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ABSTRACT

Human complex disease is driven by a multitude of factors includingn d i v gedetica | ® s
and environmental stimuli.To deconvolute the effect of genetics on cell biology from the rest of the
factors, my work focuses on the transcriptional and epigenetic consequences of inheriting disease
associated loci.Essentially, ly focusing on the immediate effects of genetic varian, we can apply

mechanisms tovariants that werepreviously functionally obscure.

To identify functional mechanisms of genetic variatiorwe collected highthroughput
sequencing data including gene expression, transcription factor binding, chromatin acssibility,
and histone maodifications as well as genotypes of 6.7 million SNPs in 53 human aortic endothelial
cell samples from donors of varying genotypes, ses, and ancesties. We usedquantitative trait
locus (QTL) mappingto single out over 700,000 SNR that were associated with gene expression
in our population. Of the ~700,000 expression QTLs discovered, 8,747 were associated with an
epigenetic trait as well such as chromatin accessibility, transcription factor binding, or histone
modification, providing a mechanism for the association witltarget gene transcription. Additionally,
the expression QTLs are enriched in high significance coronary artery disease associated loci

meaning that we are identifying the possible pathways that drive increased rigk disease

Through QTL analyss, we discovered loci with multiple layers of evidence suggesting
function within the human genome. To verify these candidates, we performed a massively parallel
reporter assay called Self Transcribing Active Regulatory B®n sequencing (STARRseq) on
34,444 variants. Through STARRseq, we were able to functionally validate 5,711 SNPs.
Additionally, we found that chromatin accessibility and transcription factor binding were highly
enriched within the validated set suggestig that these measures arevital when identifying

functional variation from molecular data.
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In future work, we planto investigatethe role of genetic variation on gene regulatory
networks in basal conditions as well as under conditions mimicking an erthmatory state similar to
one seen in disease. We also are going to link individuals polygenic risk scores to their
transcriptional networks and molecular QTL analyses to find patterns of mechanism that are acting

to increase risk of developingcoronary artery disease

Altogether, what is presented here is irdepth systems genetics on human aortic endothelial
cells identifying disease relevant human genetic variation and the mechanisms through which they
act on endothelial cell biologyThe findings from this work have already benefited multiple labs and

research projects and will continue to be an asset to the scientific community.
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CHAPTERI.:

CHALLENGES OF STUDYING GENETIC DISEASES

1.1 | Genetic Disease can be simple® or complex’

On Monday October 2, 1990, the Human Genome Project (HGP) began with the singular
goal to sequence the human genomé Scholars and lay people alike had hope that by sequencing
the whole genome, we would be able to understand the mechanisms hind all inherited diseasé®.
The HGP was successfuly concludedon Monday April 14", 2003%. Since then, geneticists have

been trying to linkDNA sequence with diseasepathophysiology

When people think of genetic disease, usually the thought is bMfendelian diseasesthat are
generally 1 gene to 1 phenotypeCystic Fibrosis, for example is caused bya mutationin the cystic
fibrosis transmembrane conductance regulatogene (CFTR)that impacts the ability of theprotein
product to move molecules acr@s membranes, causing persistent lung infection among other
symptoms'. All individuals who have Cystic Fibrosis have some sort of mutation in the CFTR gene.
However, nost inherited human diseass are not Mendeliarr. A large proportion of inherited
diseases and traits are complexmeaning they are caused by manynutationsin and aroundmany
genesin conjunctionwith different environmental stimuiincluding specific stage of development
exposuressuch as during childhood or in the wom$°. These complicated mechanisms of action
mean that even for complex diseaseshat are passed through families, identifying the actual genes

and mutationsinvolvedas well asfinding medically actionable mechanisms is incredibly difficult
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1.2 | Challenges in UnderstandingComplex Disease

Due to the complexity of many diseaseRyenetic signak, one method to find genetic
variants associated with diseasds Genome Wide Association Studies (GWAS). GWAS are
performed by collecting hundreds of thousands of samples from a population and correlating
different common genetic variation (base pairs that vary naturally in the human population) with
incidence of some disease or traitincluding such high numbers of samplesand only testing
common variants provides the statistical power necessary to associate genetic variants with
complex phenotypes® . However, there are multiple hurdles between identifying disease associated

variantsin GWASand understanding the mechanisms underlying déase.

First, since the test variables are common genetic variants, by definition, the variants are
not strongly impacting incidence of disease or they would not be common in the populatién
Often, the common genetic variants are single points (one baspair) in the DNA that vary in the
population referred to as single nucleotide polymorphisms (SNP3Vorking with common variation
limits identification of SNPsin a GWASto those withas ma |l | e f f e c triskdondissasetAe o n e ®s
variant with small effect size is not meaningless, however. A variant that is associated with disease
stillimpactsani n d i v iisk, ana for®®ny diseasesa large component of theheritability of the
diseaseis accounted for bycommon genetic varidion (variantsfound in greater than 5% of the
population). Additionally, small effect SNPs can still point to regions of the genome not previously

thought to be involved in the studied disease.

Second, GWAS suffer from missing heritabilityror even the nost highly studied traits,the
heritability of the disease cannot beexplained by the loci that have been identifiedmeaning that

predictive modelsincluding onlythe geneticsvariants that have beendiscovered are not always
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accurate. For instance, heriability of schizophrenia is estimated to be 80% ¢h= 0.8) according to
pedigree studies, but the genetic signals discovered in GWAS predict only 32% heritability ¢
0.32)'213, One criticized process that could partially explain missing heritability is conservative
multiple testing correction.Multiple testing correction is an umbrella term for a group of methods
that adjust the significance of each test hsed onhow many tests are being done GWAS require
multiple testing correction because the number of tests being performed is so astronomitahigh
that by random chance, there will be groportion of tests that give a false positive resulis such,
the most common method for correcting thesignificance metric p-values) is a Bonferroni
correction. Under Bonferroni correction, a variant is not coridered significant in a GWAS until it
reaches a pvalue of5E-8 (0.00000005), where the p-value threshold for a single test is usually
0.05. This harsh correction often excludes many true positives that are simply lower effect size.
Due to the stringencyof Bonferroni correction, itis often criticized heavily as causing the case of
missing heritability at least in part*!>. Therefore, variants that are not Bonferroni correction

significant may still play a role in disease leavirg portion of SNPs undaracterized and ignored.

Third, the assumptions about genetics from Mendel are usefullut are not always true For
instance,Me n d éaWs®tate that the inheritance of eachrait or mutationis random from each
parent and that eachtrait is inherited independently However, variants that impact traitsare not
inherited independently The genome isinherited n - chunks® rather than each
having an individual chance of being inheritéd'8. Sections of the genomebeing inherited together
results inlarge swaths ofSNPs being linked in inheritance, meaning §omeonehas a certain base
pair at one spot,there is a high likelihood thathey have a certain base pair at anothefinked spot
This phenomenon is called Linkage Disequilibrium (LD). Within GWA&ach signaldetected in

association with disease includes multiple SNPs, often tens or hundréfsTherefore, identifying the
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SNP(s) that are functional andaffecting disease risk is dificult. Al SNPs in high LD wittthe

functional SNP will als@appear significant in association tests

Fourth, variants that are identifiedn GWASthat do not change the coding of a protein have
no obvious mechanism for modifying cell biology&hen a variant changes a proteins sequence, it is
easy to linkmechanism tothe variantas the protein could haveimpeded function given the
mutation. However, most of the human genome is not protein coding rgions (99% non-coding)?.
Likewise, most SNPs associated to disease via GWAS are mecoding (93% non-coding)*. The
non-coding genome is where elements that modify gene expression, called regulatory elements
(REs) reside. Therefore, mn-coding segments of thegenome thatare associated with diseaseare
presumed to modify the activity of theREsin the area There areindeed studies showingREswith
modified activity from genetic variation residing within thelementitself ?2?; however, REstend to
be celktype and cellstate specifi¢’. If all theREsfor a cardiomyocytewere identifiedfor example,
that does not meanall the REsfor an endothelial celwere identified Research shows that SNPs
associatedto complex disease tend to be enriched irREsopen inthe celltypes directly involved in
disease progressior. Therefore,focusing on how disease associated variants affect the regulatory
landscape of the celitypes involved in the specific disease of tarest is vital Once REs are
identified in the celitype of interest, disease associated variants that reside within REs can be
assayed for function.One such analysis, referred to as Quantitative Trait Locus (QTL) analysis
uses linear regressiontoasso i at e a n genotgpe {the setuochHasesthat they inherited) at
a variantwith some quantitative trait such as gene expressionSince gene expression is often
driven by RE activity andREs tend to be celitype specific, we can identify the mechanism
underlying disease associated norcoding variation through finding &pressionQTLs (eQTLs)within
a celltype of interest Therefore, uilizing of QTL analysis,our study overcomes many of the

challenges faced when studying complex disease
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1.3 | Genomic QTLs and Mechanisms of Disease

To dissect thefunctionalmechanisns of non-coding common genetic variation, this study
firstuses QTL analysisto link genetic variants tothe intermediate phenotypeof gene expression
This is contrary to aGWAS which focuses on associating variants to a trait or disease that arises
through hundreds if not thousands of mechanisms working in tandem. By focusing an
intermediate phenotype like gene expression, we are reducing the number of factors involved in the
production of the measured trait allowing for @impler picture of the consequences of inheriting a
particular variant. Additionally, QTLs canbe identffied for any quantitative traitincluding gene
expression, transcription factor (TF)binding to DNA, modifications to the DNA packaging proteins,
accessibility of the DNA to be boundand more. This variety of quantitative traits can be used to
understanda vari ant ®s effect from multiple different p

picture of how the variant changes cell biology.

We performed QTL analysis within our lab using privately collected data. Often, studies
instead use public QTL data that hasincredibly high numbers of samples. Bwever, the largest
QTL datasets available are in tissues or not in our specific celype. For instance,the Genotype
Tissue Expression (GTEX) projeatollected 54 tissues in up to1000 cadavers?®. Thesesamples
had their gene expression measuredia RNAseq and the donors were genotyped. eQTLs were
detected by associating the genotypes in the different samples to eadh i s sexMpee&®n
individually. Hundreds of thousands of eQTLw&ere identified and hae proven useful to the
scientific community, however, 8 mentioned above, SNPs within nowtoding regions of the
genome tend to have regulatory function and regulatory elements tend to be céjlpe or state
specific. Though GTEXx has produced data from theitissues that are deconvoluted fissue
expression valuescomputationally separated into celtypes), deconvolution is sensitive to the

quality of data, inclusivity of the celtype gene panels, as well as the methods used to normalize
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expression value$’. Additionally, since GTEXx tissues were collected from a variety of cadavers,
some environmental factors such as cause of deatimay impact the expression values observed
within the samples. Therefore pur single celttype and cell-state data is extremely \aluable and

novel to the scientific community

The major focus or the researchin this dissertation involves elucidating how common
genetic variation impacts cardiovascular disease. Though GTEx does include tissues suchthe
aorta, this work specificallyfocuses onEndothelial Cells (EC) and how genetics cause endothelial
dysfunction. ECs are the cells that form the single cell layer between the blood and the artery wall
and are present in blood vessels throughout the entire body Therefore, ECs are incredibly prolific
and have the potential to impacthe function of the entirebody. Sincethe EC samplesused were
collected from theaorta of deidentified heartdonors, focusis placed mainlyon Coronary Artery

Disease (CAD) but does not exclude other disease signals.

An example of a diseasevhose pathogenesis involves impairegéndothelial functionis
atherosclerosis (the buildup of plaque in the arteries) Thisdisease involvesall the celltypes
presentin the artery, as well as immune cells that are recruited by inflammatory signalEndothelial
cells are thespecific cells recruit monocytes to the artery walin response to modified LDLs that
have infiltrated the subendothelial layer.The monocytescan then become macragphages and
phagocytose, or engulf modified LDLs eventually causing them to become foam cells that stay
within the artery wall and build up, causing the growth of thplaque®? (Figure 1). Given the pivotal
role of ECs in theinflammatoryinitiation and gogression of an arterial plaque, stimulivere included
in the experimental design tomimic the inflammatory signals present in an atherosclerotic plaque.
What follows is an indepth look at differences in EC biology among a population of 53 people and

the mechanisms through which common genetic variation causes these differences.
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CHAPTERZ:

DISCOVERING MECHANISMS BEHIND GENETIC ENDOTHELIAL CELL
DYSFUNCTION

2.1 | Regulatory Elements within Human Aortic ECs af@ound by Transcription Factor ERG

The following was published in eLife in 2017 where | was a @uthor for my role in data collection

and analysis®.

As discussed in Chapter 1the mechanism of nonrcoding disease associated variation is
through regulatory elements (REs) within the cetypes and cell-states that are important for
disease To identify REs important for our cell type, we first must look at the transcription factors
(TFs) active within our cell typeTFs, as mentioned previouslybind to the DNA and canestablishor
assist in the establishment of REsTherefore, REs with different activityn differentcell-types and
states will have differentfTFsbound or absentdepending onthe transcriptionalgoal of the cell RE
and TF specificityalso means that the genetic variants that change gene expression in one cijipe
or state may not in another. Therefore, to identify functional variants within each cépe, extra
care must be taken in identifying thel'Fsand REsthat are of import to the specific cettype(s) of

interest for the given diseases that involve those cells.

First, we decided b screen the genome of ECs for marks that commonly decorate the DNA
surrounding REs. To achieve this goal, multiple highhroughput sequencing methods were
employed to identify regions of open chromatin (the DNA is open and accessible togbein binding)
and regions that have an active regulatory mark such as acetylation of lysine 27 on the histone 3
tail (H3K27aq). As published in eLife in 2017, our analysief open chromatin and H3K27ac irone
de-identified individualrevealed approximately 17,000 high confidence putativeregulatory elements

(Figure 2A).
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The next step was to identify whaDNA-binding proteins may be involved in gene regulation
at these putative regulatory elements so that thactivity and binding of the proteinsan be
measured also.Among the identified elements we used a method calledde novo motif discoveryto
find DNA sequence matifs that TFs and TF families would be most likely to biid. We discovered
that the most prevalent DNA binding motifs were for th&F families ETS, JUN, SOX, and GATA
(Figure 2B). To focus in on a couple candidatelFsto investigate further, we measuredhe gene
expression of ECs withirthe same donorand ranked thetranscriptionalexpression of each of the
TFs(Figure 2C). Given the high expression oETS related gene ERG along with the prevalence of
the ETS motif (AGGAA) in EC enhancers, wdecided to investigate ERG furtheas a candidate TF

with importance in EC gene regulation

To assess the function of ERG within our cells, we used an siRNA knockdown to reduce the
levels of ERG RNA and protein in the celltJpon an approximately 80%knockdown of ERG
transcript, we observed an increase in the expression of genes in the inflammatory pathway such
as IL1B and IL8 (CXCL8)Fgure 2D). Therefore, we hypothesized that ERG itself was performing a
suppressive role of inflammatory genes such as thesseen upregulated in atherosclerosisE RG® s
anti-inflammatory role is supported through another research grougstudies where ERG was found
to inhibit NFOB (the major inflammatory TF) binding to ICAM1, an essential gene in the recruitment
of monocytes to artery wall$*. Given the importance of ERG in disease relevant processdike

inflammation we decided to measure ERG bindingnd NFB binding through our future work.
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Figure 2. Defining EC regulatory regions. (A) Heatmap of numkegfound for chromatin
accessibility by ATAgRq (left) and H3K27ac Ckdeq (right) for regulatory regions, centered on thq
chromatin accessibility peak centers. [@)tif enrichment within the 16,929 REs identified. (C) Ge
expression values {gxis)displayed by ranking by gene expressioc@axis). Transcription factor
families are identified by color and shape. (D) Change in gene expression given ERG siRNA
knockdown. A positive value represents a gene whose expression increased given ERG knocK
and a negative is a gene whose expression decreased given ERG knockdowva(tiésgD.05 by-t

test).
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2.2 | Genetics Modify Gene Regulation Throughout ECs Through REs

The work in this setion was published in American Journal for Human Genetics in 20Z0where |

was the first authorand contributed to experimental design, data collectionthe majority of

computationalanalyses,the writing of the paper, as well as the administrative work for thgaper.

The paperis includedhere as Appendix A.
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With the identificationof the EC regulome, we hypothesized that common genetic variation
that is associated to disease in GWAS could disrupt or modify the activity of EC RIE®r instance,
the regulatory elements we discoveregbreviouslyhad an enrichment of DNA motifs for speific
transcription factor families. If2 genetic variantmutated one of these maoitifs, itcould disrupt the
ability of the transcription factors to bind to the DNA at that spot, and the regulatory element would
have reduced or ablated function.Therefore,we next set about identifying the genetic variants that
were associated with changes in RE aatity. To accomplish this, wedesigned an experimentin
which we collecteda large datasetof high-throughput sequencing data in 53 differentle-identified
heart donor aortic endothelial cell sampleswith varying genetics, ancestries, and sexethat were
collected by surgeons at UCLA during heart transplantationsSamples were additionally collected
in untreated (normal) and IL1B (inflammatory stimulus) treated conditiorfEigure 3A). This dataset
includes genetranscriptional expressionmeasured by RNAseq and epigenetic dataincluding: @)
ERG binding measured by Chromatin Immunoprecipitation followed by sequencing (CHdeq), (b)
binding of themaster regulator of inflammatory gene expression NIB using ChiRseq, (c)

H3K27ac using ChlRseq, and (d) chromatin accessibility using the Assay for Transposase
Accessible Chromatin followed by sequencing (ATAGeq) (Figure 3B). Additionally, all donors
were genotyped using an Affymetrix SNP chip with further imputation utilizing the 10g@nomes
project®®. All together, we assembled acollection of genetic, epigenetic, and transcriptional
sequencing data in a genetically varied datasefThis dataset allows us to ask and answer how an

individual ®s genetics i mpact their EC function.

To identifyvariants associated with gene expressiomalled eQTLs we utilized a program
called Matrix eQTL®" which used linear regression to link n d i v gedotypek & ®riant loci to the
expression of genes within 1Mb (1 million base pairgfFigure 3C). Out of 6,737,388 genetic

variants tested,we identified 709,315 genetic variants that areeQTLs (not corrected for LD) Of
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these, 8,747 are also associated with one of the epigenetic traits measureanplecular QTLsor
molQTLy9 via allele specific QTL testing performed with RASQUAL Specifically, the variants that
are strongly significanteQTLs associate more strongly with molQTLs tharrandomly selected SNPs
(Figure 4A), lending to the idea that genetic variants that disrupt one of the molecular traits we
measured are more likely to impactarget gene expression.Similarly, the eQTLswe measured

were enriched in higher significance GWAS hits faroronary artery disease(Figure 4B), supporting
the hypothesis that a variant that is an eQTL is more likely to be functionally impacting the cell than

random variants selected from the genome

An example of multiple layers of evidenceolocalizingto form a complete picture is the
Vascular Endothelial Growth Factor C (VEGFQ locus. There is anRE detected in our dataset that is
~90,000 base pairs from the promoter of gen&/EGFCwhere we fourd a common genetic variant
(rs6825977) associated with the expression of th&/EGFCgene (Figure 4C). In addition to being an
eQTL forVEGFG rs6825977 was significantly associated with the amount of H3K27ac detected at
the REand the amount of NEB binding to the enhancer under IL1B stimulated conditiondHgure
4D,E). The SNP rs6825977 mutates an ETS motif, meaning that for one allele (Thete is a
preserved motif that the ETS family of transcription factors can bind to, and in the other allele (C),
that motif is no longer a strong binding sit€Figure 4F). Additionally, theREwas shown to be acting
on VEGFCexpression via CRISPRI performéeby a collaborator, and the SN® gunctionality was
confirmed by another collaborator in a luciferase assayseparate from the locus withrs6825977,
the gene VEGFChas been associated with blood protein levels, left ventricle wall thickness, lung
function, and many other traité’ meaning thatthe modification of gene expression bys6825977
could be part of the mechanism through which risk is increased for thesesits. The VEGFClocus
example is but one of many available in thlarge dataset we have createdand exemplifies the

power of the multifactor approach to understanding genetic variations impact on cell biology.
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Figure 4eQTLs, molQTLs, and CoronaneArDisease. (A) Enrichment plots showing the enrichm
of molQTLs in cumulative bins of eQTL pvalues. (B) Enrichment plot of eQTLs enrichment in
cumulative pvalue bins of CAD GWAS SNPs. (C) Gene expression of VEGFG{RBX\Mrses
genotypes at SNB6825977 across 53 donorsaxis). (D) H3K27ac tags surrounding SNP rs6825¢
(RPKM; yaxis) by genotypes at the SE&0ssA2 donors(x-axis). (E) NFB binding surrounding SNP
rs6825977 (RPKM:akis) by the genotypes at the SNP aci@&donors (xaxs).
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2.3 | Massively Parallel Reporter Assays Validate Variant Function

The work in this session was published in Genome Research in 2022where | was a cofirst

author. The paper isincluded as Appendix B.

The eQTLs and molQTLsdentified withinour EC populationare compelling of their own
nature, but to validate functionality of the variants we identified, we decided to perform a massively
parallel reporter assay (MPRAJFgure 3D). We used the MPRA Selffranscribing Active Regulatory
Region Sequencing' (STARRseq). STARRseq involves creating up to tens of thousands of
circular DNA constructs (plasmids)including thetest regions downstream of a minimal promotor.
The structure of the plasmids meant that ithe regulatory region input into the plasmid vere active,
it would trigger its own transcription whichis measured by RNA-seq. In our study, we included
34,344 variants@allelesrepresented in59,976 plasmidswhich were selected based on the QTL
studies published in AHG in 2020, as well agpublicly available GWAS and chromatin accessibility
data from ENCODE’“°, These plasmids were introduced into an immortal EC cell line referred to as
- T el o HwhiEhGase ®uman Aortic Endothelial Cellshat express the telomereextending protein
hTERT.We usedTeloHAECsto ensure thatthere would be a uniform background within which to
measure differences of expression between allele©f the 34,344 variantsincluded in the STARR
seq assay, 5,711 were found to havedifferential expression between their alleles, hereafter to be

referred to as validated variants.

