with the binding motifs of known TFs. To validate that found motifs were enriched in
HCASMC-specific peaks (and not just any tissue-specific peaks), we performed TFBS
enrichment analysis for tissue-specific peaks across HCASMC, fibroblast, heart, and brain (as a
negative control). This yielded 24,372 specific peaks for brain, 7,332 for HCASMC, 6,388 for
lung fibroblasts, and 11,249 for heart. Density plots were generated using ChIP-Cor Analysis
Module Feature Correlation Tool v1.5.3 (https://ccg.vital-it.ch/chipseq/chip_cor.php). Input range
was defined as +/- 10000 bp from the centered features. Window width was set to 500 bp and
counts cut-off value was set to 999999. Normalization was global, i.e. histogram entries were
normalized by the total number of reference and feature counts and the window width. FoxP1,
FoxA1, FoxO1, Atoh1 and NFIC PWM matrices were derived from the JASPAR CORE
vertebrates 2018 database®. PWMScan - Genome-wide position weight matrix (PWM) scanner
was used to scan the GRCh37/h19 version of the human genome using the following
parameters: p-value cut-off 0.0001, background base composition 0.29,0.21,0.21,0.29, search
strand both.



10. Heritability enrichment around tissue-specific genes (Fig. 2A)

To understand whether CAD variants are enriched around HCASMC-specific genes, we
compared disease heritability between HCASMC and GTEXx tissues using stratified LD score
regression®. We obtained median gene expression for each tissue. Since stratified LD score
regression requires SNP annotations to be uncorrelated, we selected for independent tissues
using the following algorithm:

1. Select a starting tissue (in our case HCASMC).

2. Remove tissues with median expression Pearson’s r > 0.96 with the given tissue.

3. Select a random tissue from the remaining tissues and repeat the process.

Further, we removed the following tissues that primarily consist of smooth muscle to avoid
correlation with HCASMC (Cervix - Endocervix, Colon - Sigmoid, Esophagus - Mucosa, Vagina,
Stomach).

After this procedure, 16 tissues remained:

HCASMC, Adipose - Subcutaneous, Adrenal Gland, Artery - Coronary, Brain - Caudate (basal
ganglia), Cells - EBV-transformed lymphocytes, Cells - Transformed fibroblasts, Liver, Lung,
Minor Salivary Gland, Muscle - Skeletal, Pancreas, Pituitary, Skin - Not Sun Exposed
(Suprapubic), Testis, Whole Blood

We used z-scores to define tissue-specific genes. In particular, we first calculated the median
expression of each gene across individuals for each tissue. For each gene, we calculated the
mean and standard deviation of median expression across tissues, from which we derive a z-
score.
é; = median(e; )

_ & —E(&)

~ Var(é,)
Where e is a vector that contains gene expression across all individuals in tissue t. We ranked
each gene based on the z-score with a higher z-score corresponding to higher expression
specificity. We selected the top 1000, 2000, and 4000 genes as tissue-specific genes. We
assigned a given SNP to a gene fif it falls into the union of exon +/- 1kbp of that gene. We
reasoned that the variants affecting protein function and the strongest regulatory variant
generally fall within or near exons**. Although a 1kb window may not capture all regulatory
variants, we decided to keep a small window to capture gene-specific effects.

We estimated the heritability enrichment using stratified LD score regression on a joint SNP
annotation across all 16 tissues against the CARDIoOGRAMplusC4D GWAS meta-analysis®. As
expected, coronary artery has the highest heritability enrichment. Subcutaneous adipose tissue
has the second highest enrichment, reflecting the well-known link between lipid metabolism and
coronary artery disease. We found that HCASMC has the third highest enrichment, suggesting
that it is highly relevant to coronary artery disease risk. Estimate of heritability enrichment is
robust to the number of top genes (n = 1000, 2000 and 4000, Fig. S8). It is worth noting that
heritability enrichment estimate decreases as the number of tissue-specific genes increases,
further indicating that top tissue-specific genes have higher heritability enrichment.



11. Open chromatin and GWAS overlap (Fig. 2B)

To investigate whether CAD risk variants are enriched in the open chromatin regions in any
particular tissue or cell type, we estimated the likelihood of observing given number of GWAS
variants falling into open chromatin regions of each tissue using the CARDIoGRAMplusC4D
GWAS meta-analysis™.