Validated variants overlap with a variety of ounolecular data and moleculatQTLs from
differentdatasets. Given this information, we set outtidentify thegenetic and epigenetic qualities
that were most often associated with variants thatalidated To find enrichment of our molecular
data, we used a hypergeometric test between the expected numbeof validated variantsa

molecular traitwould overlap withverses how often thevalidated variants wereoverlapped within
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the experimental data There was enrichment acrossall molecular datasets, though specifically,
chromatin accessibility and ERG bindigpwere the most enriched among the molecular traits
evaluated. Interestingly, not only were validated variants enriched within molecular trait regions
(peaks) (Figure 5A), but molQTLs were alsomore likely to overlapwith the validatedvariantsthan
would be expected (Figure 5B). Enrichmentat the molQTL levelwas striking given thatmolQTL
testing was only performed on SNPs within the trajteaks. Therefore,the molQTL enrichment is
further enrichmentover the SNP being present in a molecularrait peak It is also worth noting that
within the set of variants that validated but did not have a significant molQTL, we still see a trend in
the molQTLstatistics to suggest that many of the validated variants simply had effect sizes that we
did not have the power to detect statistical significance fowithin the molQTL analysisMeaning
many more validated variant® f u maytbé explained through themolecular traits that we
measuredif we had more samples for molQTltesting (Figure 5C). Given this data, we conclude
that transcription factor binding, and chromatin accessibility are both excellent measurements to

identify variants that modify regulator element activity.

Given our data in ECs, we identifie®9 variants that STARRseq determined were functional
that also are associated with diseas®f relevance to ECs including cardiovasculardisease, lung
disease, stroke, and pulse pressurgTable 1). Therefore, we have begun to identify the possible

mechanisms of disease propensity that exist within the human endothelium.
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CHAPTERS:

FUTUREDIRECTIONS AND CONCLUSIONS FOR QTL STUDIES

3.1 | Preliminary Data? Variantscan Impact Cell Response toStimuli such as IL1B

Cells are living organisms that are dynamic and plastic, allowing them to respotwltheir
environmentby adjusting their behavia. One major mechanism by which cells respond to their
environment is throughalterations in transcriptional regulation, leading to differentiglene
expression. Osease, inflammation, diet, or other stimutan affect transcriptional profile of cells
within the body. Additionally, evidence from several lines of evidence including GWAS and our own
work suggest that genetic variation shapes individual transcriptional responses to environmental
stimuli. Interactions between genetic variation and an environmmal stimulus are known as Gene
by-Environment (GXE) interactionsWhen considering a cellular treatment as its environment, it
follows that a SNP that impacts phenotype in a treatment specific manneis a GXE QTL. Within
our in-progress study, we aim toidentify theextent of GXE interactions within our cell population
and elucidate the mechanisms which cause thenfFigure 3E).

ECs are exposed to a myriad of stimulithin an atherosclerotic plagueand among themis
inflammatory cytokine IL1B We decided to focus onlL1B because itis a stimulussecreted by
macrophages, such as those found within glaque, andassociated with infection and damag#. In
addition, clinical trials for a drugcalled Canakinumabthat blocks IL1Bsignaling have shown a
decrease in repeat heart attacks, even in individuals whose cholesterol levels were controlled by
statins®®. The Canakinumab trial exemplifies a gap in knowledge and treatment options within
atherosclerosis. There are multiple patways coming together to form thephenotype andtreating
with approved drugs(statins) only controk the cholesterol component of disease. Additionally,
since risk for atherosclerosis is heritablethere are genetic variants that modify multiple separate

pathways, including inflammation Therefore,to tailor future treatments and identify drug targets
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within the inflammatory disease pathwayit is vital that we understand howgenetic variation
modifiesIL1B response in ECs

To identify genetic variants thaiimpact response to IL1B, wegenerated an expression value
representingeach donor® shange in expressionupon IL1B treatment. We then usedViatrix eQTL¥’
softwareto find genetic varians associated withmagnitude of expressionchanges upontreatment
with IL1B, hereafter referred to as change in gene expressiarin our preliminaryanalysis we
identified 45,529 variants associated withchanges in gene expression Multiple testing correction
was performed at the gene leveland a 5% FDR threslold was used Of the variants associated with
change ingene expression,365 are alsothe lead GWAS SNPs forcomplex disease associated loci
Of these, there were plenty of cardiovascular diseases whose risk loci overlapped with IL1B GxE
QTLsincluding 11 variants associated with Blood Protein Levels and 11 variants associated with
Systolic Blood PressurgTable 2). Given these preliminaryresults, future research can use these
findings to dissect the GXE interactions within disease risk loci.
3.2 | Future Directions? PolygenicRisk Score

Bringing the focusfully to human diseaserisk, we will linkthe QTL analyses presented here
with genetic riskfor developing CAD. Genetic riskat a single locusfor a single personcan be
calculated by counting thenumber of GWAS identifiedisk allelesthe personinherited at the locus
(min 02 max 2) and multiplying the count with the effect size (or the amount the allele contributes
to disease risk) The total genetic riskscore for one personis then calculated by takingtheir risk
values for all loci associated to disease and summing theroreating a polygenicrisk score (PRS}*.
PRSs on their owncan be overlayed with gene expression datdo determine the transcriptional
states of sampleswith a high PRS(high risk for disease)verses a low PRJlow risk for disease)
(Figure 3F, top). The highlow transcriptional profilesprovide insight into the genes that are acting

differently within individuals with high risk for disease vs low risRingle genesthat are linked to
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disease are always valuabléo future work and may provide potenal drug targets to lower risk for
developing CAD.

Taking the PRS into our prior workthrough integration ofthe QTL data, we can identify not
only the genes that are associated to high and low risk, but the specific variants that are
contributing to those changes. Therefore, merging of QTL&ith PRS will allow forapplication of
mechanism tomeasurable and quantitativegenetic riskfor disease Additionally, given the GxE
QTLs with IL1B that we have already identified, its possible we could segregateethigh PRS
population into those at risk of heightened inflammatory response vs those that do not process
cholesterol as efficiently Differentiating between individuals that develop disease through different
pathways will lead to targeted therapies beingdministered and ideally higher success rates at
slowing or resolving disease.

3.3 | Future Directions? Network Analysisidentifies Pathways that Change Together

Identifyinga gene whose transcriptionis associated with avariant hat ®s associ at ed
disease only begins to scratch the surface when trying to understand the mechanisms underlying
disease initiation and progression. Knowing that a gene is impacted layvariantdoes not identify
what pathways or mechanisms are acting postranscription. Network analysis technologies have
been developedto understand what is happening within a cell on a larger scale thasingle gene
transcription. Network analysis is a method through which sets of genes cde grouped together
based on acertain variable(s)that can differ basedon the analysis toolFor the planned network
analysis, wewill use Weighted Correlation Network Analysi€ (WGCNA), which groups genes
together based onco-variance of gene expression. This means that a module (set of genes
grouped by WGCNA)are made up of genes that vary in expression together across the population

of samplesgiven (e.g. when gene A goes up so does gene®). Therefore, future work will identify
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sets of genes that work together to impact EC biology and further downstream, diseagiigure 3F,
bottom).

As for the state of the network analysis, @ have generated modules and, in the futureye
plan to overlap the genes in each module with our eQTL and GXE eQTL data. Thidl identify the
variants associated with each module With this information, we can then overlay the genetic risk
scores at each of the variants that line up with genes in each modulldeally, what this will show is
the contribution of each pathway to the development of diseaseithin our testing population and
what variation is impacting specific pathwaysMechanistic pathways involved in disease are
extremely useful to the scienfic communityand are essential in developing new interventions for
disease.As an example, if we identify the variants all associated with a module of inflammatory
related genes, perhaps the variants can be tested in patient populations to segregate them into

high and low inflammatory risk. The potentigdlower of this study is vest.

3.4 | The Impact

Endothelial cells are a vital celtype to disease, being found in every vascularized tissue in
the body. Through this study, | havadentified genetic variationthat impacts EC transcription and
epigenetics as it applies to complex bease. As stated in Chapter 1, complex disease is
multifaceted, and my work does not capture everynechanism through whichgenetic variation
impacts EC biology. However, what is presented here is an incredibly detailed look at a population
of 53 individuds and how common genetic variation changes both baseline gene regulation, as well
as gene regulation under inflammatory conditions.

Not only will this data continue to be useful within our group, but other researchers are
already uilizingthis data to goply mechanisms to disease. My current list of collaborative papers is

evident of this, as | have used this data to helgtudies ofshear stress in the arterie4® as well as
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focusing GWAS studies for myocardial infarctidhto name a few(Table 3. The take home fromall
this work is that cross sectionally looking at mechanisms of a cefrgm the transcription factors®
ability to bindDNA, to the histone modifications othromatin, to the gene expression) provides us a
more complete image than wehave ever had before of how genetic variation impacts cell biology

and disease.
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Table 1. Candidate SNPs identified throuah STARBR

Predicted STARR-: I
QL ganes | redi -e . sec! pvals
FDR<0.05) transcripti [ (Higher
rsID RefiAlt: Chr position Both Type molQTL [.n = notx, .i =illb] | Motif Mutated | on factor GWAS expression allele)]
(hg19) HAEC Onl (g-value, higher tag allele) PWM binding Oh
v distruption 6h
GTEx Only
(svM) 24h
m
rs6475604 | T i C | chr9 | 22052734 ATAC.n (0.02,T) Yy2 Glaucoma| CAD 0.227
CDKN2A|CDKN2B 0.234
(G)
1s10757267 | G | C | chr9 | 22052810 RELA.i (0.02, G) Glaucoma| CAD (G)
CDKN2B (G)
NkxB. T[T [FLF
SIEXHFIII_h ;“I-h 1 CAD|Allergic rhinitis | Asthma| Atopic asthma | Chronic inflammatory diseases {C)
(517293632 | C | T | chris | 67442596 ATAC.n (2.5)(10’2, C)| RELA.I |Fos|2|Ju)r(|AP1rF ATF3|JDP2 ankylt.:sing s.plondy!itis Crohn's disleas.e psoriasis. prim.ary sclerosing cholangitis (9]
SMAD3]AAGAB/ (4.2x107, €) 1|BATE | AP1|A | NFE2 ulcerative colitis pleiotropy| Crohn's disease | Eosinophil counts| Hay fever and or
ra
- . aee C
PIAS1 in eczema| Inflammatory bowel disease | Ulcerative colitis (C)
LDAH CRX|ZNF264|Tx| T
rs13385499 ;| T | C | chr2 | 20882413 pb5.i (0.024, T) Otx2 | GSC| RUNX Abdominal aortic aneurysm (M)
! )
LDAH APlIBATIFIAt:?sI (A)
Fral|Fosl2 | Nkx3.
1513382862 | A | G | chr2 | 20882449 RELA.i (0.029, A) ral|Fosi2 [Nk eoc g Abdominal aortic aneurysm (A)
1|JunAP1|Smad3
| ThxS |ERG (A)
POUAFI . (A)
H3K27ac.n (3.4x107, CRX|GSC|GATA3
rs4304924 i G ; A i chrl3 ! 79238925 | RNF219-A51[C13o0rf7 acn { x I I Large artery stroke| Pulse pressure 0.125
A)|H3K27ac.i (0.011, A) |Gatad
RNF219{RP11-52L5.6 (A)
PPAP2B (G)
1517114036 ' A G | chrl | Se962821 RELA. (0.02, ) Coronary artery disease| Coronary artery disease or ischemic stroke | Coronary artery (S)
disease or large artery stroke | Coronary heart disease
(G)
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Table 2. Candidate SNPs from GWAS and GXE QTL overlap

ChromPos Gene for GXE eQTL Trait associated by GWAS Risk Study
hg38 Allele
chr7- GLISNM_0001680.0242 Smoking initiation (ever A Association studies afp to 1.2 million individuals yield new insights into the genetic etiology of
41148917 regular vs never regular) tobacco and alcohol use.

(MTAG)
chrs IL3NM_0005880.0031 Atopic dermatitis C Meta-analysis of genomwide association studies identifies three new risk loci for atopic
132713335 dermatitis.
chrs IL3NM_0005880.025 Atopic dermatitis T Multi-ancestry genomavide association study of 21,000 cases and 95,000 controls identifies
132693166 risk loci for atopic dermatitis.
chrs IL3NM_0005880.025 Atopic march C Meta-andysis identifies seven susceptibility loci involved in the atopic march.
132694975
chrlé NQOZINM_0009020.0113 Body mass index ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
70275334
chrl6 NQOINM_0009030.0113 Branchedchain amino acid C Genetic Predisposition to an Impaired Metabolism of the BrangBkedin Amino Acids and Risk o
70345014 levels (Isoleucine) Type 2 Diabetes: A Mendelian Randomisation Analysis.
chrl0 C100rf55NM_0010017940.029 Cardiovascularidease ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
74261866
chrl0 C100rf55NM_0010017940.029 Diverticular disease A Genomewide association analyses identify 39 new susceptibility loci for diverticular disease.
74300960
chrll OR8KiANM_0010029070.0414 Adolescent idiopathic scoliosig ? The coexistence of copy number variations (CNVs) and single nucleotide polymorphisms (SN
55954203 a locus can result in distorted calculations of the significance in associatingdst&ase.
chrll- OR52BANM_0010040520.0084 Periodontal diseaseclated ? Genomewide association study of periodontal health measured by probing depth in adults ag
6728826 phenotypes 18-49 years.
chr1-1227055 | OR4F16\M_0010052770.0414 Bloodprotein levels C Caoregulatory networks of human serum proteins link genetics to disease.
chr3 FAIMNM_00103303@.04 Adolescent idiopathic scoliosig ? The coexistence of copy number variations (CNVs) and single nucleotide polymorphismst(SN
137700260 a locus can result in distorted calculations of the significance in associating SNPs to disease
chris MESPZ2\M_001039958).0295 Pulse pressure T Genomewide association analyses using electronic health records identify new loci influencin
89021727 blood pressure variation.
chrls MESPZ2NM_001039958).0295 Coronary artery disease A Identification of 64 Novel Genetic Loci Provides an Expanded View on the Genetic Architecty
89022026 Coronary Artery Disease.
chris MESPZ2\M_001039958).0295 Coronary artery disease T Association analyses based on false discovery rate am@lieew loci for coronary artery disease.
89031253 (myocardial infarction,

percutaneous transluminal

coronary angioplasty, coronary

artery bypass grafting, angina

or chromic ischemic heart

disease)
chré- MCHRZ2NM_001040179.0183 Neuroticism ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
100536230
chr6- MCHRZNM_001040179.0239 Neurociticism A Iltem-level analyses revegkenetic heterogeneity in neuroticism.
100564311
chré- MCHRZ2NM_001040179.0268 Smoking status ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
100798134
chr6- MCHRZNM_001040179.0309 Insomnia A Genomewide analysis of insomnia in 1,8810 individuals identifies new risk loci and functiona
100764125 pathways.
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chrg NUTM2GNM_0010454770.0402 | Height Genomewide association scan for stature in Chinese: evidence for ethnic specific loci.
96776856

chri- PEARINM_0010804740.0379 White blood cell count Genetic analyses of diverse populations improves discovery for complex traits.

155938032

chr3 C30rf84NM_001080528.0139 Depressed affect Meta-analysis of genomw&ide association studies for neuroticism449,484 individuals identifies
49806290 novel genetic loci and pathways.

chr3 C30rf84NM_001080528.0139 General cognitive ability Study of 300,486 individuals identifies 148 independent genetic loci influencing general cogn
49955758 function.

chr3 C30rf84NM_001080528.0139 Intelligence (MTAG) A combined analysis of genetically correlated traits identifies 187 loci and a role for neurogern
49869678 and myelination in intelligence.

chr3 C30rf84NM_001080528.0145 Body mass index Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

49883138

chr3 C30rf84NM_001080528.0145 Intelligence (MTAG) A combined analysis of genetically correlated traits identifies 187 loci and a role for neurogern
50079879 and myelination in itelligence.

chr3 C30rf84NM_001080528.0178 Osteoarthritis Identification of new therapeutic targets for osteoarthritis through genewide analyses of UK
49984616 Biobank data.

chr3 C30rf84NM_001080528.0201 Age at first birth Genomewide analysis identifies 12 loci influencing human reproductive behavior.

49860567

chr3 C30rf84NM_001080528.0223 White blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

50122676

chr3 C30rf84NM_001080528.0223 Body mass index Genomewide association study identifies 112 new loci for body mass index in the Japanese
49934081 population.

chr3 C30rf84NM_001080528.0223 Body mass index Proteinaltering variants associated with body mass inaeglicate pathways that control energy
49898669 intake and expenditure in obesity.

chr3 C30rf84NM_001080528).0336 Hand grip strength Biological Insights Into Muscular Strength: Genetic Findings in the UK Biobank.

49737225

chr3 C30rf84NM_001080528.0346 Intelligence (MTAG) A combined analysis of genetically correlated traits identifies 187 loci and a role for neurogen
49823421 and myelination in intelligence.

chr3 C30rf84NM_001080528.0474 Insomnia symptoms Biological and clinical insights from genetics of insomnia symptoms.

49943163 (never/rarely vs. usually)

chrlé PRDM7NM_001098173.0035 Age at menopause Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

89886435

chrl6 PRDM7NM_001098173.0059 Heel bone mineradensity Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

89854711

chrlé PRDM7NM_001098173.0059 Mean corpuscular hemoglobin Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

89649814

chrl6 PRDM?NM_001098173).0064 Low tan response Genomewide association study in 176,678 Europeans reveals genetic loci for tanning respon
89849983 sun exposure.

chrl6 PRDM7NM_001098173.0113 Height Meta-analysis of genomwide association studied adult height in East Asians identifies 17 no
89687847 loci.

chrlé PRDM7NM_001098173.0121 Interleukin17 levels Genomewide Association Study Identifies 27 Loci Influencing Concentrations of Circulating
89729389 Cytokines and Growth Factors.

chrl6 PRDM7NM_001098173.0181 Red vs. brown/black hair color Genomewide study of hair colour in UK Biobank explains most of the SNP heritability.
89928508

chrl6 PRDM7NM_001098173.0181 Red vs. brown/black hair color Genomewide study otair colour in UK Biobank explains most of the SNP heritability.
89932386
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chrl6

PRDM7NM_001098173.0256

Hip circumference adjusted foi

New genetic loci link adipose and insulin biology to body fat distribution.

89668423 BMI

chrl6 PRDM7NM_001098173).0306 Height Genomewide association study in Han Chinese identifies three novel loci for human height.
89659627

chrlé PRDM7NM_001098173.0437 Low tan response Genomewide association study in 176,678 Europeans reveals genetifolotanning response to
89953938 sun exposure.

chr3 CCR2\M_001123396).0307 Type 2 diabetes (adjusted for Refining the accuracy of validated target identification through coding variantiigygping in type
47240813 BMI) 2 diabetes.

chr3 CCRAIM_001123396).0351 White blood cell count Genetic analysis of quantitative traits in the Japanese population links cell types to complex
46960500 diseases.

chr3 CCR2\M_001123396).0403 AIDS progression Genomewide associatio study implicates PARD&Bsed AIDS restriction.

46386699

chr3 CCRAIM_001123396).0403 Systolic blood pressure Interethnic analyses of blood pressure loci in populations of East Asian and European desce
46855009

chr3 CCR2\M_001123396).0403 Setpoint viral load in HIY Polymorphisms of large effect explain the majority of the host genetic contribution to variatior]
46410189 infection HI\A1 virus load.

chri2 ACAD1NM_001136538.0441 Reaction time Study of 30486 individuals identifies 148 independent genetic loci influencing general cognit
111680772 function.

chrll- LGALSIRIM_00114253%.0319 Electroencephalographic traitg Familybased genomavide association study of frontaldscillations identifies potassium channe|
63825149 in alcoholism gene KCNJ6.

chrll- LGALSIRIM_00114253%.0319 Systolic blood pressure Transancestry metaanalyses identify rare and common variants associated with blood pressu
63819841 and hypertension.

chrll LGAB12NM_00114253%).0356 | Serum uric acid levels Genetic analysis of quantitative traits in the Japanese population links cell types to complex
63552521 diseases.

chrll- LGALSIRIM_001142538.0463 Pulse pressure Novel Blood Pressure Locus and Gene Discovery Using G&dmlaé\ssociation Study and
63913247 Expression Data Sets From Blood and the Kidney.

chrll- LGALS1RIM_001142535).0465 | Height Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

63826750

chrl0- RPELNM_001143909.0142 Pulse pressure Transethnic association study of blood pressure determinants in over 750,000 individuals.
102641729

chrlo RPELNM_001143909.018 Body mass index Genomewide physical activity interactions in ipdsity- A metaanalysis of 200,452 adults.
102641875

chrlo RPELNM_001143909.0199 Body mass index Genetic studies of body mass index yield new insights for obesity biology.

102599593

chrlo RPELNM_001143909.0321 Schizophrenia Genomewide association study of schizophrenia in Ashkenazi Jews.

102540881

chrl0 RPEL-NM_001143909.0438 Systolic blood pressure (long GenomeWide Association Study Metanalysis of Lon@erm Average Blood Pressure in East
102712218 term average) Asians.

chrl?- ARL5ENM_001143968).0436 White blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

38690022

chrll- UBTFL-NM_001143975.0352 Norrmelanoma skin cancer Genomewide association study ih76,678 Europeans reveals genetic loci for tanning response
89287897 sun exposure.

chrl0 AGAPENM_001144008.0305 Systolic blood pressure Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

74031881

chr7- NACAENM_001146334.0487 Educational attainment Gene discovery and polygenic prediction from a genevige association study of educational
44379592 (MTAG) attainment in 1.1 million individuals.
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chr2- RGPD&\M_001164463).0298 Age of smoking initiation Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
112482606 (MTAG) tobacco and alcohol use.

chr2- RGPD8&IM_001164463.0298 Yeast infection Genomewide association and HLA region fimapping studiesdentify susceptibility loci for
112172487 multiple common infections.

chr2- RGPD&\M_001164463).0482 Alcohol consumption (drinks Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
112476739 per week) (MTAG) tobacco and alcohol use.

chr3 PIGXNM_001166304€.0102 Mean corpuscular hemoglobin The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D
196194440 concentration

chr3 PIGXNM_001166304.0102 Mean corpscular hemoglobin Genomewide association study of hematological and biochemical traits in a Japanese populg
196180782

chr3 PIGXNM_001166304€.0102 Red cell distribution width The Allelic Landscape of Human Blood Cell Trait Variatiohiaksl to Common Complex Disease
196181840

chr3 PIGXNM_001166304.0226 Reticulocyte fraction of red The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D
196195699 cells

chr3 LOC100132148IM_001195442 Height Genetic analyses of diverse populations improves discovery for complex traits.

47121396 0.0114

chr3 LOC10013214B8IM_001195442 Breast cancer Association analysis identifies 65 new breast cancer risk loci.

47241865 0.0406

chr3 LOC100132148IM_001195442 Celiac disease Newly identified genetic risk variants for celiac disease related to the immune response.
46310893 0.0406

chr2- OTXINM_001199776.017 Childhood ear infection Genomewide association and HLA region fimappingstudies identify susceptibility loci for
63622964 multiple common infections.

chr2- OTXINM_00119977@.0325 General risk tolerance (MTAG Genomewide association analyses of risk tolerance and risky behaviors in over 1 million
63128385 individuals identify hunceds of loci and shared genetic influences.

chrl0 EBLNANM_001199938.0108 Breast cancer Largescale genotyping identifies 41 new loci associated with breast cancer risk.

21744013

chrll- FXYD&XYD2IM_001204268 Depression (broad) Genomewide association study of depression phenotypes in UK Biobank identifies variants it
118410703 0.0293 excitatory synaptic pathways.

chr3 CSPGHIM_001206943.0353 Height Genetic analyses of diverse pdations improves discovery for complex traits.

47121396

chr7- IKZFANM_001220765.0472 Schizophrenia (treatment A genetic locus in 7p12.2 associated with treatment resistant schizophrenia.

50658447 resistant)

chrl9 RTBDMM_001270440.0469 Neutrophil percentage of The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)
13114672 white cells

chr3 EOMESNM_001278182.0486 Cancer (pleiotropy) CrossCancer Genom&Vide Analysisf Lung, Ovary, Breast, Prostate, and Colorectal Cancer
27285723 Reveals Novel Pleiotropic Associations.

chrl4 ALDH6AINM_001278594.014 Morning vs. evening GWAS of 89,283 individuals identifies genetic variants associatedslftieporting of being a
73901628 chronotype morning person.

chr20 CTNNBLNM_001281498).0406 | Schizophrenia GenomeWide Association Study Detected Novel Susceptibility Genes for Schizophrenia and
38797315 Shared Tran®opulations/Diseases Genetic Effect.

chr20 CTNNBL-NM_001281498).0406 | Autism spectrum disorder or Meta-analysis of GWAS of over 16,000 individuals with autism spectrum disorder highlights g
38797937 schizophrenia locus at 10g24.32 and a significant overlap with schizophrenia.

chrl6 NPIPBANM_00128725).0422 General cognitive ability Study of 300,486 individuals identifies 148 independent genetic loci influencing general cogn
28640411 function.

chrs ZNF13INM_001297548.0243 Selfreported math ability Gene discovery angolygenic prediction from a genomeide association study of educational
43335468 attainment in 1.1 million individuals.
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chr19850733 | FGF22\M_00130081.0072 White blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
chr6- BTN1AINM_0017320.0392 Intelligence (MTAG) A combined analysis of genetically correlated traits identifies 187 loci and a role for neurogern
264853% and myelination in intelligence.
chrl3 COL4ANM_0018460.0233 Granulocyte percentage of The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D
109359492 myeloid white cells
chr2- COX5B\M_0018620.0439 Prostate cancer Genetic risk of prostate cancer in Ugandan men.
97135631
chr20 CSTINM_0018980.0468 Obesityrelated traits Novel genetic loci identified for the pathophysiology of childhood obesity in the Hispanic
23117243 population.
chr20 EEF1AANM_0019580.0021 Ulcerative colitis Association analyses identify 38 susceptibility locirfiammatory bowel disease and highlight
63717555 shared genetic risk across populations.
chr20 EEF1ANM_0019580.0028 Crohn's disease Genomewide metaanalysis increases to 71 the number of confirmed Crohn's disease
63718234 susceptibility loci.
chr20- EEF1ANM_0019580.0028 Prostate cancer Identification of 23 new prostate cancer susceptibility loci using the iCOGS custom genotypin
63731211 array.
chr20 EEF1ANM_0019580.0028 Blood protein levels Coregulatory networks of human seruproteins link genetics to disease.
63738996
chr20 EEF1AANM_0019580.0044 Smoking cessation (MTAG) Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
63711116 tobacco and alcohol use.
chr20 EEF1ANM_0019580.0102 Age of smoking initiation Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
63707707 (MTAG) tobacco and alcohol use.
chr20 EEF1AANM_0019580.0254 Inflammatory bowel disease Loci on20g13 and 2122 are associated with pediatitset inflammatory bowel disease.
63712604
chr20 EEF1ANM_0019580.0259 Ulcerative colitis Meta-analysis identifies 29 additional ulcerative colitis risk loci, increasing the number of
63696229 confirmed associatigito 47.
chrl3 ESBENM_0019840.0289 Blood protein levels Connecting genetic risk to disease end points through the human blood plasma proteome.
46031306
chri2 GNSNM_0020760.0482 Adolescent idiopathic scoliosis The coexistence of copymber variations (CNVs) and single nucleotide polymorphisms (SNP
64027942 a locus can result in distorted calculations of the significance in associating SNPs to disease
chr2- MGAT5NM_0024160.037 Subcutaneous adipose tissue Genomewide associabn for abdominal subcutaneous and visceral adipose reveals a novel lo
134385716 for visceral fat in women.
chrll- MYODINM_0024780.0368 Systolic blood pressure x Novel genetic associations for blood pressigientified via genealcohol interaction in up to 570K
16878556 alcohol consumption individuals across multiple ancestries.

interaction (2df test)
chrll- MYODINM_0024780.0368 Blood pressure Genomewide association study identifies six new loci influencing pulse pressure andartesal
16880721 pressure.
chrll- MYODINM_0024780.0368 Blood protein levels Genomic atlas of the human plasma proteome.
16836252
chrll- MYOD1INM_0024780.0368 Blood protein levels Coregulatory networks of human serum proteins link geneticdisease.
16865345
chrll- MYODINM_0024780.0368 Systolic blood pressure Transethnic association study of blood pressure determinants in over 750,000 individuals.
16872543
chrll- MYODINM_0024780.0393 Systolic blood pressure x Novel genetic associations for blood pressure identified via gdeehol interaction in up to 570K
16890089 alcoholconsumption individuals across multiple ancestries.

interaction (2df test)
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chrll-

MYODINM_0024780.0393

Mean arterial pressure

Meta-analysisdentifies common and rare variants influencing blood pressure and overlapping

16895672 with metabolic trait loci.
chrl2 SELPLGEM_0030060.0497 Response to methotrexate in Genomewide data reveal novel genes forethotrexate response in a large cohort of juvenile
108324152 juvenile idiopathic arthritis idiopathic arthritis cases.
chrl7 MYH13NM_0038020.0164 GIP levels in response to oral Genetic determinants of circulating GIP and Gld®ncentrations.
9889451 glucose tolerance test (fasting
chrl?- MYH13NM_0038020.0164 Type 2 diabetes An Expanded GenorA#ide Association Study of Type 2 Diabetes in Europeans.
9877070
chri2 DTXINM_0044160.0319 Body mass index Genomewide association study identifies 112 new loci for body mass indthe Japanese
112203573 population.
chri- XPRANM_0047360.0482 Age at menopause Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
180992109
chrl- XPRINM_0047360.0482 Progressive supranuclear palg Joint genomewide association study of progressive supranuclear palsy identifies novel
180983158 susceptibility loci and genetic correlation to neurodegenerative diseases.
chri- XPRANM_0047360.0482 Progressive supranuclear palg Identification of common variants influemg risk of the tauopathy progressive supranuclear pa
180993146
chr2- DDXINM_0049390.0208 Nonsyndromic cleft lip with Genomewide analyses of neayndromic cleft lip with palate identify 14 novel loci and genetic
16552660 cleft palate heterogeneity.
chr2- DDXINM_0049390.0208 Orofacial clefts Genomewide metaanalyses of nonsyndromic cleft lip with or without cleft palate identify six n
16534140 risk loci.
chr2- DDXINM_0049390.0208 Cleft lip with or without cleft Genomewide metaanalyses of nonsyndromic orofacial clefts identify novel associations bet
16548089 palate FOXE1 and all orofacial clefts, and TP63 and cleft lip with or without cleft palate.
chrg CEBPINM_0051950.0413 Heel bone mineral density Identification of 153 new loci associated with heel bone mineral density and functional
48396607 involvement of GPC6 in osteoporosis.
chrs LMNBINM_0055730.0367 Attention deficit hyperactivity Genomewide association study of inattention and hyperactivitgpulsivity measured as
127774794 disorder (hyperactivity guantitative traits.

impulsivity symptoms)
chrs LMNBENM_00557230.0367 Attention deficit hyperactivity Genomewide association study of inatteion and hyperactiviggmpulsivity measured as
127803924 disorder (hyperactivity guantitative traits.

impulsivity symptoms)
chri4 LGMNNM_0056060.0286 Adult asthma Longitudinal analysis to better characterize Asth@@PD Overlap Syndrome (ACOS): Findings
93544435 from an adult asthma cohort in Koré@OREA).
chro TRAFINM_0056580.0087 Height Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
121516823
chr2- PRERNM_0060360.047 Diabetes in response to Genorre-wide association study identifies pharmacogenomic loci linked with specific
43636315 antihypertensive drug antihypertensive drug treatment and neanset diabetes.

treatment (treatment strategy

interaction)
chrl9 LGALSMNM_0061490.0255 Prostate cancer Genomewide association and replication studies idenfifyr variants associated with prostate
38244973 cancer susceptibility.
chr4 CXCL1BIM_0064190.0182 Lung function (FEV1/FVC) Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
78487450
chr4- CXCL1B3IM_0064190.038 Lung function (FEV1/FVC) New genetic signals for lung function highlight pathways and chronic obstructive pulmonary
78482798 disease associations across multiple ancestries.
chr4 LSM6BNM_0070860.0408 Heart rate Identification of heart rateassociated loci and theéffects on cardiac conduction and rhythm
146578186 disorders.
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chr2- SNRNP20608IM_0140140.0269 Heel bone mineral density ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
95731593
chré- ZNF318\M_0143450.0256 Height ? Leveraging Polygenkunctional Enrichment to Improve GWAS Power.
43034983
chrl- EFCAB1#MM_0147740.0468 Menopause (age at onset) T Largescale genomic analyses link reproductive aging to hypothalamic signaling, breast cancg
46281629 susceptibility and BRCAdediated DNA repair.
chr7-6732029 | ZNF12NM_0162650.0217 Alzheimer's disease (APOE e4 C A novel Alzheimer disease locus located near the gene encoding tau protein.
interaction)
chri2 GPN3NM_0163010.0232 Ankylosing spondylitis T Identification of multiple risk vaaints for ankylosing spondylitis through higensity genotyping of
111424771 immune-related loci.
chri- CMPKiINM_0163080.0211 Heel bone mineral density G An atlas of genetic influences on osteoporosis in humans and mice.
47875333
chrl3 ATP8ANM_0165290.0239 Obesityrelated traits G Novel genetic loci identified for the pathophysiology of childhood obesity in the Hispanic
24406811 population.
chrl6190281 | GNG13NM_0165410.0178 Hematology traits A GWAS of blood cell traits identifies novel agated loci and epistatic interactions in Caucasian ¢
AfricanrAmerican children.
chr16175654 | GNG13NM_0165410.0277 Mean corpuscular hemoglobin| A Genomewide association study of hematological and biochemical traits in a Japanese populg
chrl3 SOHLHAIM_0178260.0299 Height ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
36352428
chr2- TMEM127NM_0178490.0262 Heel bone mineral density ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
95731593
chrll- TTC1ANM_0178680.0076 Smoking status (ever vs neverl T Genomewide association analyses of risk tolerance and risky behaviors in over 1 million
112896664 smokers) individuals identify hundreds of loci and shared genetic influences.
chr6- PH-10NM_0182880.0456 Loneliness ? GenomeWide Association Study of Loneliness Demonstrates a Role for Common Variation.
169069612
chrl- CAMK2NINM_0185840.0218 Ease of getting up in the C Genomewide analysis of insomnia in 1,331,0mh@ividuals identifies new risk loci and functional
21208837 morning pathways.
chrl- CAMK2NINM_0185840.0218 Morningness A Genomewide analysis of insomnia in 1,331,010 individuals identifies new risk loci and functio
20811275 pathways.
chri- CAMK2NINM_0185840.0218 Eosinophil counts ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
20819929
chrl- CAMK2NINM_0185840.0306 Mean corpuscular hemoglobin ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
21129066
chr3 ZKSCANRM_0186510.0383 Depression C Genomewide metaanalysis of depression identifies 102 independent variants and highlights
44695001 importance of the prefrontal brain regions.
chré- HLADRANM_0191110.0216 Hepatitis B ? Genomewide association and HLA region fimapping studies identify susceptibility loci for
32692061 multiple common infections.
chré- HLADRANM_0191110.0216 Systemic lupus erythematosug T Genetic association analyses implicate aberrant regulationnaiténand adaptive immunity genes
32644524 in the pathogenesis of systemic lupus erythematosus.
chr6- HLADRANM_0191110.0216 Blood protein levels A Genomic atlas of the human plasma proteome.
32576920
chré- HLADRANM_0191110.0216 Blood protein levels C Genomic atlas of the human plasma proteome.
32620082
chré- HLADRANM_0191110.0216 Multiple sclerosis T Novel multiple sclerosis susceptibility loci implicated in epigenetic regulation.
32632598
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chré-

HLADRANM_0191110.0216

Childhood eamfection

Detection and interpretation of shared genetic influences on 42 human traits.

32598800
chré- HLADRANM_0191110.0216 Systemic lupus erythematosus Meta-analysis followed by replication identifies loci in or near CDKN1B, TET3, CD80, DRAM]
32606214 ARID5B as associated with systemic lupus erythematosus in Asians.
chr6- HLADRANM_0191110.0216 Immunoglobulin A Association of IFIH1 and other autoimmunity risk alleles with selective IgA deficiency.
32619077
chré- HLADRANM_0191110.0216 Immune response to measles Genomewide associations of CD46 and IFI44L genetic variants with neutralizing antibody res
32520210 vaccine (measlemduced IFN to measles vaccine.

gamma)
chré- HLADRANM_0191110.0245 Druginduced liver injury Susceptibility to amoxicillialavulanateinduced liver injury is influenced by multiple HLA class |
32665055 (amoxicillinclavulanate) and Il alleles.
chr6- HLADRANM_0191110.0299 Multiple sclerosis (OCB status Oligoclonal band status in Scandinavian multiple sclerosis patients is associated with specifig
32624423 genetic risk alleles.
chré- HLADRANM_0191110.0299 Colorectal cancer or advanced Discovery of common and rare genetic risk variants fasrectal cancer.
32625303 adenoma
chr6- HLADRANM_0191110.0299 Colorectal cancer Association analyses identify 31 new risk loci for colorectal cancer susceptibility.
32626471
chré- HLADRANM_0191110.0299 Type 2 diabetes An Expanded Genom&ide Association Study of Type 2 Diabetes in Europeans.
32626532
chr6- HLADRANM_0191110.0351 Autism spectrum disorder or Meta-analysis of GWAS of over 16,000 individuals with autism spectrum disorder highlights g
32487060 schizophrenia locus at 10g24.32 andsignificant overlap with schizophrenia.
chré- HLADRANM_0191110.0396 Itch intensity from mosquito GWAS of selfeported mosquito bite size, itch intensity and attractiveness to mosquitoes
32632226 bite implicates immuneelated predisposition loci.
chré- HLADRANM_0191110.0396 Mouth ulcers Genome wide analysis for mouth ulcers identifies associations at immune regulatory loci.
32712345
chré- HLADRANM_0191110.0396 Iron status biomarkers Genomewide association study of iron traits and relation to diabetes in the Hispanic Commun
32664039 (transferrin saturation) Health Study/Study of Latinos (HCHS/SOL): potential genomic intersection of iron and gluco

regulation?

chri2 ASICINM_0200390.039 Obesity Genomewide metaanalysis identifies 11 new loci for anthropometric traits and provides insig
49832684 into genetic architecture.
chr2- STARDRM_0201510.0098 Heel bone mineral density Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
95731593
chr2- STARDRM_0201510.0289 Diastolic blood pressure Genomewide association analysis identifies novel blood pressure loci and offers biological in
96009418 into cardiovascular risk.
chr2- STARDRM_0201510.0363 Pulse pressure Transethnic association study of blood pressure determinants in over 750,000 individuals.
95991827
chrz- STARDRM_0201510.0446 Prostate cancer Genetic risk of prostate cancer in Ugandan men.
97135631
chr2- STARDRM_0201510.0482 Diastolic bloogressure Transethnic association study of blood pressure determinants in over 750,000 individuals.
96381261
chri- LRRGRM_0207940.0268 Antipsychotic drugnduced Genomewide association study of antipsychetimuced QTc irerval prolongation.
70455490 QTc interval prolongation
chr3 CCDC19NM_0208170.0471 Systolic blood pressure Genetic analysis of over 1 million people identifies 535 new loci associated with blood pressy
114742361 traits.
chré- ABHD16A\NM_0211660.0403 Systemic lupusrythematosus A largescale replication study identifies TNIP1, PRDM1, JAZF1, UHRF1BP1 and IL10 as risk
32440720 systemic lupus erythematosus.
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chrl9

HAMRNM_0211780.025

Platelet count

Genetic analysis of quantitative traits in the Japaneseutation links cell types to complex humg

35552195 diseases.
chré- PPP1RENM_0219590.0265 Rosacea symptom severity Assessment of rosacea symptom severity by genarige association study and expression
30828768 analysis highlights inmurieflammatory and skipigmentation genes.
chr6- ELOVLANM_0227260.0245 Breast cancer Association analysis identifies 65 new breast cancer risk loci.
80496839
chré- ELOVLANM_0227260.0337 Breast cancer Association analysis identifies 65 new breast canceta@k
80384570
chri- NMNATINM_0227870.0287 Varicose veins Clinical and Genetic Determinants of Varicose Veins.
10765520
chri2 TAS2R1BIM_0239260.044 Bitter taste perception GWAS of human bitter taste perception identifies new loci eewetals additional complexity of
11126493 bitter taste genetics.
chrl- TMEM53NM_0245870.0325 Intelligence (MTAG) A combined analysis of genetically correlated traits identifies 187 loci and a role for neurogern
43763926 and myelination in intelligence.
chri- TMEM53NM_0245870.0326 Alcohol dependence (age at Genomewide survival analysis of age at onset of alcohol dependence in extendedskddOGA
44003359 onset) families.
chri4 C140rf169NM_0246440.0104 Morning vs. evening GWAS of 89,283 individuals identifies genetic variants associated wittegeiting of being a
73901628 chronotype morning person.
chri4 C140rf169NM_0246440.0213 Blood protein levels Genomic atlas of the human plasma proteome.
74020818
chrl7- NUP85NM_0248440.0497 Gamma glutamyl transferase Genetic analysis of quantitative traits in the Japanese population links cell types to complex |
75179199 levels diseases.
chr20 ACTRSNM_0248550.0236 Schizophrenia GenomeWide Association Study Detectdibvel Susceptibility Genes for Schizophrenia and
38797315 Shared TranPopulations/Diseases Genetic Effect.
chr20 ACTRINM_0248550.0236 Autism spectrum disorder or Meta-analysis of GWAS of over 16,000 individuals with autism spectrumddidaghlights a novel
38797937 schizophrenia locus at 10g24.32 and a significant overlap with schizophrenia.
chr20 ACTRSM_0248550.0404 Anti-thyroglobulin (TgAb) Genomewide association analysis suggests novel loci underlyingithgntibodies in Hashimoto's
38622111 levels in Hashimoto's thyroiditis.

thyroiditis
chr2- TMEM163NM_0309230.0244 Colonoscopynegative controls Bayesian and frequentist analysis of an Austrian genade association study of colorectal
134987559 vs population controls cancer and advanced ademas.
chrll- TEX1ANM_0312750.0262 Highest math class taken Gene discovery and polygenic prediction from a genevige association study of educational
111647184 attainment in 1.1 million individuals.
chrll- TEX1ANM_0312750.0262 Medication use (agents acting Genomewide association study of medicatiarse and associated disease in the UK Biobank.
111664589 on the renirangiotensin

system)
chré- SH3BGRERM_0314690.0473 Rapid automised naming of Genomewide association scan identifies new variants associated with a cognitive predictor o
79149268 pictures dyslexia.
chrl0 SYT15NM_0319120.0451 Mean corpuscular volume Multiple loci influence erythrocyte phenotypes in the CHARGE Consortium.
45529281
chrlo SYT15NM_0319120.0451 Mean corpuscular volume The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)
45487060
chrlo SYT15NM_0319120.0451 Red cell distribution width Leveraging Polygenic Functa Enrichment to Improve GWAS Power.
45506418
chrl0 SYT15NM_0319120.0451 Mean corpuscular hemoglobin Genetic analysis of quantitative traits in the Japanese population links cell types to complex |
45463228 diseases.
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chrl0

SYT18NM_0319120.0451

Mean corpuscular hemoglobin

Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

45507408

chrl0 SYT15NM_0319120.0451 Red blood cell count Genetic analysis of quantitative traits in the Japanese population linkypes to complex humar

45573988 diseases.

chrlo SYT1INM_0319120.0451 Mean corpuscular volume Genetic analysis of quantitative traits in the Japanese population links cell types to complex

45633821 diseases.

chrl0 SYT15NM_0319120.0451 Blood metabolite levels An atlas of genetic influences on human blood metabolites.

45463433

chrl0 SYT1INM_0319120.0451 Neutrophil percentage of The Allelic Landscape of Human Blood Cell Trait Variation and Li@iksiimon Complex Disease

45465572 white cells

chrl0 SYT15NM_0319120.0451 Lymphocyte counts The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D

45468138

chrl0 SYT1NM_0319120.0451 Red blood cell traits Seventyfive genetic loci influencing the human red blood cell.