We used a recently published method specifically designed to assess the likelihood of GWAS-
chromatin overlap, GREGOR?®, to assess the significance of overlap. In addition, we modified
GREGOR (https://github.com/boxiangliu/vsea) to estimate the odds ratio between GWAS vs.
background variants in terms of open chromatin overlap. Because of linkage disequilibrium and
finite sample sizes, many lead GWAS variants are likely to be tagging the true causal variants.
We therefore expanded given loci to include all variants in LD (r*>0.7) with the lead variant.
Given a set of GWAS variants, we selected 500 background variants matched by 1) number of
variants in LD, 2) distance to the nearest gene, and 3) minor allele frequency, and 4) gene
density in a 1Mb window. We calculated the odds ratio between GWAS variants and
background variants and used the bootstrap to obtain confidence intervals by comparing
HCASMC against ENCODE adult tissues and primary cell lines.

12. Expression quantitative trait (eQTL) analysis

12.1 Inferring Genotype Principal Components

The HCASMC donors come from diverse background, including Caucasian, Hispanic, African,
and Asian. We inferred ancestry PCs using the R package SNPRelate®”. We used PLINK v1.9%
to convert VCF files to BED, FAM and BIM. Before inferring ancestry PCs, we pruned SNP
using Hardy-Weinberg equilibrium (HWE > 1e-6), LD (R? > 0.2) and minor allele frequency
(MAF > 0.05) using SNPRelate® . The final ancestry PCs are plotted in Fig. S4.

12.2 Inferring hidden confounders with PEER

RNA-seq experiments are often confounded by unrecorded (hidden) technical artifacts. To
correct such hidden confounders, we extracted covariates that have global influence over a
large number of genes using Probabilistic Estimation of Expression Residuals (PEER) .
Following the GTEXx standard pipeline for estimating hidden factors, we applied PEER to the
10,000 most highly expressed genes across all samples. To ensure each sample followed the
same distribution we quantile normalized RPKM values. Since PEER assumes normality in
gene expression, we performed rank-based inverse normal transformation. We used the
following PEER parameters to extract the top 15 hidden factors: MaxFactorsN=15,
Maxlterations=10000, BoundTol=0.001, VarTol=0.00001, e _pa=0.1, e _pb=10, a_pa=0.001,
a_pb=0.1. We plotted the pairwise correlation for hidden factors, and observed that factors 1 to
9 showed pairwise independence but factors 10 to 15 were correlated (Fig. S14). In the next
section, we used cross-validation to select the number of factors which maximized the power to
detect eQTL. The cross-validation analysis demonstrated that using the first 8 PEER factors
was sufficient to obtain the highest power, therefore circumventing the correlation in factors 10
to 15.



12.3 Single-tissue eQTL calling

We mapped eQTLs using both FastQTL v2.184 gtex**and RASQUAL’. FastQTL uses total read
count information, whereas RASQUAL integrates total read count with allele-specific expression
(ASE). RASQUAL requires GC-corrected library sizes and therefore we calculated GC content
based on the GTEx v6p distribution of GENCODE v19 by taking the average GC content of all
exons of a given gene. The library sizes were calculated based on read count output from RNA-
SeQC v1.1.8"™. To select a combination of covariates that maximize the power to detect eQTLs,
we tested combinations of 3, 4 and 5 genotype principal components with 1 to 15 PEER factors.
To avoid overfitting, we only used chromosome 20 as a training set. We found that the
combination of 4 genotype PCs with 8 PEER factors provided the most power to detect eQTLs.
We then used sex, the top four genotype principal components, and the top eight PEER
covariates to map eQTLs with both FastQTL and RASQUAL. Mathematically, the eQTL model
is:

4 8
E(elg,sex,PC,PEER) = By + Sy - g + Bs - sex + 2 Bai - PC+ 2,81,,1- - PEER

i=1 i=1
Where e stands for gene expression, and g stands for the genotype of the test SNP.

12.4 Multiple-hypothesis testing

For FastQTL, we calculated per-gene eQTL p-values using its permutation mode with --permute
1000 100000. We used the g-value package*' to obtain adjusted p-values per gene using FDR
< 0.05 as the cutoff. For RASQUAL, it was not computationally feasible to perform permutation
testing on the gene level. Therefore, we used a hierarchical multiple-hypothesis correction
procedure, TreeQTL, which was designed specifically for eQTL discoveries*’. Note that
TreeQTL is more conservative than permutation®. We chose level 1 (gene level) and level 2
(SNP level) FDR to be less than 0.05.