45470974

chrl0 SYT15NM_0319120.0451 Red blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

45481403

chrl0 SYT1NM_0319120.0451 Mean corpuscular hemogla The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)

45511519

chrlo SYT1INM_0319120.0451 Mean corpuscular volume The Allelic Landscape of Human Blood Cell Trait Variation and Links to C@umplex Disease.

45529229

chrl4 SETD3NM_0322330.0119 Menarche (age at onset) Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

100454079

chr7-787688 | PSMG3\M_0323020.0472 Cerebrospinal faul81p levels Genomewide association study iden&s four novel loci associated with Alzheimer's
endophenotypes and disease maodifiers.

chr9o- MRPL4INM_0324770.0321 White blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

137039655

chrg MRPL4INM_0324770.0459 White blood cell count The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)

137038475

chrs HAVCRAM_0327820.0075 Menarche (age at onset) Leveraging Polygenic Functional Enrichmentrtprove GWAS Power.

157345966

chrs HAVCRAM_0327820.0075 Height Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

157327243

chrz- FAM136ANM_0328220.0163 Superior frontal gyrus grey Common variants at 1p36 aassociated with superior frontal gyrus volume.

70470588 matter volume

chrl7- LRRC37BIM_0528880.0052 Hip circumference New genetic loci link adipose and insulin biology to body fat distribution.

31303952

chrl7- LRRC37BIM_0528880.0052 Endometrial cancer Identification of nine new susceptibility loci for endometrial cancer.

31319014

chrl?- LRRC37BIM_0528880.0058 Alcohol consumption (drinks Association studies of up to 1.2 million individuals yield new insights into the genetic etidlogy

31339570 per week) (MTAG) tobacco and alcohol use.

chrl7- LRRC37BIM_0528880.0058 Alcohol consumption (drinks Association studies of up to 1.2 million individuals yield new insights into the genetic etiology

31388482 per week) tobacco and alcohol use.

chrl?- LRRB7BNM_0528880.0109 Adventurousness Genomewide association analyses of risk tolerance and risky behaviors in over 1 million

31192977 individuals identify hundreds of loci and shared genetic influences.

chr20 SAMD16NM_0806210.044 Atopic dermatitis Multi-ancestry genomevide association study of 21,000 cases and 95,000 controls identifies

63671762 risk loci for atopic dermatitis.
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chr20 SAMD16NM_0806210.044 Ulcerative colitis G Association analyses idéfy 38 susceptibility loci for inflammatory bowel disease and highlight

63717555 shared genetic risk across populations.

chr20 SAMD16NM_0806210.044 Crohn's disease G Genomewide metaanalysis increases to 71 the number of confirmed Crotlissase

63718234 susceptibility loci.

chr20 SAMD16NM_0806210.044 Prostate cancer A Identification of 23 new prostate cancer susceptibility loci using the iCOGS custom genotypin

63731211 array.

chr20 SAMD16NM_0806210.044 Blood protein levels C Coregulatory networks of human serum proteins link genetics to disease.

63738996

chr20 OCSTAMRM_0807210.0414 Waisthip ratio ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

46923095

chr2- PPILANM_1309060.0366 Chickenpox ? Genomewide association and HLA region fimapping studies identify susceptibility loci for

199913407 multiple common infections.

chr2- PPIL3NM_1309060.0366 Height ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

200114210

chr2- PPILANM_1309060.0366 Sleep duration G Genomewide association study identifies genetic loci for sefforted habitual sleep duration

200091100 supported by accelerometederived estimates.

chr1g ZNF55INM_1383470.0362 Heel bone mineral density T Anatlas of genetic influences on osteoporosis in humans and mice.

58496846

chrl9 ZNF55INM_1383470.038 Mean platelet volume A The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)

58452163

chrl8 LOXHDNM_1446120.0227 Educational attainment A Gene discovery and polygenic prediction from a genevige association study of educational

46933408 (MTAG) attainment in 1.1 million individuals.

chrl8 LOXHDNM_1446120.0291 Conscientiousness T Meta-analysis ofjenomewide association studies for personality.

47059049

chrlg& LOXHDNM_1446120.0427 Response to paliperidone in | ? Genomewide association study of paliperidone efficacy.

45832663 schizophrenia (positive Marde

score)

chrlo SGMSINM_1471560.0316 Heigt ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

51531231

chrls SEMAGENM_1536180.0488 Reading ability (multivariate) | ? Genomewide association scan identifies new variants associated with a cognitive predictor o

47432075 dyslexia.

chrl9 VN1R4ANM_1738570.0221 Red cell distribution width ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

52725740

chr2-1641864 | TPGNM_1757191e-04 Height ? Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

chr4-1242714 | CRIPARIM_1759180.0363 Type 2 diabetes C Genomewide association studies in the Japanese population identify seven novel loci for typq
diabetes.

chr4-1316113 | CRIPAKIM_1759180.0363 Type 2 diabetes C Meta-analysis of genomwide associatiostudies identifies eight new loci for type 2 diabetes in
east Asians.

chr4-1250430 | CRIPAKIM_1759180.0363 Type 2 diabetes G Identification of 28 new susceptibility loci for type 2 diabetes in the Japanese population.

chr4-1260747 | CRIPARIM_1759180.0363 Type 2 diabetes ? A singlenucleotide polymorphism in ANK1 is associated with susceptibility to type 2 diabetes
Japanese populations.

chrll- ANKKiINM_1785100.0053 Neuroticism A Meta-analysis of genomwide association studies faeuroticism in 449,484 individuals identifie

113372138 novel genetic loci and pathways.

chrll- ANKKAINM_1785100.0053 Neuroticism G Multi-trait analysis of genom®ide association summary statistics using MTAG.

113374326
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chrll: ANKKINM_1785100.0055 Neuticism Multivariate genomewide analyses of the welleing spectrum.

113408042

chrll- ANKKiINM_1785100.0071 Highest math class taken Gene discovery and polygenic prediction from a genavige association study of educational
113429107 (MTAG) attainment in 1.1 million individuals.

chrll: ANKKINM_1785100.0071 Selfreported math ability Gene discovery and polygenic prediction from a genewde association study of educational
113429188 (MTAG) attainment in 1.1 million individuals.

chrll- ANKKiINM_1785100.0077 Feeling guilty Iltem-level analyses reveal genetic heterogeneity in neuroticism.

113365477

chrll: ANKKINM_1785100.0083 Cigarettes smoked per day Association studies of up to 1.2 million individuals yield mesights into the genetic etiology of
113415779 (MTAG) tobacco and alcohol use.

chrll- ANKKiINM_1785100.0083 Educational attainment Gene discovery and polygenic prediction from a genavige association study of educational
113418315 (MTAG) attainment in 1.1 million indiduals.

chrll ANKKINM_1785100.0093 Information processing speed GWAS for executive function and processing speed suggests involvement of the CADM2 ge
113415768

chrll- ANKKAINM_1785100.0093 Worry too long after an Iltem-level analyses reveal genetic heterogeneity in neuroticism.

113416107 embarrassing experience

chrll ANKKINM_1785100.0242 Life satisfaction Multivariate genomewide analyses of the welleing spectrum.

113393789

chrll- ANKKiINM_1785100.0254 Neuroticism Meta-analysis of genomwide association studies for neuroticism in 449,484 individuals identi
113436171 novel genetic loci and pathways.

chr20- OPRLINM_1826470.023 Crohn's disease Genomewide metaanalysis increases to 71 thember of confirmed Crohn's disease
63718234 susceptibility loci.

chr20 OPRLINM_1826470.023 Prostate cancer Identification of 23 new prostate cancer susceptibility loci using the iCOGS custom genotypin
63731211 array.

chr20 OPRLNM_1826470.023 Blood protein levels Coregulatory networks of human serum proteins link genetics to disease.

63738996

chr20 OPRLAINM_1826470.023 Lung function (FVC) Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

63741353

chr20 OPRLINM_1826470.023 Ulcerative colitis Association analyses identify 38 susceptibility loci for inflammatory bowel disease and highlig
63717555 shared genetic risk across populations.

chr20 OPRLAINM_1826470.023 Height Leveraging Polygenic Functa Enrichment to Improve GWAS Power.

63743036

chr20 OPRLINM_1826470.035 Smoking cessation (MTAG) Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
63711116 tobacco and alcohol use.

chr20 OPRLINM_1826470.0367 Age of smoking initiation Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
63707707 (MTAG) tobacco and alcohol use.

chr20 OPRLNM_1826470.0394 Multiple sclerosis Analysis of immuneelated loci identifies 48 new susceptibility variants for multiple sclerosis.
63742630

chrs NNTFNM_1829770.0183 Selfreported math ability Gene discovery and polygenic prediction from a genewde association study @ducational
43335468 attainment in 1.1 million individuals.

chrs NNTFNM_1829770.0206 Metabolite levels (X1787) Genomewide association study of a heart failure related metabolomic profile among African
43382756 Americans in the Atherosclerosis Risk in Comitiem(ARIC) study.

chrs NNTFNM_1829770.0274 Highest math class taken Gene discovery and polygenic prediction from a genawige association study of educational
43264687 attainment in 1.1 million individuals.

chrl4 ISCANM_1942790.0176 Morning vs. evening GWAS of 89,283 individuals identifies genetic variants associated wittegetting of being a
73901628 chronotype morning person.
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chr3

XIRPANM_1942930.0251

Educational attainment (years

Leveraging Polygenkunctional Enrichment to Improve GWAS Power.

39103695 of education)

chr3 XIRPANM_1942930.037 Handedness Genomewide association study of handedness excludes simple genetic models.

39013826

chrl3 DZIPINM_1989680.0302 Body mass index Genomewide association studidentifies 112 new loci for body mass index in the Japanese

96269937 population.

chrl3 DZIPINM_1989680.0415 Blood metabolite levels An atlas of genetic influences on human blood metabolites.

95270511

chrl3 DZIPINM_1989680.0447 Body mass index Genetic studies of body mass index yield new insights for obesity biology.

96396750

chrl3 DZIPINM_1989680.0491 Insomnia Genomewide analysis of insomnia in 1,331,010 individuals identifies new risk loci actibfued

96280614 pathways.

chr20 CST13MR_001279.0144 Cystatin C A genomewide association for kidney function and endocriréated traits in the NHLBI's

23597552 Framingham Heart Study.

chr4-1297325 | ABCA11MR_00245D.01 Obesityrelated traits Novel genetic loci identified for the pathophysiology of childhood obesity in the Hispanic
population.

chr4-962259 | ABCA11MR_00245D.0335 Idiopathic inflammatory Dense genotyping of immurnelated loci in idiopathic inflammatory myopathiesnfoms HLA

myopathy alleles as the strongest genetic risk factor and suggests different genetic background for maj

clinical subgroups.

chr4-1316113 | ABCA11MR_00245D.0365 Type 2 diabetes Meta-analysis of genomwide association studies identifies eigtew loci for type 2 diabetes in
east Asians.

chr4-960459 | ABCA11MR_00245D.0435 Systemic lupus erythematosus Transancestral mapping and genetic load in systemic lupus erythematosus.

chrll SNORAZ23BIR_002962.0402 Urinary albumin excretion Genetic Association of Albuminuria with Cardiometabolic Disease and Blood Pressure.

10275289

chr4-1316113 | SCARNA2RR_003004€.0279 Type 2 diabetes Meta-analysis of genomwide association studies identifies eight new loci for type 2 diabetes i
eastAsians.

chr7- NCF1BNR_00318®.0326 Highest math class taken Gene discovery and polygenic prediction from a genewde association study of educational

72690844 attainment in 1.1 million individuals.

chr7- NCF1BNR_00318®.0468 Educational @ainment Gene discovery and polygenic prediction from a genevige association study of educational

72774864 (MTAG) attainment in 1.1 million individuals.

chr7- NCF1BNR_00318®.0468 Educational attainment (years Genomewide association study identifies 74 loci associated with educational attainment.

72782785 of education)

chrls SNORD1131-NR_003344).0498 | Platelet thrombus formation Human genomaevide association and mouse knockout approaches identify platelet supervillin

24579041 an inhibita of thrombus formation under shear stress.

chrl7- SNORDIAIR_00439%.0111 Reticulocyte fraction of red The Allelic Landscape of Human Blood Cell Trait Variation and Links to Common Complex D)

77376768 cells

chr2- WASH2MR_0240770.0159 Inflammatory biomarkers Novel gene variants predict serum levels of the cytokindsland IL1ra in older adults.

113074756

chr2- WASH2MR_02407-0.0188 Protein quantitative trait loci A genomewide association study identifies protejuantitative trait loci (pQTLS).

113074735

chr2- WASH2MR_0240770.0188 Blood protein levels Coregulatory networks of human serum proteins link genetics to disease.

113077945

chr2- WASH2MR_02407-0.0188 Coronary artery disease Identification of 64Novel Genetic Loci Provides an Expanded View on the Genetic Architectur

113079367 Coronary Artery Disease.
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chr2-

WASH2MR_02407-0.0194

Greactive protein levels or

Bivariate genomevide association studylentifies novel pleiotropic loci for lipids and

113080188 LDLcholesterol levels inflammation.
(pleiotropy)
chr2- WASH2MR_0240790.0225 High IElbeta levels in gingival GWAS for Interleukitii? levels in gingival crevicular fluid identifies IL37 variants in periodontal
113108948 crevicular fluid inflammation.
chr2- WASH2MR_0240770.0404 High Ik1beta levels in gingival GWAS for Interleukidi? levels in gingival crevicular fluid identifies IL37 variants in periodontal
113082437 crevicular fluid inflammation.
chr2- WASH2MR_0240790.0404 High IElbeta levels in gingival GWAS for Interleukitii? levels in gingival crevicular fluid identifies IL37 variants in periodontal
113087209 crevicular fluid inflammation.
chr2- WASH2MR_024070.0404 High Ik1beta levels iniggival GWAS for Interleukidi? levels in gingival crevicular fluid identifies IL37 variants in periodontal
113117391 crevicular fluid inflammation.
chr2- WASH2MR_0240790.0455 High IElbeta levels in gingival GWAS for Interleukidl? levels in gingival crevicular fluid identifies IL37 variants in periodontal
113075993 crevicular fluid inflammation.
chr5-609978 | PP708aNR_0241589€.0287 Vincristineinduced peripheral Association of an inherited genetic variamth vincristinerelated peripheral neuropathy in
neuropathy in acute children with acute lymphoblastic leukemia.
lymphoblastic leukemia
chr5-467862 | PP7086NR_024158).0325 Breast cancer Association analysis identifies 65 new breast cancer risk loci.
chro PSMDEASINR_02440&e-04 Birth weight Genomewide associations for birth weight and correlations with adult disease.
120868947
chrg PSMDEASINR_024408.0079 Systolic blood pressure The genetics of blood pressure regulation and its target organs from association stugd@s4m5
120824459 individuals.
chro PSMDBASINR_024408€.0079 Autoimmune traits Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
120832525
chrs VTRNASB-NR_02670%.0315 Height Leveraging Polygenic Functional Enrichment to ImpradAS Power.
140620843
chri- RPS15APIRR_02676%.0416 White blood cell count Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
46029352
chr21- RUNX4TZ:NR_026812.0351 Total body bone mineral LifeCourse Genomwide Association Study Metanalysis of Total Body BMD and Assessment
35598052 density AgeSpecific Effects.
chrll- LOC143666IR_02696-0.0491 Prostate cancer Association analyses of more than 140,000 men identify 63 new prostate cancer susceptibilit
1486282
chr3 MBNLXASINR_0270390.0143 Alzheimer's disease with no Genetic data and cognitively defined lataset Alzheimer's disease subgroups.
151401938 specific cognitive domain
impairment
chr3 MBNLXASINR_0270370.0143 Hair color Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
151396809
chr6-542416 | LINCO162NR_02711%.0482 Psoriasis Genomewide metaanalysis identifies multiple novel associations and ethnic heterogeneity of
psoriasis susceptibility.
chrs LOQ00133056NR_027503 Systemic lupus erythematosus Genomewide association study metanalysis identifies five new loci for systemic lupus
100848943 0.0395 erythematosus.
chr6- PACRGASINR_02839@.0216 Body mass index Leveraging Polygenkunctional Enrichment to Improve GWAS Power.
162588303
chrl7- MIR451ANR_02997@.0191 Mean platelet volume A genomeand phenomewide association study to identify genetic variants influencing platele
29442580 count and volume and their pleiotropic effects.
chrl7- MIR451ANR_02997®.0191 Mean platelet volume New gene functions in megakaryopoiesis and platelet formation.
29387569
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chrl7-

MIR451ANR_02997®.0191

Mean platelet volume

The Allelic Landscape of Human Blood Cell Trait Variatiohiaksl to Common Complex Diseasg

29446271
chrl9 MIR526AINR_030190.0373 Red cell distribution width Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
52725740
chri2 MIR618NR_030349.0089 Severe depressive disorders il Association of Genetic Variation at AQP4 Locus with Vascular Depression.
81158559 coronary artey disease
chrl6 CASCI8IR_03392®.0025 Intelligence Genomewide association metanalysis in 269,867 individuals identifies new genetic and
53395863 functional links tantelligence.
chrlé CASC16IR_03392@.0025 Type 2 diabetes Leveraging Polygenic Functional Enrichment to Improve GWAS Power.
53492639
chrl6 CASCI8IR_03392@.0025 Intelligence (MTAG) A combined analysis of genetically correlated traitsiifees 187 loci and a role for neurogenesis
53418169 and myelination in intelligence.
chrlé CASC16IR_033926.0037 General cognitive ability Study of 300,486 individuals identifies 148 independent genetic loci influencing general cogn
53460705 function.
chrl2 FLJI3750BR_0339840.0386 Blood protein levels Coregulatory networks of human serum proteins link genetics to disease.
128284493
chrll LOC64373BIR_034078%.0103 Matrix metalloproteinase Genomewide association scadentifies variants near Matrix Metalloproteinase (MMP) genes ¢
104463511 levels chromosome 11g2P2 strongly associated with serum MMHevels.
chrll- LOC64373BIR_034078€.0277 Educational attainment (years Leveraging Polygenkunctional Enrichment to Improve GWAS Power.
104514928 of education)
chr3 MIR4273INR_036233.0338 Smoking behaviour (cigarettes Association studies of up to 1.2 million individuals yield new insights into the genetic etiology
48898150 smoked per day) tobacco and alcohol es
chrl7 44808NR_03715%.0465 Iron status biomarkers (ferritin Novel loci affecting iron homeostasis and their effects in individuals at risk for hemochromato
58631673 levels)
chrl7- 44808NR_03715%).0465 Primary tooth development Genomewide association study of primary tooth eruption identifies pleiotropic loci associated
58631697 (time to first tooth eruption) with height and craniofacial distances.
chrl7 44808NR_03715%.0465 General cognitive ability Study of 300,48dividuals identifies 148 independent genetic loci influencing general cogniti
58634181 function.
chr4 LINCO106INR_037596).0295 Adolescent idiopathic scoliosig The coexistence of copy number variations (CNVs) and single nucleotide polymorpNg&ssdS
119337052 a locus can result in distorted calculations of the significance in associating SNPs to disease
chr4 LINCO106NR_037596.0295 Body mass index Protein-altering variants associated with body mass index implicate pathways that ceneajy
119292875 intake and expenditure in obesity.
chr4 LINCO106INR_037596).0295 Corneal astigmatism Identification of a candidate gene for astigmatism.
119266456
chrlé SLX1ASULT1ABR_037608 Systemic lupus erythematosug Genomewide association study in a Chinese Han population identifies nine new susceptibility
30624338 0.0388 for systemic lupus erythematosus.
chrl6 SLX1ASULTIABR_037608 Systemic lupus erythematosus Genomewide association study in a Chinese hapulation identifies nine new susceptibility loci
30631546 0.0388 for systemic lupus erythematosus.
chri- LOC10050602BIR_037845 Itch intensity from mosquito GWAS of selfeported mosquito bite size, itch intensity aattractiveness to mosquitoes
173262759 0.0157 bite implicates immuneelated predisposition loci.
chrll- OR10V2MR_045009.0293 Gestational age at birth in Literaturelnformed Analysis of a Genorwide Association Study of Gestational Age in Norweg
60579459 premature rupture of Women and Children Suggests Involvement of Inflammatory Pathways.

membraneinitiated deliveries

(child effect)
chrll- OR10V2MR_045009.0293 Congenital heart disease GenomeWide Association Studies and MeAaalysesdr Congenital Heart Defects.
60508428 (maternal effect)
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chrl4

GPX2NR_046321.0176

Mean corpuscular hemoglobin

Genetic analysis of quantitative traits in the Japanese population links cell types to complex

65053898 concentration diseases.

chrl3 SOX2JASINR_046514.0425 Breast cancer A genomewide association study of breast and prostate cancer in the NHLBI's Framingham H

95222702 Study.

chrl3 LINCO036NR_046998.0164 Insomnia (caffeinénduced) A genomewide association study of caffie-related sleep disturbance: confirmation of a role for|

29387195 common variant in the adenosine receptor.

chrs CARMMNNR_10506@.0263 Waisthip ratio Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

149186041

chr6-1510423 | MIR6720NR_106778.0363 Inflammatory skin disease Genomewide comparative analysis of atopic dermatitis and psoriasis gives insight into oppos
genetic mechanisms.

chr6- MIR689INR_106951D.0426 Lung cancer Largescale association analysientifies new lung cancer susceptibility loci and heterogeneity |

31872700 genetic susceptibility across histological subtypes.

chr7- MIR6892NR_10695®.0153 White blood cell count The Allelic Landscape of Human Blood Cell Veaigtion and Links to Common Complex Diseag

143384849 (basophil)

chrg& MIR7112NR_10705%.0168 Red cell distribution width Red blood cell distribution width: Genetic evidence for aging pathways in 116,666 volunteers

143600141

chrg MIR7112NR_1070570.0168 Redcell distribution width Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

143606566

chrg& MIR7112NR_10705%.0412 Rhegmatogenous retinal Genomewide association study identifies genetic risk underlying primary rhegmatogenous re

143611669 detachment detachment.

chrz- HAGLROSR_110450.0195 Insomnia Genomewide analysis of insomnia in 1,331,010 individuals identifies new risk loduaatibnal

175608567 pathways.

chr2- HAGLROSR_110457.0195 Bipolar disorder or major Meta-analysis of genomwide association data of bipolar disorder and major depressive disor

175375121 depressive disorder

chrl6 LOC10050753MR_110649.041 | Eduational attainment Gene discovery and polygenic prediction from a genevige association study of educational

48735026 (MTAG) attainment in 1.1 million individuals.

chrlé LOC10050753MR_110649.041 | Red blood cell count Leveraging Polygenkunctional Enrichment to Improve GWAS Power.

48534360

chrl6 LOC10050753MR_110649.041 | Response to tocilizumab in Genomewide association analysis implicates the involvement of eight loci with response to

48587491 rheumatoid arthritis tocilizumab for the treahent of rheumatoid arthritis.

chrlé LOC10050753MR_110649 Eosinophil counts Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

48662617 0.0411

chr2- LOC10050573BIR_120504 Colonoscopynegative controls Bayesian and frequentist analysis of an Austrian genade association study of colorectal

28344759 0.0168 vspopulation controls cancer and advanced adenomas.

chr2- LOC10050573B8IR_120504 Blond vs. brown/black hair Genomewide study of hair colauin UK Biobank explains most of the SNP heritability.

28362941 0.0359 color

chri- LOC10192867BIR_125960 Body mass index Leveraging Polygenic Functional Enrichment to Improve GWAS Power.

174352859 0.0309

chré- SAPCDASINR_126423.0108 Hepatocellulacarcinoma Genomewide association study identifies a susceptibility locus for-@iced hepatocellular

31398818 carcinoma.

chrls SALRNARIR_126482.031 Nortalbumin protein levels Genetic analysis of quantitative traits in the Japanese populatits Bell types to complex huma|

69915268 diseases.

chrl?- CRAT4NR_131984.0087 PR interval in Tripanosoma Genome wide association study (GWAS) of Chagas cardiomyopathy in Trypanosoma cruzi

64510162 cruzi seropositivity seropositive subjects.

chrl7- CRAT406NR_131984.0087 Male-pattern baldness Dissection of genetic variation and evidence for pleiotropy in male pattern baldness.

66006789
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chrl7-
66102427

CRAT4NR_131984€.0232

&beta;2-Glycoprotein |
(&beta;2-GPI) plasma levels

GeneticR S G SNIX A vy I v (i &glyBoproteidt| levely: b geGowwidé dssociation study in
extended pedigrees from Spain.
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Table 3. Collaborative Publications.

Journal Title Year | Authors PubMed | Contribution
ID

eLife Systematic analysis of | 2022 | Zeyang SherRick Z LiThomas A Prohaskilarten A PMID: Data provision,
naturally occurring HoeksemaNathan J Spandenhan TadGregory J 35049498| data analysis,
insertions and deletiong Fonsea, Thomas Le.indsey K StolzMashito SakaiCasey E paper editting
that alter transcription RomanoskiChristopher K Glass
factor spacing identifieg
tolerant and sensitive
transcription factor
pairs

Circulation | SingleCell Epigenomicy 2021 | Tiit Ord,Kadri Ounap|,indsey K StolzRedouane PMID: Data provision,

Research | and Functional Fire Aherrahrou Valtteri Nurminen Anu Toropainenilakya 34024118| data analysis,
Mapping of SelvarajanTapio Lonnberdzinari AavikSeppo YR and figure
Atherosclerosis GWAS Herttuala,Mete CivelekCasey E Romanoskiinna U creation
Loci Kaikkonen

Cell Reportg Breast tumor stiffness | 2021 | Adam W WatsonAdam D GrantSara S Parkegamantha PMID: Data provision,
instructs bone Hill, Michael B Whalen]ayatiChakrabartiMichael W 34192535| data analysis

metastasis via
maintenance of
mechanical

conditioning

Harman Mackenzie R RomaByittany L ForteCody C
Gowan,Raul Castrd?ortuguez].indsey K Stolz€hristian
FranckDarren A Cusanoviciana Zavrodflegha PadiCasey
E RomanoskiGhassan Mouneimne
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European | Genomewide analysis | 2021 | Jaana A Hartial&,i HanQiong JiaJames R Hilserjn PMID: Data provision,

Heart identifies novel HuangJanet GukasyaiWilliam S Schwartzma#hiheng 33532862| data analysis
Journal susceptibility loci for Cai,Subarna Bisas,DavidAlexandre Trégouétlicholas L
myocardial infarction Smith,INVENT Consortiunf@HARGE Consortium Hemostas

Working GroupGENIUEHD ConsortiunMarcus
Seldin,Calvin Panyiargarete MehrabianAldons J LusiBeter
Bazeleyyan V SurChang LiuArshed A QuyyumMarkus
ScholzJoachim ThieryGraciela E Delgadblarcus E
Kleber,Winfried Méarz,Laurence J How&polkert W
Asselbergdvarion van VugtGeorgios J VlachojannRiyaz S
Patel,LeoPekka Lyytikdinemika KahdénenTerho
Lehtimaki, Tuomo V M NieminerRekkaKuukasjarviJari O
LaurikkaXuling ChangzhewKiat HengRong JiangVilliam E
KrausElizabeth R Hauselane F FergusoMuredach P
Reilly,Kaoru Ito,Satoshi Koyam&;oichiro Kamatanissei
Komuro,Biobank Japariindsey K Stolz€asey E
RomanoskiMohammad Daud Khay\dam W TurnerClint L
Miller, Redouane Aherrahrolete CivelekLijiang MaJohan
L M BjorkegrenS Ram Kumavy H Wilson Tangtanley L
HazenHooman Allayee

Proceedings Genetic variant at 2018 | Matthew D KrauseRuTing HuangDavid Wu,TzuPin PMID: Data provision,
of the coronary artery disease Shentu,Devin Harrison Michael B Whalen,indsey K 30429326| data analysis,
National and ischemic stroke Stolze Anna Di Rienzdyan P Moskowitaylete CivelekCasey and figure
Academy of| locus 1p32.2 regulates E Romanoskiun Fang creation

Sciences of | endothelial responses
the United | to hemodynamics

States of
America
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ARTICLE

Systems Genetics in Human Endothelial Cells
Identifies Non-coding Variants Modifying Enhancers,
Expression, and Complex Disease Traits

Lindsey K. Stolze,’ Austin C. Conklin,' Michael B. Whalen,' Maykel Lopez Rodriguez,® Kadri {'Junap,z
Ilakya Selvarajan,® Anu Toropainen? Tiit Ord,2 Jin Li,* Anna Eshghi,’ Alice E. Solomon,! Yun Fang >
Minna U. Kaikkonen,> and Casey E. Romanoski’.”

The identification of causal variants and mechanisms underlying complex disease traits in humans is important for the progress of hu-
man disease genetics; this requires finding strategies to detect functional megulatory variants in disease-relevant cell types. To achieve
this, we collected genetic and transcriptomic data from the aortic endothelial cells of up to 157 donors and four epigenomic phenotypes
inup 0 44 human donors representing individuals of both sexes and three major ancestries. We found thousands of expression quan-
titative trait loci (eQTLs) at all mnges of effectsizes not detected by the Gene-Tissue Expression Project (GTEx) in human tissues, showing
that novel biological relationships unique to endothelial cells (ECs) are enriched in this dataset. Epigenetic profiling enabled discovery of
owver 3,000 regulatory elements whoseactivity is modulated by genetic variants that most frequently mutated ETS, AP-1, and NF-kB bind-
ing motifs, implicating these motifs as gowemors of EC regulation. Using CRISPR interference (CRISPRI), allele-s pecific reporter assays,
and chromatin conformation capture, we validated candidate enhancer variants located up to 750 kb from their target genes, VEGEC,
FGDé, and KIF26B. Regulatory SNPs identified were enriched in coronary artery disease (CAD) loci, and this result has specific implica-
tions for PECAM-1, FES, and AXL. We also found significant roles for EC regulatory variants in modifying the traits pulse pressure, blood
protein levels, and monocyte count. Lastly, we present two unlinked SNPs in the promoter of MFAP2 that exhibit pleiotropic effects on
human disease traits. Together, this supports the possibility that genetic predisposition for complex disease is manifested through the

endothelium.
Intraduction

Over the past decade, genome-wide association studies
{GWASs) for complex disease traits have established that
roughly 90% of the detectable signals reside in the non-
protein-coding genome. This suggests that a considerable
proportion of genetic risk is conferred through perturba-
tions of gene regulation.' Compared to protein-coding
variants, identification of the underlying mechanisms
affecting complex disease through regulation is chal
lenging because it often requires contextual information
about regulatory elements, target genes, operational cell
types, tissues, and organ systems. It is therefore valuable
that large consortia such as the Encydopedia of DMNA Ele-
ments (ENCODE),® the Roadmap Fpigenomics Project,”
the Gene-Tissue Expression Project (GTEx),' and the
1000 Genomes Project’ are providing the scientific com-
munity with atlases for genetic, epigenetic, and gene
expression profiles of numerous human tissues and cell
lines.

A major challenge remains, however: non-coding gene
regulatory elements, particularly enhancer elements, are
frequently celktype specific Given that tissues are
composed of multiple cell types, their regulatory profiles
reflect the weighted sum of all composite cell types.
MNumerous single-cell sequencing studies underscore this

*Department of Cellular and Molecular Medidne, College of

fact by demonstrating that tissues are more heterogeneous
than has previously been appreciated.” The implication for
the identification of functional non-coding variants is that
cellrestricted enhancer profiles may be diluted and appear
as noise if the cell type is rare, or may not be appreciated as
truly cell-type specific. For these reasons, it is important to
empirically measure gene expression and epigenetic pro-
files in pure cell populations or in single cells. In addition,
it is particularly useful to know the identities of lineage-
determining transcription factors (LDTFs) that define
different cell types. LDTFs, also called “master regulators”
or “pioneering factors,” establish and maintain cell-type
identity’ and prime celHypespecific responsiveness to
new signaks.™ We and others have shown that the identi-
ties of LDTFs can be ascertained from enriched DMNA motifs
in epigenomic profiles of pure cell types.”'" Importantly,
knowing these factors and cognate binding motifs
improves predictions for fine-mapping functional non-
coding genetic variants that effect enhancer function,
target-gene regulation, and signal-dependent changes to
enhancer activation when specific cell types encounter
varied exposures.”'” In this study, we measure binding of
the ETS-related gene ERG, as a LDTF in endothelial cells
{ECs).

ECs are a nearly ubiquitous yet dynamic cell type in the
human body. They regulate vascular tone and mediate an
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anti-thrombotic surface that lines arteries, veins, and cap-
illaries. ECs also participate in the onsets and progressions
of most complex diseases. Their activation and dysfunc-
tion are associated with common disease pathologies
induding atherosclerosis, hypertension, and respiratory
djm 11,12

In the current study, we performed epigenetic and gene
expression mapping in ECs originating from aortic ex-
plants in up to 157 different human donors from three
ancestral populations including both sexes. We considered
the epigenetic profiles as locus-specific quantitative traits,
and tested genotypes that are associated with differences
in epigenetics and gene expression in cis, under both
normal and pro-inflammatory conditions. This design
enabled identification of thousands of expression quanti-
tative trait lod (eQTLs) and hundreds to thousands of
epigenetic molecular quantitative trait loci (molQTLs).
Many variants associated with both epigenetic and expres-
sion traits, providing direct evidence for thousands of
functional regulatory SNPs in ECs. To prioritize variants
in this set to those that predispose individuals to complex
diseases, we intersected mol/eQTL co-mapped SNPs with
disease loci from GWASs and identified several common
variants linked to altered regulatory function, gene expres-
sion, and disease. While this study serves as a valuable
resource for research in vascular biology and is a proof-
of-principle study for the utility of epigenetic quantitative
trait locus (QTL) analysis in a pure cell type for functional
human genetics, it represents only a foundational step on
the path toward comprehensively understanding the com-
plement of diverse regulatory programs that vary in the
human genome.

Material and Methods

Cell Culture and Collection

Human aortic endothelial cells (HAECs) were isolated from de-
identified deceased heart donor aortic trimmings at the University
of California Los Angeles Hospital as described previously.™
Donor cells from up to 53 individuals were expanded and used
for chromatin immunoprecipitation with sequencing (ChlP-seq),
RMA sequencing (RMA-seq), and assay for transposase-accessible
chromatin with sequencing (ATAC-seq) assays. Cells were treated
prior to harvest for 4 h with 10 ng/mL human mecombinant [L-
1B protein or no additional protein.

High-throughput Sequencing

For EMA-seq, total RNA was extracted and polyd was selected
ahead of libmry construction wing previously described
methoeds. ™ Cells used for ChIP-seq were fived with 1% formalde-
hyde or 1% formaldehyde and 2 nM disuccinimidyl glutarate
according to previously described methods," ATAC-seq was per-
formed according to the originally published protocol™ with an
added size selection of 175-225 bp on Tris-horate-EDTA gels.
Sequence libmries were prepared as previously deseribed™ and
sequenced on an Mumina HiSeq 4000, For quality control of all
sequencing assays, samples wene removed from further analysis
if: (1) the sample contained less than theee million unique map-

ped reads, (2) the sample had an average of six or more duplicate
tags per site, (3) the sample was an extreme outlier in principal-
component analysis (PCA), or (4) if the RENA-based genotyping
at heterozygous loci could not replicate the genotyped-based iden-
tity on file for that individual through the use of hiemxchical clus-
tering of variant call format (VCF) files.

Microarray data of was provided from previcus publications'*'*
on 157 HAEC donors. Subsets of the same donors' cells wen grown
again and used for RMA-seq, ATAC-seq, and ChIP-seqin this study.
Microarrays were used to examine gene expréssion in 157 donors
in unteated conditions and 156 donors in Oxidized 1-palmitoyl-
Z-arachidonoyl-sn-glycero-3-phosphocholine  (oxPAPC)  treated
conditions (see Supplemental Methods), These are publicly avail-
able at NCBI GEO database: GSE30169, GSE139377.

Mapping and Processing
The sequencing data were mapped uotilizing Bowtie2!” with

default parameters. Mapping bias correction and duplicate read
removal were implemented using the software package WASE'®
The correction resulted in a mapped binary alignment map
(BAM) file for use in allele-specific analysis.

Genotyping

Genomic DMA was isolated from HAECs and genotyped according
to the Affymetrix Genome-wide Human SNFP Array 6.0 assay pro-
tocol and s available in the database of Genotypes and Pheno-
types (dbGaP; see Web Resources), The image data were processed
as deseribed previously' for determining the specific hybrdizing
signal for each SMP call and copy-number detection, IMPUTE2" ™"
was used to impute genotypes utilizing all populations from the
1000 Genomes Project reference panel. Genotypes were called
for imputed SMPs with allelic B2 values greater than 0.9.

VCF File Preparation

To reduce multiple testing and to avoid false positives, VCF files
were restricted using veftools to only include genetic variants a mi-
nor allele frequencies of at least 0,057 This was performed for
each assay treatment set individually to account for the differences
in donor numbers passing the quality control measures from
above.

Covariate Discovery

Because the HAECs were de-identi fied, biological sex and ethnicity
were determined from genotyping data. Ancestry was determined
through the use of PCA clusters using genotypes of HAEC donors
and 1000 Genomes Project individuals of known ancestry. Biolog-
ical sex was determined in PLINK™ based on heterozygosity on X
chromosomes., To avoid spudous associations based on po pulation
stratification, and to power discovery of cis-acting genetic variants,
we applied PEER to remove known and hidden systemic signals
from normalized gene expression measured by BMA-seq and mi-
croarray (see Supplemental Methods)

eQTL Analysis

e(TL analysis was done via linear regression in MatixeCQTL.
Matrixe OTL was run using a reads per kilobase million (RFEM)-
nomalized expression matrix generated in HOMER (see Supple-
mental Methods), a WCF file, and a covariate file containing
biological sex, unigue total tag counts, the top four principal com-
ponents (PCs) from a PCA performed on the genotypes to account
for ancestry, and either fifteen factors (RMA-seq) or thirty factors
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(microarray) discovered by PEER. SNPs were tested against a gene's
expression ifthey were in cis (L.e., within 1Mb of the gene). Results
were restricted to a gene-level Benjamini-Hochberg false discovery
rate (FD'R) of less than 5% (see Supplemental Methods for more).

To determine the similarty between the ¢QTL results from the
RMA-seq datasets and the microarmy datasets, pairwise compari-
sons were made using the effect sizes of significant SMPs in one
set, which were graphically compared to the effect sizes of the
same 5N in the second dataset regardless of significance in the
second set.

ChlP-seq and ATAC-seq QTL Analysis

molQTL mapping analysis was peformed using the sofrware pack-
age RASQUAL,™ which incorpomtes allelespecific mapping infor-
mation at heterozygous SNPs, The molQTL analysis using RASQ-
UAL™ was run with VCF files containing allele-specific counts, a
RPEM-normalized tag matrix, and the covariates: sex, unique total
tag counts, and the first four genotype-generated PCs to adjust for
ancestry. SNPs were tested for association against normalized tag
counts at epigenetic peaks if they wene within the boundardes of
the peak. The results were filtered using a per-site FOR of 5%.

GWAS Comparison

The enrichment of ¢QTLs in CAD G'WAS data was done by com-
parison of observed, experimental overlap between HAEBC eQTL
5MPs with the CAD GWAS SNPs and results from 1,000 random
permutations’ significant CAD SNPs with HAEC eQTLs. Signifi-
cance was assessed using Fisher's Exact Test. For more details, see
Supplemental Methods, The R package “coloc” was also used to
verify the colocalization of the CAD GWAS SMNPs and the eQTLs
found in this study. This was run using crude p values, minor allele
frequencies, and sample numbers using the command coloc.abf().

Motif Enfichment and Motif Mutation Analysis

Motif enrichment analysis in sequences underlying regulatory el-
ements was performed in HOMER using findMotifsGenome.pl.
Motif mutations were detected when the local sequence was
altered by alleles of a SNP such that one allele dropped the match
to the motif's position weight matrix (FWM) below the motif
detection threshold that is defined in the HOMER motif data-
base.” Significance testing for effects of motif mutations on epige-
netic trait pi values (from RASQUAL) was performed using
unpaired two-tailed t tests assuming unequal vadance (e.g., Fig-
ures 3C and 4C-D. P values that deviate from 0.5 indicate
allele-specific effects.

Biological Validation
For the dual luciferase reporter assay, 198 bp fragments of the
enhancer regions were cloned into Addgene plasmid #99297 (see
Web Resoumes),® which was costransfected into telomerase-
immortalized human aortic endothelial cells (teloHAECS) with
the control vector pGL4.75 (Promega), which encodes the lucif-
erase gene hRluc (Remilla reriforsmis). Lucifemse activity was
measured 48 h post-transfection. The data are presented propor-
tional to the control vector. Three independent experiments
with four technical meplicates were performed. Intra-haplotype or
haplotype-control statistical analyses wemr performed with two-
tailed t test.

For the CRISPR interference (CRISPRI) assay, a fusion protein of
catalytically dead Cas® (dCas9) fused to KRAB repressor protein
(addGene cat#46911) was produced in HAECs via transfection of

i vitm transcripts. 8 h post-transfection, cells wen lysed for
RMA collection, cDMA synthesis, and analysis via quantitative po-
lymerase chain readtion (PCR). A guide RNA sequence targeted to
a previously identified endothelial enhancer in PLPP3 rs 17114036
locus was used as a positive control.

Results

eQTL Mapping in HAECs

We measured gene expression through the use of RNA-seq
in Human Aortic Endothelial Cell (HAEC; EC for short) pri-
mary cultures from 53 individuals" ECs in two different en-
vironments: control (untreated) and pro-inflammatory
cytokine interleukin 1 beta (IL-1b) treated (Table 51; with
an average per-individual unique mapped tag read count
of 12,120,267). We also utilized microarray-based expres-
sion data from our previous study in which 157 EC donors
were cultured at low passage with and without treatment
with prodnflammatory oxidized phospholipid (oxPL)"
To identify genetic variants that are associated with gene
expression, we performed eQTL mapping using Matrix
e TL on a total of four EC datasets: microarray-determined
expression in untreated (notx) and oxPLtreated ECs, and
RMNA-seq-determined expression in notx and IL-1b-treated
ECs (overview in Figure 1A and Table 1). RNA-seq and mi-
croarray e(JTL results were each utilized throughout this
study as deemed appropriate for the questions asked.
Notably, 5,784 more transcripts were tested for RNA-seq-
based eQTL analysis than for microarray due to the unbi-
ased nature of RN A-seq-based eQTL analysis in sampling
mBNAs independent of genomic build.

Focusing on cis-eQTLs, called eQTLs hereafter, discov-
ered at 5% locus-wide false discovery (within 1 Mb of
promoters), we observed depletion of SNPs tested at tran-
scription start sites (TS3) and enrichment of significant
eQTLs near TSSs and in gene bodies (Figure 1B,
Figure 51B); this result demonstrates that gene bodies are
enriched for functional SNPs in this EC population. Using
e)TL effect sizes, which reflect the direction and magni-
tude of allelic effects on associated genes, we found high
concordance in eQTLs called across our datasets (correla-
tion p < 2 x 10°'%, Figure $1C and $1D); this concordance
demonstrated that EC eQTL results were robust to tech-
nical differences in platform and culture batch.

Half of Endothelial eQTLs are Not in GTEx

With data from 46 human tissues and two cell lines, GTEx
is currently the largest compendium of eQTLs.* GTEx does
not include pure EC samples, s0 we sought to compare our
most statically powered EC eQTLs {the locus- and genome-
wide corrected, array-based notx set from 157 people) with
GTEx tissue eTLs. We found that about one-half of EC
e)TLs were present in at least one GTEx tissue, and most
BC eQTLs were evident in less than 10 GTFx tissues
{Figure 1C and 1D). Because sample number and genotypic
effect size in part determine statistical power to detect
e TLs, we compared whether the eQTL effect size showed
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Figure 1. eQTL Analysis in ECs and Comparison to GTEx eQTLs
(A) Pipeline of eQTL analysis.

o 1 2
GTEx &QTL effect size

[ i 2
GTEx «QTL effect size

(B) Density plot of SNP localization relative to transcriptional start sites (TS5s).
(C) ¥enn diagram of unigque eQTL transcripts in HAECs (5% FDR), shared between HAECs and any GTEx tissue, or unigue to GTEx. All

e)TLs were tested in both datasets,

() Histogram of eQTL sharing across GTEX tissues (number of tissues with ¢QTL on x axis) for twosets: eQTLs only in GTEX (blue) orin

GTEx and HAECS (red).