12.5 Enrichment of eQTLs in genomic features

As a quality control, we estimated enrichment for the top 1000 eQTLs within 11 functional
annotations, including downstream-gene variant, exonic variant, intronic variant, missense
variant, splice-acceptor variant, splice-donor variant, splice-region variant, synonymous variant,
upstream-gene variant, 3' UTR variant, and 5' UTR variant.

The estimation was done with a modified version of GREGOR (Section 11). In brief, for each
eQTL, we obtained 200 background variants matched for distance to TSS, LD SNPs, and MAF.
We then calculated the enrichment, which is defined as the odds ratio between the probability of
QTL overlapping the genomic annotation versus that of background variants. We used the
bootstrap to obtain the confidence interval. As expected, we observed that 5' UTR, nearest to
the TSS, was most enriched for eQTLs (Fig. S7A).

We validated that eQTLs are enriched in open chromatin regions measured by ATAC-seq. We
selected the top SNP per gene, and intersected these SNPs with HCASMC open chromatin
regions. We plotted the expected versus the observed p-values and found that eQTLs in ATAC-
seq regions have a more pronounced upward trend, suggesting that strong eQTLs are enriched
in open chromatin regions (Fig. S5).



12.6 Tissue-specific eQTL calling with METASOFT

To determine which genes are influenced by HCASMC-specific regulation, we compared the
HCASMC eQTLs against GTEx eQTLs. To achieve a fair comparison between tissues we
subsampled GTEx tissues to 52 individuals to match the number of HCASMC samples, and
used FastQTL to call both GTEx and HCASMC eQTLs. For each HCASMC eGene, we selected
the top eSNP, and performed multi-tissue eQTL calling using METASOFT*? (with options -
mvalue true and -mvalue_method mcmc to speed up computation). For each eSNP, we
obtained 45 m-values for 44 GTEX tissue plus HCASMC. METASOFT authors recommend
using m-value > 0.9 for eQTL and m-value < 0.1 for non-eQTL. Therefore, we defined
HCASMC-specific eQTLs as having m-value > 0.9 in HCASMC and m-value < 0.1 in all GTEx
tissues. Using this method, we found four HCASMC-specific eQTLs, RPAIN, CFB, FAM180A,
and LINC01018 (Fig. S6).

13. Splicing quantitative trait loci (SQTL) analysis

13.1 Mapping sQTL with FastQTL

To determine whether any CAD variants act through splicing mechanisms, we decided to map
splicing QTLs (sQTLs) genome-wide using a recently published tool called LeafCutter'. To
correct for known and hidden confounders, we included sex, genotype PCs, and splicing PCs as
covariates. We sought to find a set of covariates for best statistical power by testing
combinations of 2 to 4 genotype PCs and 1 to 15 splicing PCs with a grid search. The search
was performed with only chromosome 22 to avoid overfitting. We found that 3 genotype PCs
and 6 splicing PCs returned the largest number of discoveries after at FDR < 0.05. To map
sQTLs, we used FastQTL with sex, genotype PCs, and splicing PCs as covariates, and tested
SNPs within a 100kbp window. As quality control, we visualized the p-value on a QQ-plot, which
indicated enrichment of significant p-values (Fig. S15A). Further, we plotted the number of
significant sQTLs (p-value < 1x10*) versus their distance to the splice donor and acceptor sites.
As expected, sQTL SNPs were enriched around the TSS (Fig. S15B). In addition, we visualized
the number of sQTLs with respect to intron boundaries. As expected, sQTL SNPs are slightly
enriched around the boundaries as compared to the intron center (Fig. S15C).

13.2 Enrichment of sQTL in genomic elements

To understand the genomic architecture underlying sQTLs, we estimated the enrichment of
sQTLs across various genomic annotations and compared them against the enrichment of
eQTLs. We took the top 1000 sQTLs and estimated their enrichment within a set of 11
annotations (including downstream-gene variant, exonic variant, intronic variant, missense
variant, splice-acceptor variant, splice-donor variant, splice-region variant, synonymous variant,
upstream-gene variant, 3' UTR variant, and 5' UTR variant). The estimation was done with a
modified version of GREGOR (see Section 11). In brief, for each sQTL, we took 200
background variants matched for distance to splice donor or acceptor site, LD SNPs, and MAF.
We then calculated the enrichment, which is defined as the odds-ratio between probability of
QTL overlapping the genomic annotation versus that of background variants. We use bootstrap
to get the confidence interval.



In contrast to eQTLs (section 12.3), the sQTL are highly enriched in splice donor site, splice
acceptor site, and splice region annotations (Fig. S7B). Note that the confidence interval of
splice donor and acceptor variants are wider than other annotations because there are fewer of
splice donor and accpetor variants.

14. GWAS Colocalization (Fig. 3)

14.1 Summary-data based Mendelian Randomization (SMR)

We used summary-data-based Mendelian Randomization (SMR)* to identify GWAS signals
that can be explained by cis-variants that moderate expression and splicing. We performed
colocalization tests for 3,379 genes with cis-eQTL p-value < 5x107 for the top variant, and 2,439
splicing events with cis-sQTL p-value < 5x107° for the top variant in HCASMC against against
the latest CARDIOGRAMplusC4D and UK Biobank GWAS meta-analysis*®. We identified
genome-wide significant eQTL and sQTL colocalizations based on their SMR p-values after
controlling false discoveries (5% FDR, Benjamini-Hochberg). The equivalent p-value was
2.96x10° and 2.05x107° for eQTL and sQTL, respectively. SMR uses a reference population to
determine linkage between variants; we used genetic data from individuals of European
ancestry from 1000 Genomes as the reference population in our analyses. At loci that showed
colocalization between HCASMC eQTLs and CAD GWAS associations, we repeated the
colocalization tests using eQTLs from each of 44 GTEXx tissues to identify shared and tissue-
specific signals. To determine whether the reference panel would influence SMR result, we
repeated SMR analysis using HCASMC genotypes as the reference. The results of a 33 genes
were affected. For instance, ADAMS?7 had p-value < 0.41 now has p-value < 0.20. The results
for most genes were not affected. In particular, TCF21 and FES were still genome-wide
significant.

14.2 Bayesian hierarchical colocaization test

We also used an orthogonal approach to perform colocalization testing. For every significant
eGene, we then tested all variants within 500kb of the lead eQTL SNP for colocalization with
CAD summary statistics from the latest CARDIoOGRAMplusC4D and UK Biobank GWAS meta-
analysis*. At each candidate locus (eGene), we ran FINEMAP*® twice to compute the posterior
probability that each individual SNP at the locus was a causal SNP for 1) the GWAS phenotype
(CAD), and 2) HCASMC eQTL. We then processed the FINEMAP results to compute a
colocalization posterior probability (CLPP) using the method described by Hormozdiari et a
Intuitively, the CLPP score represents the probability that the GWAS and HCASMC eQTL have
the same causal variant at the locus, given the assumption that the GWAS trait and eGene each
have exactly one causal SNP at the locus. In Hormozdiari et al., the author recommend using
CLPP > 0.01 as the cutoff for colocalization. In this study, we used a more conservative cutoff
and defined a GWAS and e/sQTL pair to colocalize if CLPP > 0.05. At loci that showed
colocalization between HCASMC eQTLs and CAD GWAS associations, we repeated the
colocalization tests using eQTLs from each of 44 GTEx tissues. We compared the resulting
CLPP scores to identify the full set of eQTL tissues with which each GWAS locus exhibited a
colocalized signal.
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14.3 Direction of effect determination

We determined the direction of effect, i.e. whether gene upregulation increase risk, using the
correlation of effect sizes in the CARDIOGRAMplusC4D and UK Biobank GWAS meta-
analysis* and the eQTL studies (Fig. 4). We first merged two datasets by rsIDs, correcting for
any differences in reference and alternative allele designations. We subset to all SNPs with p-
value < 1e-3 in both the GWAS and eQTL datasets (since other SNPs carry mostly noise). We
fit a regression through the point (0.5, 0) using the eQTL effect sizes (allelic ratio) as predictor
and the GWAS effect sizes as the response, and determined the direction of effect as the sign
of the slope. We used the point (0.5, 0) because an allelic ratio of 0.5 indicates equal expression
from both alleles (no eQTL effect), and a log odds-ratio of 0 indicates no GWAS effect. In Fig. 4,
upward arrows indicate that upregulation of gene expression increases disease risk, and
downward arrows indicate that upregulation of gene expression decreases risk.
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