(E) Histogram of the median GTEx eQTL effect sizes across all tissues for the array notx eQTL dataset,
(F) Histogram of median GTEx eQTL effect sizes in two exemplar comparisons: aorta and substantia nigra.

any difference in magnitude between eQTLs common to
GTEx and ECs versus GTEx-only eQTLs. We found some
variation in shared effect sizes between eQTLs unique to
GTEx versus shared with ECs (Figure 1F, wvales in
Table 52), but found no trend suggesting that our EC
eQTLs were selectively enriched in large GTEx effect sizes.
Instead, we found similar distributions of effect sizes
overall with two examples of the extremes in Figure 1F
These data show that shared GTEx/EC e(JTLs had similar
effect sizes in the aortic artery to those unique to GTEx,
whereas shared e(JTL effects in the substantia nigra brain
region were smaller relative to eQTLs specific to this
brain region. Comparison of effect sizes measured in ECs
revealed no global differences in magnitude between
eQTLs shared with GTEx and EC-only sets (Figure S1E).
Together, these data show that our dataset uncovered
about 1,000 EC eQTLs that were not detected in tissue sam-
ples, and the data also demonstrate that genotypic effects

in ECs are not merely a subset of large or small effects in
tissues.

Epigenetic Profiles Are Genetically Regulated by cis-
Variants and Enriched for eQTLs

Given the prevalence of non-coding eOQTL SNPs
{Figure 51B), which is suggestive of perturbations to gene
regulatory function, we mapped variants that perturb reg-
ulatory function in human FCs (see Figure 2A for an over-
view of our strategy). To locate regulatory elements and
quantify their activity, we performed two epigenomic as
says: (1) ChiP-seq for acetylation of lysine 27 on histone
H3 (H3K27ac), which is a robust and quantitative marker
of active regulatory elements at both promoters and en-
hancers, ™ and (2) the assay for ATAC-seq'” that provides
highly resolved positions of open, transcription factor
{TFrbound chromatin. These sequencing assays had
average per-individual unique mapped reads of
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Table 1. Summary of eQTL Analysis in Endothelial Cells

Mumber of

Mumber of Lead

Number of Transeripts Significant Significant SNP- Unigue o of Variants
with ds-Variation at MAF SMP-Transeript Transcript Palrs Transcripts % of Transcripts Tested with
IL-1B axPL > 5% Tested for Association Palrs (RZ = 0.6) with = 1 eQTL Tested with = 1 «QTL Significant eQTL
RMA-seq
- - 15,045 180,956 D446 1,666 11.0%% 2.01%
+ - 14,790 207954 10,767 1,804 12 20% 235%
Array
- - 11,878 571,161 43,619 34887 20 W 4.19%
- + 11 878 568262 43,330 3,15 20.41% 4.12%
Total
MN/fA  N/A 20,187 T25845 NA 4911 24.33% TAS%

Transcripts were associated with SNPs in cis (1 Mb from gene) for each expression quantitative trait loous (eQTL) dataset (row). These datasets were used to
discover functional regulatory varants in this study. Significance b defined by locus-wide Benjamini-Hochberg false discovery rate comection. IL-1b—interlewkin
1 beta. N/A—not applicable. cxPL—exidized phospholipld. MAF—minor allele frequency. RNA-seq—RNA sequending.

13,956,326 and 11,547,593, respectively (Table $1). Regu-
latory elements were defined as loci with an ATACseq
peak and adjacent H3K27ac signal in at least one individ-
ual across EC donors in untreated notx (n = 44 donors)
or IL-1b-treated (n = 43 donors) conditions. This resulted
in 109,817 regulatory elements common to both treat-
ments, 46,263 specific to untreated, and 49,874 specific
to IL-1b-treated ECs (Figure 2B 5% FDR).

Mext, we performed QTL analysis to identify molQTLs
across our HAEC population. These molQTLs reflect non-
random associations between genotype and the quantita-
tive abundance of ATAC or H3K27ac ChiP sequence tags
in the immediate cis region (within the peaks). Using the
program RASQUAL, which combines terms for both
allele-specific reads in heterozygotes and diploid genotypic
effects across individuals,™ we identified thousands of
molQTLs (Table Z). Variants associated with differential
abundance in ATAC-seq data are termed chromatin acces-
sibility QTLs (caQTLs), and those in H3K27ac ChlPseq
are termed histone modification QTLs (hmQTLs). Between
2,130 and 3,415 regulatory elements were significantly
associated (FDR < 5%) with an underlying cis variant, re-
flecting precise instances whereby the presumed activities
of regulatory elements are modulated by common genetic
variation in human ECs (Table 2).

Co-mapping analysis revealed a significant enrichment
of molQTL variants that were also eQTLs (Figure 2C),
with H3K27ac hm(TLs being ~3 times and caQTLls ~2
times more likely to also have expression associations (p
= 1 % 10°® than by random expectation (Figure 2D). We
observed many different combinations of overlap among
molQTLs, with variants underlying hmQTLs in both data-
sets (n = 10,580) and variants at hmQTL+caQTLs in all da-
tasets (n = 436) as most likely to also be eQTLs (Figure 2E).
We interpret these data to mean that allelic perturbations
affecting H3K27ac signals are most predictive of e(JTLs,
and this interpretation is consistent with a model whereby

this post-translational modification closely reflects produc-
tive transcription.

Motif Mutation Analysis |dentifies Genetic Variants
Whose Alleles Confer cis-Regulatory Function

With the eventual goal of identifying putative causal non-
coding variants, and because TF motif mutations are a
powerful means to identify causal variants, we performed
de nove motif enrichment analysis® to investigate which
TF motifs are enriched in EC regulatory elements. Consis-
tent with our previous report in a single EC donar,'* we
found the AP-1, ETS, and GATA DNA binding motifs
were significantly enriched across the HAEC epigenetic
landscape in all subsets of regulatory elements (subsets:
notx-specific, IL-1b-specific, and common; Figure 3A,
top). Additionally, we found that CEBP, IRF, NF-kB, and
CEBF:AP-1 cognate motifs were enriched in regulatory ele-
ments gained upon IL-1b treatment (Figure 3A, bottom).
Consistent with previous work,'* this suggests that TFs
from these families regulate dynamic expression changes
downstream of IL-1b signaling.

For these TF motifs, we tested the hypothesis that SNPs
whose alleles differentiate between a “match” or a “muta-
tion" of the motif should be enriched in elements that
exhibit allele-specific molecular traits. Indeed, we found
that SNPs whose alleles mutate AP-1, ETS, and NF-kB mo-
tifs were significantly entiched in the extremes of ATAC-
seq allele-specific ratios, where (0.5 is an equal number of
reads from both alleles in heterozygotes, and 0.0 and 1.0
are ATAC-seq reads that map exchsively to eference or
alternative alleles, respectively (Figure 3B and 3C). Motif
mutations to the kB motif were only enriched in allele-spe-
cific ATACseq regions after IL-1b treatment, and not in un-
treated cells; because NF-kB is only present in the nucleus
after IL-1b treatment, this result provides confirmation
that the motif mutation approach is able to capture func-
tional “mutations.”
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Figure 2. Regulatory Element ldentification and molQTL Analysis
(A) Pipeline of chromatin accessibility and histone modification QTL analysis.
(B) Venn diagram of the mumber of regulatory elements identified in not ECs and IL-1B treated ECs using ATACseq-defined open chro-

matin with adjacent H3IK27ac marks.

(C) Numbers of untreated caQTLs (left) and hmOQTLs (right) in BN A-seq EC ¢QTLs, for datasets of correspo nding treatment, ane plotted in
blue for increasing cumulative p value thresholds (x axis) with empirical estimates of random samplings by 1,000 permutations (black).
() Enrichment scores for caQTLs and hmQTLs as a function of cumulative significance thresholds (x), caleulated by dividing expected

by random values in ¢. molQTL enrichment is calculated in the RNA-seq

eQTL dataset of ding teeatment.

(E) Upset plot showing co-mapping of molQTL SNPs between caQTL and hmQTL datasets with proportions of eQTLs for RNA-seq data-

sets are shown by colored boxes to right.

Binding QTL Analysis Reveals SNPs and Motifs that
Affect DNA Binding by the EC Lineage-Determining
Factor ERG and Signal-Dependent Factor NF-kB

With insights afforded by molQTL mapping, we collected
ChlP-seq data for two TFs of particular importance to
ECs: (1) the ETS-related gene, ERG, and (2) NF-kB using
ChIP for the RelA/pA53 subunit (Figure 4A). These
sequencing assays had per-individual average unique map-
ped read counts of 9,220,510 and 10,109,014 respectively
{Table 51). ERG was selected for ChlP-seq because it is
one of the predominant binders to the ETS motif that is
prevalent in endothelial enhancers'® {Figure 2A). Further,
ERG is expressed predominantly in ECs, and is an essential
gene for vascular development.' *~*** We and others have
shown that FERG upregulates quintessential EC-specific
genes {e.g, NOS3, PECAMI, and VWF), and it directly or
indirectly represses pro-inflammatory genes (e.g., IL-8,
CCL2, and IL1B).'"%*" The rationale for measuring NF-
kb’ binding profile across donors inchided its role as a

master pro-inflammatory TF downstream of many signals,
including IL-1 signaling; we did this to inform interpreta-
tion of many diseases with a vascular inflammatory
component,'*

Using RASQUAL, we performed TF-binding QTL (bQTL)
analysis for ERG in untreated ECs from 21 BC donors and
NF-kB in IL-1b treated ECs from 36 donors. We discovered
354 and 3,742 binding regions that were significantly asso-
ciated with at least one cis-variant (Table 2; 5% FDR). We
reason that fewer ERG bQOTLs were discovered relative to
MNF-kB based on lesser sample size, and therefore statistical
power Still, we observed enrichment of ERG and NF-kB
BOTLs at eQTL loci (Figure 4B); this suggests that func-
tional non-coding variants are enriched in our BOTL sets.

To fine-map functional regulatory variants and identify
particular TF motifs whose mutation comesponds with
diminished binding, we analyzed the relationship between
ERG s allelic binding ratios and the presence of motif muta-
tions. ERG binding in untreated conditions, as expected,
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Table & Summary of molQTL Analysis in End ot helial Cells

# Peaks with ds- Uniigue Peaks o Peaks Tested
Variation MAF = Significant molQTLs  with = 1 Significant with > 1 Sigaificant % Variants Tested
IL-18 5% Tested for Association (SNP-Peak Pairs) molQTL molgTL Underying Significant malQTLs
HIKZ7ac Chil-seq
- B4, 820 25,621 2,620 3.81% 6.52%
+ 91,950 21,634 2,130 2. 96% 561%
ATAC-seq
- 435,081 3905 2,815 3.46% 3.62%
+ 30257 4,704 3,415 4. B8% 497
ERG Chil*-seq
- 69,342 587 354 1.40r% 1.52%
oS Chil*-seq
+ 154,714 5791 3,742 .19 6.41%

Pilewps of unique mapped tagsat regulatory elem ents{peaks) per donor were used as quantitative traits in quantitative trait bocus {OTL) mapping, and assodations
were termed molecular OTLs (ol TLs). molC) TL results are shown for each epigenatic assay (rows), with significance defined by 5% false discovery at the locus

level wing RASCQUAL softs IL-1 b—i

rieukin 1 beta. MAF—minor allele frequency. H 3K 27ac— acetylation of lysine 27 on histone H3. ChiP-seq— chromatin

Imimune precipitation with sequending. ATAC-seq—assay for transposase-accessible chromatin with sequencing.

was influenced most by mutations to its respective ETS bind-
ing motif (Figure 4C, p = § % 10%7). More interestingly, ERG
binding wasalso affected by mutations to the AP-1 motif (p =
4.4 % 107", whereas ERG binding was not affected by muta-
tions in the kB motif (p = 0.25, Figure 4C). We interpret this
to mean that ERG' binding is influenced not only by the
sequence it binds, but also by the coordinated binding of
other TFs in the local chromatin landscape. Results from all
tested motifs are in Table 53.

For NF-kB binding after [L-1b treatment, we found many
TF muotifs (e.g., ETS, AP-1, kB, CEBP, and CHOP), in which
mutated alleles corresponded to less NF-kB binding relative
tothe non-mutated allele (all p < 3 % 10/, Figure 4D). This
demonstrates that, while differences in NF-kB binding are
significantly affected by mutations in the kB motif, these
instances are ~4 times less frequent in the genome relative
to differential NF-kB binding comresponding to ETS motif
mutations, and ~3 times less frequent than AP-1 motif mu-
tations. This observation builds upon our previous report,
which used a similar approach in macrophages taken from
inbred strains of mice;® however, the current study is a
qualitative advancement in that we utilized allele-specific
binding in heterozygous human cells in an outbred popu-
lation. Together, these findings strongly support a model
whereby signal-induced TFs like NFkB bind chromatin
with patterns that depend on previously established pat-
terns via cell lineage-determining TFs (reviewed by Roma-
noski et al.™").

Identification of Enhancers and Functional Regulatory
Variants for KIF268, FGD6, and VEGFC

To examine the utility of our system’s genetic dataset, we
cross-referenced EC e(QTLs, molQTLs, and motif mutations
to fine-map functional regulatory variants. In total, there
were 2,818 instances of SNPs underlying all three data

types. To exemplify these data, we focus on three exam-
ples: KIF26B, FGD6, and VEGFC (Figure 5).

As a first example, for KIF26B, RNA levels associated with
genotypes at the SNP 1s12028528, located ~725kb down-
stream, in an intron of the neighboring gene SMYD3.
Greater KIF26B expression associated with the T allele
and less expression with C (Figure 5B). This SNP is within
a chromatin-accessible, H3K27ac-positive regulatory
element that is bound by ERG and NF-kB, and these quan-
titative measures each associate with genotypes at
1512028528 in the same direction as does KIF268 RNA
{Figure 5B). Further analysis of 3D chromosome conforma-
tion capture Hi-C data from human umbilical vein ECs
{HUVECs),* shown in the triangular heatmap above the
genomic tracks, revealed that this enhancer loops to phys-
ically interact with the genomic locus that contains the
KIFZ6B promoter (Figure 5A, top). Motif mutation analysis
revealed that the C allele of 1512028528 mutates an AP-1
motif, whereas the T allele maintains an intact motif
{Figure 5C). Analysis of ENCODE H3K27ac ChlP-seq data
in multiple cell types revealed that this enhancer is specific
to endothelial cells (HUVECs) (Figure 3A). Using the
CRISPRiapproach (CRISPR/Cas9 + KRAB domain) to target
the repressive machinery by guide RNA within 200 bp of
1512028528 resulted in ~2 fold less KIF268 expression
than did the non-targeted control (Figure 5D). Further,
cdoning of 198 bp of genomic sequence, centered on
512028528, into a luciferase reporter and transfecting
into ECs confirmed that the T allele-containing sequence
had over 30 times greater enhancer activity than did the
C-containing sequence (Figure SE). KIF268 has been iden-
tified as a microtubule-associated kinesin protein that po-
larizes endothelial cells in response to sheer stress,™ and
these data demonstrate that rs12028528 in a distal
enhancer regulates its expression.
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Figure 3. Motif Enrichment Analysis of EC Regulatory Elements and molQTLs

(A) Discovery of TF binding motifs enriched in all e gulatory elements (top), or those specific to IL-1b treatment (bottom). p values for
enrichment are compared to random background (top), or untreated (bottom)., Respective densities of these motifs are shown to the
right relative to the summit of the ATAC-seq-defined peak.

(B) Y-axes are enrichment of motif mutations in bins of allelespecific ATAC-seq tags on the x-axes for each motif indicated in not (hlue)
and IL-1b (red) datasets as normalized to 0.5 equal tags on ref versus alt). x values of O = exclusive openness on ref,; valuesof 1 =exclu-
sive openness on the alt.

(C) Instances of motif mutations created by alt. or ref. alleles (x axis) show expected effects on ratios of allel especific acoe ssibility (y axis)
for AP-1, ETS, and kB motif mutations in notx (blue) and IL-1b-treated (red) ATAC-seq datasets, p values are from an unpaired two-tailed t
test assuming unequal variance,

Asa second example, at the FGD6 locus, shownin Figure 5F, and NEEB/p65 (Figure 5G). For each ‘omic assay, the T allele
the SNP 1s7975658, located inthe second intron of FGD6, isa  associateswith greater expression, acetylation, and/or binding
significant eQYTL for D6 and is also amolQTL for H3K27ac  than does the C allele. Analysis of ENCODE data shows this
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from an unpaired two-tailed t test assuming unequal variance.

enhancer-like element to be acetylated on H3K27 specifically
in endothelial cells, suggesting cel -type specificity. Motif mu-
tation analysisidentified a BACH motif that is mutated by the
C allele, consistent with the Tallele having regulatory activity
{Figure 5H). Wevalidated enhancer activity from this locus on
FaD6 through theuseof CRSIPRiin ECs (Figure 51). Lastly, we
tested the allelespecific enhancer activity by using transient
transfection of hiciferase constructs into teloHAECs, and we
found that only the T allele corresponded to enhancer func-
tion compared to both the empty vector (no enhancer) and
the enhancer sequence with the C allele (Figure 5]).

Asa thirdexample, at the VEGRC locus, shownin Figure SK,
we found that SNP rs6825977 (~100kb downstream of
VEGFC) was both an eQTL for VEGFC and a molQTL for
H3K27ac and NF-kB. The T allele comesponded to greater
expression, acetylation, and binding (Figure 5L). Here, the T
allele preserves an ETS motif, whereas the C allele mutates a
key residue in the sequence (Figure 5M). Enhancer activity
was confirmed wsing CRISPRI at this enhancer (Figure 5N),
and was confirmed specifically for the sequence with the T
allele, whereas the C allele did not enhance luciferase produc-
tion above background (Figure 50). Taken together, these
data demonstrate how our unbiased genetics approach was
able to identify functional regulatory variants and enhancers
that direct target-gene expression in human ECs.

eQTLs are Enriched in CAD-Relevant Lod and molQTLs
Refine Candidate Causal Variants

To investigate the utility of our datasets for fine-mapping
functional variants underlying coronary artery disease

{CAD), we cross-referenced EC eQTLs with summary statis-
tics from the most recent meta-GWAS for CAD™ We
found that EC eQTLs are significantly enriched at CAD
loci above randomly permuted rates of expected overlap
({Figure 6A). EC eQTLs were enriched for both genome.
wide significant CAD SNPs (p < 1 % 10°%), as well in CAD
associations in the sub-genome-wide significant range
(1% 107 < p < 1 % 10°%). This finding strongly supports
amodel whereby the “mid-hanging fruit” in GWAS studies
are functionally affecting biological pathways, and sug-
gests that these effects for CAD are operating in part
through ECs. MNext, we crossreferenced significant
molQTLs with the eQTL/CAD loci, resulting in a list of
18 variants associated with nine genes (Table 54).

Mext, we compared the precision of this molQTL fine-
mapping method to another recent method, coloc.™ Co
loc uses summary statistics and allele frequencies to test
whether a putative “causal” SNP signal underlying associa-
tions along one trait’s locus {e.g., e(QTLs) are likely to also
drive associations at that locus for another trait {eg.,
GWAS). We applied coloc to the eight of the nine loci
above which contained putative causal relationships (one
transcript was not on the microarray). This resulted in
confirmatory posterior probabilities (>0.821), indicating
that our molQTL fine-mapping strategy was well adept at
discovering functional regulatory variants.

The list of 18 variants includes the CAD-associated SNP
1517114036, with eQTL for PPAPZB/PLPP3 (Figure SZA).
We have previously reported 1517114036 to be a functional
intronic enhancer variant that modulates PPAPZE

756 The Amercan Journal of Human Genetics 1046, 748-763, June 4, 2020

Page64



urheied - sOTL FNA-saa)
5 2e4

0«
204 .
HC contaces p 48 = g ] ' Ta g i s:m-
= ? 3, s o 3 5! . oy
0 5 2 ¢ | 34 5E
ﬁr . ;‘{ ‘ ° 2 3ze !
i 2! ! 24 L 3 ? . {u
.. o “al ! > > e -
¢ o W T0 CC oo i
WM grrctyre 1612026628 grrotypo AN pctrde
= 2304 . = b s
oy @ o e i 3 SETT] o100 L
ief ¢, AR is .,
lé 2 ' g3
o [ & §=05
H . H ' §3
a5 3 510 = d
g l e ’ §2 00l ¥
= &} “H
. ™ ™ TC <C AT GO
NFABps | | 'S A - =1L pasctyze ARSI garctyrm E  votveomn rotprecan

c O, 10 e
LOTUACTCAL <A21 mont
GATGACTCAA <1l e
GACGACTCAA « al s

0

G i
cgxd
Figais
SRR
supsgade

=l

F"

o R LR 4 sl 200850 " es
F G ureased - eOTL famay) okt rimgranae gaad7L
B o). te15 g (avay) Q=004
2 3 2»4 . B g ress
HC contacts g { i g 3 ' é! 1
<4 s 3
5 A e : ‘ 3| ' §2 3.
% L | . $ i
3 o
~ = T e g‘ ™o o S TT W o % by
! nTVTIHEA gorctype T8 Geootypm ITUTASEY pactpoe
aml * . QB0e5 P UL narm FGO6 ANA
) i - Eg A
o w TIN -
2w . i-n & E R l,
o 53 . g; e [
T FGOG o E '
Q7 1 i —ahoh J_.L.. A 0 i" 0P,
| »™
Wanps 5 ¥ P I S “mr’v 'fam:fw J lmllﬂpw:\ula som b m;-n
GNTe A 3 H e 9 o
H12ESC " . PSS
HUVEC 1 % SRATOCTCACTCAT « sacH meur :
Koz 1 z ) S % CAMIGCTGICOCAT «a1%09 °
ek " A i ] v w CAMATGETGTETCAT « o omg =
KHF . =
w2 rgte A TGS w6
L WYoans « eOTL (avayl  axPLyoand - ¢GTL (arvay)
K 9 :;-9--7 ?: ;.t:w § u\'a:-'u g Iw«i';b
S g § A
5 i 3, 81 1 BAJL
=05 >
3 3 B, 000 LBV
é._ 535 E ' §r.uu,
e = D & w aw $°
1RER307T geras NERSETT garctypn RSETT gasctyre B
el Sa-10) traad 1nasy N - IO"VI VEG-‘CRN‘\
3 ] J-—
9- ' gs'“ . i %§ o e ']
S * gz P 52 & I <
™ : i 5 .
T S BT o E'C H : g;:,“ e sy n:j..
= < ~ £ ' 5y
s g ElE VT 38
GNITE - . A Q Wt (Ieatyvenity rom b oy
HISEST = IMITMUTT pesctye ° 10 2 » )
HEMN 4 ®
HUVEC A \ | 3 M gty
£ P SAGTTOCTEL <E7s mont ¥
NHE e » ACATTCCTAG < af i 4 |
) o A azeary ACATTGOOAG < rel soc C

Figure 5. KIF26B, FGD6, and VEGFC Lodi
(A) Bowser-style track of KIF26B locus with 3D Hi-C data from HUVECs shown by heatmap above with epigenetic tracks shown below.
Vertical yellow bar highlights enhancer-like region containing SNP of interest, with KIF26B promoter highlighted in pink. Cell types
listed for H3K27ac are from E—NCODE. GM12878human B-lymphocyte-lymphoblastoid cell line; H1-hESC—human embryonic
stem cells; HSMM—human skeletal muscle myoblasts; A549—human epithelial lung carcinoma-derived cell line ; HUVEC—human um-
bilical vein endothelial cells; K562—human chronic myelogenous leukemia-derived cell lineg; NHEK—human epidermal kemtinocytes;
NHLF—human lung fibroblasts,
(B) The SNP shown in aisan e¢QTL for KIF26B, a molQTL for chromatin accessibility, H3K27ac (including allele-specific plot), ERG bind-
ing, and p65 binding (including allele-specific plot).
(C) rs12028528 mutates an AP-1 motif.
(D) Reduced KIF26B expression in HAECs treated with pooled gRNAs with CRISPR interference (CRISPRi) within 200 bp of s12028528. n
= 5. Expression measured by qPCRand normalized to GAPDH. Data show mean =+ standard error of the mean. *p < 0.05, ***p < 0.001 as
determined from unpaired t test.
(E) The functional effect s12028528 was replicated via luciferase assay in teloHAECs (n = 3 independent experiments; p < 0.05 by un-
paired 2-tailed t test).
(F) FGD6 locus with SNP rs7975658 in an enhancer-like region (yellow) within FGD6 intron.

(legend continued on next page)
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expression in a sheer stress-sensitive manner.®® Here,
consistent with previous reports, we find that
1517114036 is also a molQTL for NF-kB/p65 binding with
the G allele associated with greater binding and PPAP2B
expression and CRISPRi confirming enhancer activity at
this SNP {Figure S2B and Table 54).

Another notable gene among those with CAD, eQTL,
andfor molQTL hits is PECAMI (CD31), which is
frequently used as a cell-surface marker to identify endo-
thelial cells in tissues and is part of the mechano-sensitive
complex that senses hemodynamic forces.” The associ-
ated region on chromosome 17 is a replicated CAD lo-
cus, ™ and loss-of-function experiments in mice result
in decreased or increased atherosclerosis in relation to
the branching arteries and innominate artery or aortic
arch inner curve, respectively.’™"” These characteristics
make PECAMI an attractive positional candidate at this
GWAS locus, one that would only be detectable in FC-en-
riched datasets. Our analysis identified six SNPs along
this locus that are eQTLs and hmQTLs in both IL-1b and
untreated H3K27ac datasets (Figure 52C and 52D and Table
54). All six SNPs are near the 3’ end of PECAM] (three in-
tronic, one in 3' UTR, and two intergenic) with moderate
linkage disequilibrium (LD) (R2 = 0.6-0.8). Further exper-
imentation will be required to test for causality among this
set.
Another interesting gene implicated by our CAD, eQTL,
and molQTL analysis was FES. We detected three SNFPs
{rs1894400, rs35346340, and rs7497304) within FES that
were e(TLs for FES as well as hmQTLs for H3K27ac after
IL-1B treatment (Table 54). The nearby SNP 1512906125
was also a robust FES eQTL, a significant hmQTL, and a
suggestive caQTL (Figure 52E). 1512906125 is in near-per-
fect LD with all three CAD SNPs but was not tested or re-
ported in the CAD meta-GWAS (R2 = 0.99, using Furopean
and American combined LD structure, Figure S52F).
1512906125 is a promising positional candidate because,
aside from its strong associations, it is located in the center
of the nucleosome-free region at the center of the FES pro-
moter, near the summit of chromatin accessibly and bind-
ing peak for ERG and NF-KB/p65. We previously demon-
strated that these characteristics increase the probability
that SNPs affect the activity of regulatory elements.” In
addition, this promoter is selectively marked by H3K27ac
with nuclecsome depletion selectively in HUVECs in
ENCODE and in our HAEC data, but not other cell types;

this selective marking suggests that this gene and its allelic
regulation is likely restricted in its cell-type expression pro-
file (Figure 52F). The potential functional effect of
1512906125 on FES expression is corroborated by signifi-
cant e(TLs in GTEx in numerous tissues including artery
aorta tissue and artery cotonary tissue (Figure 52G). Lastly,
because the FES promoter is bound by ERG, we hypothe-
sized that it would be downregulated upon ERG knock-
dewwn, and this was confirmed by analysis of our previously
published data (Figure 52H). Together, these data provide
functional evidence that FES is a likely mediator of vascular
health and that its function is likely modulated by the
haplotype inchuding rs12906125.

EC QTLs Underie Multi-Trait Associations

Finally, given the ubiquity of FCs throughout tissues of the
human body, we reasoned that our dataset would be val-
able for fine-mapping regulatory variants that affect many
different complex traits in addition to CAD. We therefore
cross-referenced our set of overlapping eQTLls and
molQTLs with summary data from the GWAS Catalog®’
containing lead variants from 3,616 complex traits and dis-
eases that span 3,551 studies.”’ To test for enrichment, we
generated empirical null distributions of expected overlap
by 1,000 permutations of eQQTL and molQTL genomic loca-
tions, and we counted the random occurrences of overlap
with GWAS traits. The traits with significant eQTL and/or
molQTL enrichment are shown in Table 56, and top traits
include pulse pressure (p = 1.03 % 10°'"), blood protein
levels (p = 2.48 % 107'"), monocyte count (p = 1.77 X
10", and lung function by FEVI/FVC (p = 1.2 x 10°).
These data support the hypothesis that common genetic
variation in the EC regulome modifies EC biology to affect
these complex traits with implications in disease.

Mext, to identify loci with pleiotropic effects, we tabu-
lated loci harboring an FC eQTL, a molQTL, and multiple
GWAS trait associations using all EC datasets combined.
The top 13 genes with multiple GWAS associations in
this analysis are shown in Figure 6B (a detailed list of over-
lapsisin Table 57). Based on these criteria, the MFAP2 gene
locus demonstrated the most trait associations, induding
peak expiratory flow, lung function, and chronic obstruc-
tive pulmonary disease, as well as several anthropometric
measures such as waist-to-hip ratio (Table 57).

Four variants were associated with expression of MFAP2.
Three of these variants (1s9435731, rs2284746, and

(G) Plots for ¢QTL for AGD6 in untreated and gene-by-environment ¢0TL (¥ axis = oxPL RNA — notx RNA for FGDa6). This SMPis also an
hmQTL with allele-specificity (within heterozygotes) and an NF-EB bQTL with allele-specificity.

(H) 157975658 mutates a BACH motif

(1) CRISPRi and guides at rs7975658 reduced FGD6 compared to control as in (D).

(J) Luciferase reporter assay in teloHAECs as in (E).

(K) VEGFC locus with SNP rs6825977 in an enhancer-like region (yellow), which loops with the VEGEC promotor (pink) based on high-

throughput chromatin conformation capture (HiC) data.

(L) The SNP is an ¢QTL for VEGEC, an hmQTL with allele-specificity, and an NEKB bQTL with allele-specificity.

(M) rs6B253977mutates an ETS motif.

(M) CRISPRI with gRMNA targeting rs6825977 reduced VEGFC BMNA versus contmol as in (D).

() Luciferase e porter assay in teloHAECS as in (E).
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Figure 6. Enrichment of EC QTLs in CAD and Complex Disease GWAS

(A) Endchment (y axis) of HABC eQTLs at CAD loci (x axis) over permuted rates of random overlap for all HAEC eQTL datasets.

(B) HAEC eQTL genes co-mapping with a molQTL that are associated with multiple GWAS traits (x axis).

(C) Genomic region of MFAF2 locus. Linkage disequilibrium between GWAS-associated loci (top) epigenetic traits (bottom), and local

sequence surrounding SMNPs of interest, 159435732 and rs9435733.

(D) eQTL plots for MFAP2 where each dot is an HAEC donor, colored bars along the x axis represent genotypes at rs9435733, and the

colors of dots represent genotypes at rs9435732.
(E) Graph as in (D) for expression of ATPI342,

(Fand G) GTEx eQTLs in lung for MFAPZ replicates the direction of s9435732 (F) and rs9435733 (G).
(H-1) molQTLs for rs9435733 for NF-EB binding (H), H3E27ac (), and ATAC-seq (1), with dotcolors representing genotypes atrs9435732.

159435733) are in high LD with each other (R2 = 1% and
the alternate alleles are associated with higher expression
of MFAP2 (Figure 6C, LD shown by heatmap in red trian-
gles). These three variants are associated with the lung
function traits listed above. The fourth variant,
159435732, is not in high LD with the rest {max R2 =
0.245) and is associated with waist-to-hip ratio. The refer-
ence allele (C) for this variant is associated with greater
MFAP2 expression. Figure 6C shows the epigenetic land-
scape in ECs and ENCODE cell types across the MFAP2
and ATP1342 locus that includes many regulatory ele-
ments with variable activity profiles across cell types.

Whereas MFAP2 and ATP1342 both have eOTLs at
159435731, 152284746, and 159435733, the ATP13A2
e(TLs are much less significant in the EC dataset than is
MFAP2 (Figure 6D and 6E). Further, 159435732 is not an
eQTL for ATP1342 in ECs, supporting the likelihood that
MFAP2 is the functional gene that mediates trait differ-
ences through ECs. Lastly, MFAP2 eQTLs at rs9435732/
159435733 are replicated in GTEx lung tissue in the same
direction we observe in ECs (Figure 6F and 6G).

Given our observation that two sets of alleles (the three
SNPs and rs9435732) are independently associated with
MFAP2 expression as well as distinct sets of traits by
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GWAS, we tested whether combinations of alleles at this
locus further discriminated MFAP2 expression relative to
either set alone. Indeed, we found that within genotypes
of 159435733, genotypes at 159435732 further discrimi-
nated MFEAP2 levels (Figure 6D) but not ATP1342 levels
{Figure 6E). Interestingly, both of these SNPs are located
in the promoter of MFAP2 {Figure 6C, pink vertical line),
96 bp apart and with significant relationships to NF-kbf
p65 binding and H3K27ac levels (Figure 6H and 6l; all
with FDR < 5%) and ATAC-seq (Figure 6]; all with FDR <
#%) in the direction consistent with gene expression.
Taken together, these data provide robust functional evi-
dence that SNPs along the haplotypes created by these
MEAPZ promoter SNPs modify risk for pulmonary and
anthropometric traits by modulating MFAP2 expression
in ECs. Further experimentation will be required to under-
stand which of these variants are necessary and sufficient
for the epigenetic and transcriptomic differences observed.

Discussion

In this study, we identified non-coding, common genetic
variants that modify levels of target-gene expression in a
single cell type that is critical for health. The design was
to propagate genetically diverse human ECs in low-pas-
sage, model disease microenvironments through the use
of prodinflammatory stimuli, and to quantitatively mea-
sure genome-wide features of gene expression and epige-
netic state. By analysis of enriched motifs at EC regulatory
elements, we provide genome-wide evidence that muta-
tions in ETS, AP-1, and NF-kB motifs by common alleles
perturb activities of regulatory function. We demonstrated
the utility of our integrated analysis and the accuracy of
our approach through experimental validation of a hand-
ful of candidate regulatory SNPs, modification of enhancer
activity, and target-gene expression (KIF268, VEGFC,
FGD6) for regulatory elements up to 7 50kb away from their
targets. Intersection of these data with public catalogs,
induding GTEx, ENCODE, and the GWAS Catalog led to
additional discoveries, incduding that roughly half of EC
eQTLs were not evident in GTEx tissues, and that EC
eQTLs and molQTLs are enriched at disease loci for several
disease traits (CAD, lung function, pulse pressure, and
blood protein levels) with some loci (MFAP2) harboring
pleiotropic effects. The thousands of eQTLs and molQTLs
detected here serve as a resource such that investigators
may query significant regulatory relationships for specific
genes or loc of interest. Lastly, while this work is a qualita-
tive advancement toward functional annotation of the
non<coding genome, much work remains to be done to-
ward this goal. These topics are discussed below.
Delineation of the cell and tissue-type patterns of opera-
tional regulatory elements is a challenging requirement to-
ward annotating the functional non-coding genome. It
will require a combination of experimental and computa-
tional approaches to discern epigenetic and expression

states of single cell types that comprise human tissues dur-
ing health and disease. Here, the comparison of eQTLs be-
tween ECs and GTEx showed that eQTLs collected from a
single cell type enabled discovery of about 1,000 tran-
scripts with novel eQTLs not evident in GTEx at all ranges
of effect sizes (Figure 1). This suggests that eQTLs present
in a constituent cell type of tissue is often below the limit
of detection. We recognize that some of the eQTLs in this
study could result from genes whose expression is exagger-
ated in culture, for example by proliferation or exposure to
serum, but this cannot fully explain the differences,
because two cell lines in GTEx (Epstein-Barr virus (EBV)-
transformed lymphocytes and cultured fibroblasts) were
propagated in similar conditions, and their profiles are
distinct from ECs. Together, this finding indicates that a
large proportion of functional, common variants regu-
lating cellspecific target genes remain to be identified,
and that this can be achieved through eQJTL analysis of sin-
gle cell types.

Perhaps one of the most exciting promises of molQTL
mapping is that, in conjunction with eQTLs, it enables
fine mapping of causal regulatory variants. Our study is
among the first to demonstrate this in human cells, and to
our knowledge, the firstto do this in ECs. We provided three
examples in Figure 5: KIF268, FGDe, and VEGFC, where
experimentation confirmed the predicted function of non-
coding SNPs in gene regulation through enhancers up to
750kb distant from the genes. While effective, validation us-
ing traditional experimental approaches (like ours) is rate
limiting. Application of high-throughput assays, such as
massively parallel reporter assays (MPRAs) and multiplexed
CRISPR applications, will accelerate the rate of validation
for predicted non-coding variants. It will be important, how-
ever, that these techniques be applied in the primary cell
types from which QTLs were generated, because only these
cell types will contain the relevant complement of TFs
needed to achieve cell-appropriate regulation.

To quantify how many eQTLs we were able to “explain”
with mol(QTLs in this study, we found that about 10% of
FC eQTLs are in linkage with molQTLs (RZ > 0.8). As
similar studies are published, it will be important for the
community to estimate this value, because it leads to esti-
mates of the proportion of expression differences between
people that stem from common regulatory variants in the
proximal genomic landscape. Analogous to the “missing
heritability” paradigm in GWAS, this value reflects the
proportion of expression differences we can explain using
single genetic lod. It is difficult to know from our data
how well this estimate reflects the effects of true causal
regulatory variants, but we provide here non-exclusive
scenarios that explain possibilities. It is possible this value
is an under-estimate of the true causal SNF set and that
nearly every expression trait has an underlying causal
variant. Fxplanations for why we cannot observe them
relate to statistical power due to sample size and technical
sensitivity in quantifying epigenetic traits. Quantitation
of RMNA transcripts through the use of array or RNA-seq

760 The Amercan Journal of Human Genetics 1046, 748-763, |une 4, 2020

Page68



spans a large dynamic range, whereas epigenetic assays
like ATAC-seq are semiquantitative because they average
binary on-off states of proteins accessing DNA on two
chromosomes per cell. Single-cell approaches, or assay de-
velopments that improve sensitivity, performed with
larger sample numbers, should improve molQTL detec-
tion. In addition, our study might have missed informa-
tive regulatory marks simply because these marks were
not included in the design. Repressive marks, for example,
could help identify modulating regulatory SNPs. It is also
possible, and worth considering, that the “proportion ex-
plained” value is a somewhat accurate reflection of lod
harboring true causal regulatory variants, and that gene
expression is genetically regulated by yet undiscovered
mechanisms that are not reflected in the understood reg-
ulome of the cell. Such higher-dimensional possibilities
may include roles for combinatorial and/or hierarchical
relationships among regulatory elements, 3D chromatin
structure, histone positioning, or biophysical constraints,
among others. Nonetheless, our study confirms the utility
of molQTL mapping and provides a foundation for future
studies.

One of the most exciting findings in our study was the
potentially causal role for unlinked SNPs in the promoter
of MFAP2 to modify human disease. This locus associates
with multiple GWAS traits induding lung function and
waist-to-hip ratio (Figure 6). While not fully understood,
MFAP2 encodes a secreted protein that has been shown
to bind microfibrils in the extracellular matrix ¢
MFAPZ has been shown to bind active transforming
growth factor beta, and bone morphogenic proteins to
modulate downstream signaling in paracrine cells of
elastic tissues. Mfap2~" knockout mice exhibit increased
body fat, weight, size, altered wound healing in bone
and skin, osteopenia, bone fractures, bleeding diathesis,
and increased metabolic dysfunction. Recently, MFAP2
was implicated in regulating EC functions through
sequestration of the endothelial-specific protein EGFL7,
which controls various endothelial functions inchiding
repression of endothelial-derived lysyl oxidase (LOX),
adhesion molecule expression, and Notch signaling.’’
Exactly how MFAP2 modifies traits in humans has yet to
be elucidated. Nonetheless, its eQTLs at 159435733 and
159435732 are reproducible, as they are evident in multi-
ple GTEx tissues. Our data support the possibility that
these variants primarily regulate MFAP2 in ECs, rather
than the neighboring gene ATP1.3A2, which could be per-
turbed in other cell types. Further, cur molecular data
demonstrate that haplotypes across rs9435733 and
159435732 better discriminate MFAP2 expression in ECs
than either variant does alone (Figure 6D). While future
waork is required to establish the molecular explanations
for how these variants perturb MFAPZ function and
modify disease risk, these data support a model whereby
this gene is controlled by at least two regulatory variants
and the likelihood that this locus has pleiotropic effects
on human complex disease.

In conclusion, we present an integrative analysis of the
effects of common genetic variation on human endothe-
lial cell molecular traits. The findings presented here
support the likelihood that numerous novel biclogical re-
lationships are present in this dataset, and this will serve
as a useful resource to accelerate discovery in the research
CoOmmunity.
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Figure S1. Characteristics of EC donors and EC eQTLs. A. Principal Component Analysis of
genomic distances among individuals in 1000 genomes and HAEC donors in this study are depicted for
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Principal Components (PCs) 1-3. Genotypes on chromosome 1 were used for this analysis. B.
Genomic annotations of eQTL SNPs in HAEC datasets and all SNPs tested. Datasets indicated by
number with key. C. Hexbin plot showing relationship between effect sizes of eQTLs discovered in
array notx eQTLs (y-axis) and corresponding effect size in RNA-seq notx eQTL data (x-axis). Statistics
are from linear regression. D. Upset plot showing overlap of eQTLs detected between datasets at 5%
FDR. Along the right are the total eQTLs discovered and the number of unique transcripts associated in
parentheses. E. Density of the HAEC eQTL effect sizes from notx array data (x-axis) for eQTLs unique
to ECs (blue) and eQTLs discovered in GTEx and ECs (red).
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Figure S2. Effects of regulatory SNPs and target genes across multiple loci in ECs. A. eQTL for
PLPP3 at rs17114036 in the array notx dataset. B. NF-kB/p65 binding QTL for the enhancer region
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over rs17114036 with allele-specific ratios in heterozygotes to right and results on PLPP3 expression
from CRISPRI targeting rs17114036. C. The PECAM-1 locus with UCSC browser-style tracks from
HAECs below. Above shows the LD structure for genome-wide significant CAD-associated GWAS
SNPs. Yellow bar highlights region with association and enhancer marks having molQTLs; pink
highlights PECAM-1 promoter. D. The PECAM-1 eQTL for rs9892152 in the oxPL-treated dataset, with
corresponding hmQTL in IL-1b HAECs to right. E. The FES eQTL for rs12906125 in the oxPL dataset is
shown above, with molQTLs at this SNP for H2K27ac and ATAC-seq below. F. A browser-style view
zoomed to the FES promoter shows epigenetic data below from HAECs and ENCODE. Above is LD
structure for GWAS SNPs. Numbers of associated GWAS traits shown in parentheses. Local sequence
with alleles of promoter SNP rs12906125 is shown beneath. G. The FES eQTL at rs12906125 is shown
in Aorta and Coronary Arteries from GTEx. H. FES RNA expression in ERG siRMA knock-down siRNA
in three HAEC donors is shown. P-value is from 2-tailed unpaired t-test.
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LEGENDS FOR TABLES S1-57

Table S1. Sequence tag characteristics are summarized per HAEC donor. The number of unique
mapped reads after removal of duplicates and mapping bias correction for each HAEC donor (rows),
with summary data (at bottom) for each assay (columns). These values were used as co-variates in
association mapping.

Table S2: Shared effect sizes between HAEC and GTEx eQTLs. Area under the curve for density of
shared effect sizes between GTEX tissues (rows) and HAEC eQTL datasets (columns).

Table 53: Motifs enriched for mutation in allele-specific molecular HAEC traits. Motifs tested for
Motif Mutation Analysis in rows, with corresponding summary statistics in columns for the molecular
QTLs of ATAC-seq (notx and IL-1b), ERG binding, and NF-kB/p65 binding. Difference in medians was
calculated by subtracting median distributions of i) sequencing counts on alleles where the indicated
motif was in-tact versus, ii) counts from the allele that mutated the motif. P-values are from unpaired, 2-
tailed t-test.

Table S4. 18 variants are associated with CAD, EC gene expression, and EC epigenetics. Each
row represents a SNP for which there may be multiple gene expression traits associated.
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Region gene(s) | CAD GWAS SNPs that share an | Posterior probability that EC eQTL (array
with eQTL and molQTL with Ecs notx) and CAD GWAS locus share the
association same causal variant
PPAPZB rs17114036 0.998
FES rs1894400, rs35346340, 0.997
rs7497304
AXL rs61459202 0.985
MLH3 rs175071, rs175065, rs4203284 0.945
NEKS9 rs175071, rs175065, rs4903284 0.991
EIFZB2 rs175071, rs175065, rs4903284 0.835
BCKDHA rs2241709, rs11670757, 0.823
rs2241708
PECAM1 rs1122800, rs110795386, rs2812, | 0.974
rs2070784, rs2070783, rs9892152
LDLR negative control: Doesn't have an | 0.072
eQTL in ECs. Does have CAD
GWAS hits (rs6511720 and
rs2738447).

Table S85. Posterior Probability from R package coloc, that the gene locus and CAD GWAS share
underlying causal SNP(s)
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Table S6. GWAS traits with enrichments in EC QTLs. Enrichment between co-mapped EC
e/molQTLs and sets of GWAS SNPs. P-values were derived by Fisher's Exact Test.

Table S7. Top genes whose expression in ECs maps to an eQTL and molQTL, and is associated
to multiple GWAS traits.
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SUPPLEMENTAL METHODS

Cell Culture and Collection: Human aortic endothelial cells (HAECs) were isolated from de-identified
deceased heart donor aortic timmings at the University of California Los Angeles Hospital. The cells
were isolated according to institutional guidelines as described previously'. These cells were cultured at
passage 6 or less. The cells were cultured in M-189 (ThermoFisher Scientific, Waltham, MA, MT-10-
080-CV) supplemented with 1.2% sodium pyruvate (ThermoFisher Scientific, Catalog# 11360070), 1%
100X Pen Strep Glutamine (ThermoFisher Scientific Cat# 10378016), 20% fetal bovine serum (FBS,
GE Healthcare, Hyclone, Pittsburgh, PA), 1.6% Endothelial Cell Growth Serum {Corning, Corning, NY,
Product #3560086), 1.6% heparin, and 10 pL/50 mL Amphotericin B {ThermoFisher Scientific
#15290018). Donor cells from up to 53 individuals were expanded at 5% CO2, at 37degC.
Approximately 5 million cells were used per ChlP-seq assays, 500 thousand cells for RNA isolation,
and 50 thousand cells for ATAC-seq. Cells were treated prior to harvest for 4 hours in media containing
1% FBS and either no additional protein, or with 10 ng/mL human recombinant IL-1B protein (R&D
Systems Cat# 201-LB-005/CF).

RNA-seq, ChiP-seq, and ATAC-seq: Total RNA was extracted using the Zymo Quick-RNA MicroPrep
(Zymo Research Cat¥# R1051) 1 ug of total RNA was submitted to polyA selection ahead of library
construction using previously described methods. Cells used for ERG and H3K27ac ChiIP-seq were
cross-linked with 1% formaldehyde for 10 min at room temperature and then quenched with 2.65M
Glycine (Fisher BioReagents Cat# BP381). ChiP-seq samples for p65/NF-kb were additionally fixed
with Disuccinimidyl glutarate (DSG ; ProteoChem Cat# ¢1104) for 30 min. Chromatin was sheered
using the Bioruptor Pico (Diagenode) with 8- 30s on/60s off cycles. IPs were performed using
antibodies conjugated to Protein A/G Dynabeads (Invitrogen Cat# 10002D; Invitrogen Cat# 10004D)
with the following antibodies: EPR3863 (abcam #ab110639) for ERG, NFKB p65 (c-20)x (Santa Cruz
Antibodies sc-372x, Lot #E0916) for p65, and Histone H3K27ac (Active Motif #39135) for H3KZ27ac. All
other details of ChIP were described previously®. ATAC-seq was performed according to the originally
published protocol® with the exception of size selection from 175-225 bp prior to sequencing to enrich
for regulatory elements. Sequence libraries were prepared as previously described? and sent to The
University of Chicago's Genetics core for sequencing on an lllumina HiSeq 4000 for single-end 50bp
reads. Sequencing depth is summarized in Table S1.

Microarray data was provided from previous publications® ® utilizing HAECs a subset of which
was used for the previously mentioned RNA-seq, ATAC-seq, and ChlP-seq. Microarrays were used to
examine gene expression in 157 and 156 donors in untreated and Oxidized 1-palmitoyl-2-arachidonoyl-
sn-glycero-3-phosphocholine (oxPAPC) treated conditions respectively. Data is in GEO Accessions
GSE30169 and GSE138377.
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Mapping and Processing: The sequencing data mapped utilizing the mapping bias correction and
duplicate read removal from software package WASP®, and mapping software Bowtie2” with default
mapping parameters. This process involved mapping the sequencing data to the reference genome
first, then remapping the sequencing data to a version of the genome with the alternate alleles at sites
of common genetic variation. If the read did not align to both versions of the genome, the read was
removed from further analysis. The correction resulted in a mapped bam file for use in allele specific
analysis. The resulting sequencing data have an average of 11,390,742 unique reads per sample.
(Table S1). HOMERS preferred file type (tag directories) were made using the command
makeTagDirectory from software suite HOMER?®. These tag directories were used in expression and
peak file creation (see RNA-seq QTL analysis and ChiP-seq and ATAC-seq QTL analysis).

Genotyping: Genomic DNA was isolated from HAECs with the DNeasy extraction kit including optional
DNase treatment (QIAGEN) and quantified with NanoDrop 2000 (Thermo Fisher Scientific, Waltham,
MA). All samples were randomly arrayed into three 96-well microtiter plates at 50 ng/ul. Per Affymetrix
Genome wide Human SNP Array 6.0 assay protocol, 2 x 250 ng of gDNA were digested by restriction
enzymes Nspl and Styl separately and products were ligated to respective adaptors (Affymetrix Human
SNP 6.0 assay). PCR was used for amplifying ligation products and checked for size and quality by
QlAxcel (QIAGEN). Labeled PCR products were hybridized to the Human SNP 6.0 array. Array
hybridization, washing and scanning were performed according to the Affymetrix recommendations.
Scanned images were subjected to visual inspection and a chip quality report was generated by the
Affymetrix GeneChip Operating System (command console) and the Genotyping console (Affymetrix).
The image data was processed as described previously® with the Affymetrix Genotyping Console or
Birdsuite algorithm24 for determining the specific hybridizing signal for each SNP call and copy-number
detection.

Imputation: HAEC genotypes were used in conjunction with reference genomic sequence from 1000
Genomes Project Data to impute missing genotypes. Genotype and haplotype data were downloaded
from 1000 Genomes Phase 3 data (1000G)°
(ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/; accessed 04/2017). Tri-allelic and very
rare variants were removed from the reference panel using plink1.9 *--biallelic-only strict and --maf
0.0000000001" options'®. SHAPEIT ' was used to align reference alleles between HAEC and 1000G
files and to pre-phase HAEC alleles prior to imputation. We included all populations in the 1000G
reference panel and used the 'k_hap 600 -Ne 20000' options for imputation using IMPUTE2'% " as to
improve representation of shared haplotypes across recently admixed populations. Genotypes were
called for imputed SNPs with allelic R2 values greater than 0.9.
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SNPs used in association analysis were included if they met the following criteria: Autosomal SNPs;
Minor allele frequency (MAF) greater than 5%; and no missing genotypes across donors. SNP filtering
was performed with veftools' and PLINK'. Sex was determined from heterozygous genotype calls on
the X chromosome using PLINK.

Quality Control of Sequencing Samples: Samples were removed from further analysis if: the sample
contained less than 3 million unique reads, the sample had an average of 6 or more duplicate tags per
site, the sample was an extreme outlier in PCA, or if the sample could not replicate the genotype
identity on file for that individual. Genotype identity was assigned by calling genotypes from sequencing
reads using samtools'® function “mpileup” followed by the beftools function “call” and comparing the
results to the SNP Chip data for each individual.

VCF file Preparation: To reduce multiple testing as well as avoid false positives, VCF files were
restricted to only include genetic variants with a minor allele frequency of at least 0.05 using vcftools
(option —maf 0.05)". This was performed for each set individually to account for the differences in
donor presence due to the quality control measures from above. Therefore, each data set was
analyzed using SNPs with sufficient variance within the individuals contained in the data set.

Covariate Discovery: Since the HAECs were de-identified, biological sex and ethnicity were
determined from the genotyping data. Ethnicity was determined by comparing genotype data to 1000
Genomes data by PCA analysis. Biological sex was determined by heterozygosity on the X
chromosome using PLINK'.

RNA-seq eQTL analysis: Expression QTL analysis was done using linear regression via the R
package MatrixeQTL'" (options “pvOutputThreshold.cis = 17, “cisDist = 1e6”, “verbose = TRUE”,
“min.pv.by.genesnp = FALSE", “noFDRsaveMemory = FALSE") . To obtain the rpkm normalized
expression matrix used in testing, the command analyzeRepeats from software package HOMER®? was
used (options “-rpkm”, “-tbp 1", “-count exons”, “-condenseGenes”, and “-strand +"). MatrixeQTL was
run using the rpkm normalized expression matrix, a VCF file using the number code for genotypes
(Homozygous reference = 0, Heterozygous = 1, Homozygous alternate = 2), and a covariate file
containing biological sex, unigue total tag counts, the top four PCs from a PCA performed on the
genotypes to account for ancestry, and fifteen factors discovered by PEER'’. The number of hidden
factors discovered by PEER was determined by the version 7 GTEx protocols (15 factors for sample
sizes <150). To be consistent with GTEx, SNPs were tested against a gene’s expression if they were
within 1Mb of the start or end of the gene.
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Microarray gene expression: Cyloplasmic RNA was extracted with the RNeasy kit including optional
DNase treatment (QIAGEN). RNA concentrations were measured with the ManoDrop 2000 (Thermo
Fisher Scientific) and quality checked with the Agilent 2100 Bioanalyzer (Agilent) so that RNA Integrity
numbers were greater than 8.5. RNA was prepared for hybridization to Affymetrix HT-HU133A
microarrays using the standard protocol from the manufacturer. Intensity values were normalized using
the robust multi-array average (RMA)'® '® normalization method in R 2.5.0 with the justRMA() function
of the affy package of Bioconductor®™. We utilized an alternative CDF file that excluded misaligned
probes that were artifacts of the previous transcriptome build that was used for creating the publicly
available Affymetrix CDF file. To create an updated CDF, we used the custom CDF created by Zhang J
et. al.?' that was created for the Affymetrix U133A array. Because of the differences in the underlying
physical location of probes between the U133A and HT-U133A arrays, we created a probe-to-probe
map between arrays and updated the alternate CDF file to the HT-U133A format.

Microarray QTL analysis: Normalized microarray values were obtained as described above®, and run
through PEER% using the following known covariates: culture and treatment batch, sex, and the first
four principal components from principal component analysis on genotypes. Expression QTL analysis
was performed using the R package MatrixeQTL (options pvOutputThreshold.cis = 1, cisDist = 1e8,
verbose = TRUE, min.pv.by.genesnp = FALSE, noFDRsaveMemory = FALSE). MatrixeQTL was run
using the normalized expression matrix, a VCF file using the number code for genotypes (Homozygous
reference = 0, Heterozygous = 1, Homozygous alternate = 2), and a covariate file containing biological
sex, unique total tag counts, the top four PCs from a PCA performed on the genotypes to account for
ancestry, and thirty factors discovered by PEER. The number of hidden factors discovered by FEER
was determined by the version 7 GTEx protocols (30 factors for sample sizes =150). SNPs were tested
against a gene's expression if they were within 1Mb of the start or end of the gene.

To determine the similarity between the eQTL results from the RNA-seq data sets and the
Microarray datasets, each eQTL dataset was compared to all other datasets individually. The effect
sizes of significant SNPs in one set were graphically compared to the effect sizes of the same SNPs in
the second data set regardless of significance in this second set. The R package “hexbin” was used to
plot this comparison.

Multiple correction for eQTL Analysis: Results were then restricted to a gene-level Benjamini-
Hochberg (correction for all tests done for a single transcript) adjusted p-value of less than 0.05. For the
majority of analyses performed in this paper, we used the gene-level correction. However, for
comparison to GTEx, additional correction was done. The lowest adjusted pvalue at each gene was
selected to ‘represent’ the gene in a second Benjamini-Hochberg correction. The resulting adjusted
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pvalue was restricted to 0.05, and the genes remaining were considered the eGenes for this analysis.
SNP-Gene associations were only kept if they 1) were associations with an eGene by the secondary
carrection, and 2) if their gene-level adjusted pvalue was less than or equal to the most significant
gene-level pvalue of the least significant eGene.

Lead SNP determination: To report the number of lead SNPs present in each eQTL dataset, a
combination of custom code in R, vcftools, and PLINK was used to LD prune the results. The following
was done on each eQTL dataset separately. Custom R code was used to create SNP lists containing
all SNPs associated with a single gene. The program vcftools ™ was used to filter the vcf file to the
SNPs in the SNP list for each gene (option --snps). The program PLINK was then used to LD prune on
an R2 of 0.8 for each gene's associations (option “--indep-pairwise 2000000 1 0.67), keeping the SNP
with the highest significance in each LD block.

ChlP-seq and ATAC-seq QTL analysis: Molecular QTL analysis was done using an allele specific
method via software package RASQUAL®. To obtain allele specific data, the function createASVCF.sh
from RASQUAL was used. This process utilized the mapping blas corrected bam files for each data set
and counted the number of tags which contained each allele at a given genetic variant on an individual
basis. This information was added into the VCF file for each set to be used by RASQUAL for allele
specific QTL testing. Non-allele specific tag counts for each region in the genome were obtained and
RPKM normalized using commands findpeaks and annotatePeaks from software package HOMER*! to
create an individual by peak matrix. The options used for findpeaks for the transcription factors was “-
style factor” and "-o0 auto”. The options used in findpeaks for H3K27ac were “-style histone™ and “-o
auto”. The options used in findpeaks for ATAC-seq were “-style histone”, “-L 8", “-F 8", “-size 75", *-
minDist 75", minTagThreshold 6", and “-0 auto”. All annotatePeaks commands were run with the option
“-rpkm". The QTL analysis portion of RASQUAL® was run using the allele-specific VCF files, RPKM
normalized tag matrix, and the covariates: sex, unique total tag counts, and the four top principal
components from a PCA run on the genotypes to adjust for ancestry. SNPs were tested against a
peak's intensity if they were found within the boundaries of the peak. The results were filtered using a
per site false discovery rate of 0.05.

Enrichment Analysis: To determine enrichment of a QTL dataset within either a GWAS or eQTL
dataset, we took the unique significant SNPs of a test QTL dataset (FOR <0.05) and pulled the
corresponding p-values (GWAS data) or FDRs (QTL analyses) from the target dataset. These values
were binned by cumulative cut off points (1e-8, 1e-7, 1e-6, 1e-5, 1e-4, 1e-3, 1e-2, 0.1, 1). The number
of test dataset SNPs in each cumulative bin were then compared to the number of SNPs that would be
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found in that bin by random chance. This was determined by randomly taking a subsample of the same
size as the significant test dataset from the full list of SNPs tested in the QTL analysis of the test
dataset. To get the ‘enrichment score’ used in the paper, the number of SNPs found experimentally
was divided by the average number of SNPs found by random sampling.

Comparison to GWAS Catalog Data: To find diseases and traits that are enriched for EC QTLs, the
summary statistics for all lead SNPs of all the diseases and traits available on the GWAS catalog® (as
of August 2019). Four datasets were created from this study for comparison to the GWAS Catalog data:
Untreated RNA-seq eQTLs with any molQTL, IL1B treated RNA-seq eQTLs with any molQTL,
Untreated Microarray eQTLs with any molQTL, and oxPL treated Microarray eQTLs with any molQTL.
Enrichment in a trait was tested via a Fishers Exact test performed in R. This was done by creating a
two by two contingency table (in R: matrix(c(x,y,z,a),2,2)) where x is the number of overlaps between
the eQTL dataset and the GWAS trait of interest, y is the number of overlaps between the SNPs tested
in the eQTL dataset (that were not significant eQTLs) and the GWAS trait of interest, z is the number of
eQTL SNPs that do not overlap with the GWAS trait of interest, and a is the number of SNPs tested in
the eQTL dataset (that were not significant eQTLs) that do not overlap with the GWAS trait of interest.
This two by two matrix was input into the function fisher.test() in R. Enrichment was concluded if there
was significant overlap (pval<0.05) by this test.

Enrichment of specific genes in multiple traits was tested by assessing the frequency at which a
gene’s expression was seen associated across multiple diseases/traits by a HAEC eQTL.

Candidate SNP-gene pair selection: The SNP-gene pairs that eventually became our candidate
SNPs for functionality with CAD were selected via the fine-mapping with molQTLs. The eQTLs that also
were significant molQTLs were compared against the genome-wide significant CAD associated SNPs™
resulting in the 18 SNPs seen in Table S4.

Annotation and SNP localization Analysis: To determine the annotated localization of eQTLs in the
genome in comparison to all tested SNPs, we used HOMER command “annotatePeaks.pl” to assign an
annotation to location of the SNP of “intergenic”, "coding”, "non-coding”, “intronic”, “exonic”,
“Transcription Start Site” (TSS), or “Transcription Termination Site" (TTS). The proportions of each of
the annotations found in each of the eQTL datasets and the total tested SNPs were compared via
circular bar graph in Microsoft Excel.

To determine the location of eQTLs with respect to TSSs, we used HOMER command
“annotatePeaks.pl” using options “-hist 1000" and “-size 1000000, The data sets were only compared
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to gene TSSs of genes that had at least one associated significant eQTL within that dataset. The total
tested SNPs were compared to all genes.

Motif Mutation Analysis: Motif mutations were detected when the local sequence altered by alleles of
a SNF such that one allele dropped the match to the motifs position weight matrix (PWM) below the
motif detection threshold that is defined in the HOMER motif database®. The analysis pipeline has been
described previously®.

GTEx analysis: To compare GTEx eQTLs to the EC eQTLs, EC RefSeq |Ds were converted to
Ensembl IDs using Biomart. Mext, variant IDs tested in both GTEx and EC eQTL studies were
overlapped on chromosome, position, and nucleotide. Any variants tested in only one study were
discarded, and then EC variant IDs were converted to match those in GTEx. Finally, intersection of
datasets was performed using unique eQTL/eGene pairs as identifiers.

The distribution comparisons were compared using a shared area under curve metric. To
calculate this, we performed kernel density estimation in R using the density function for both of the
datasets to be compared. Following this, the area between curves for the two density estimates was
calculated. The distance metric is equal to 2 - area between curves.

Graphical Packages: R was used for the visualization of results using packages: “graphics”,
“ggbeeswarm”, “beeswarm”, “hexbin”, and “UpSetR". Additional images were used from UCSC
Genome Browser”” and the 3D Genome Browser™.

Dual Luciferase Reporter Assay: For the dual luciferase reporter assay, 198 bp fragments of the
enhancer regions, ordered from Agilent Technologles, were cloned into Clal and Sall sites of Addgene
plasmid #99297%°. The integrity of plasmids was verified by Sanger sequencing. The control vector or
the luciferase constructs were co-transfected with the pGL4.75 vector (Promega) that encodes the
luciferase gene hRluc (Renilla reniformis) in TeloHAEC cells using Lipofectamine Stem Transfection
Reagent (ThermoFisher Scientific) according to manufacturer instructions. A total of 500 ng of DNA per
well in 24 well plates was transfected, keeping a 10:1 molar ratio between the constructs or the vector
with respect the pGL4.75 plasmid. The molar ratio between the target constructs and the control was
1:1. Luciferase activity was measured 48 h post transfection with a Dual-luciferase Reporter Assay
(Promega) in a CLARIOstar (BMG Labtech) plate reader coupled with a dual injector system. The firefly
luciferase signal was normalized to Renilla signal and the data is presented proportional to the control
vector. Three independent experiments with four technical replicates were performed. Intra-haplotype
or haplotype-control statistical analyses were performed with two-tailed f-test.
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CRISPR Interference (CRISPRI):

CRISPRI experiments were conducted in HAECs to determine the enhancer activity of cis-regulatory
elements of interest. A fusion protein of catalytically dead Cas® (dCas9) fused to KRAB repressor
protein (addGene cat#46911) was expressed in HAEC using transfection of in vitro transcripts. In a 24-
well plate, 25 ng of dCas9-KRAB in vitro transcripts and 3 pmol of sgRNA were diluted in 25 pl of opti-
MEM. Next, 0.75 pl of Lipofectamine Messenger MAX (Invitrogen) was diluted into 25 pl of opti-MEM.
Each dilution pool was combined, incubated for 10 minutes at RT, and added to cells. After 8 hours at
37degC, cells were lysed for RNA collection, cDNA synthesis, and analysis via gPCR. Non-targeting
control guide RNA was purchased from IDT. Guide RMA sequence targeted to a previously-identified
endothelial enhancer in PLPP3 rs17114036 locus was used as a positive control (5-
GTTGATATCACTAAGTTTTCAGG- 3, 5' -CAAGAGCTGAAGTCAGGCAGTGG- 3'). Guide RNA
sequences for targeted loci of interest are listed here: (PPAP2B-rs17114036-sgRNA-1: 5'-
GTTGATATCACTAAGTTTTCAGG-3%

PPAP2B-rs17114036-sgRNA-2: 5'-CAAGAGCTGAAGTCAGGCAGTGG-3;
FGD6&_intronic_enhancer_sg1: TATTCTGAGCCCCTTTACCA;

FGD6_intronic_enhancer_sg2: TGGAATCTGCAGTCCTATAA;

VEGFC_upstream_enhancer_sg1: TGCGAGATGCACACATTCCC;
VEGFC_upstream_enhancer_sg2: ACCCTAAACACCCATAATGA:

KIF26B_upstream_enhancer_sgl: GGAGTGATAACTCCTATTGT;

KIF26B_upstream_enhancer_sg2: TTCTTATAACGGGAAAGTGT). gPCR primers: (FGD6_F2 5'-
CTGTTCGAGAGATTGGGCAGT-3,

FGD6_R2 5-TCATTGCTCTGATTGCCTTCAT-3',

VEGFC_F2 5-GAGGAGCAGTTACGGTCTGTG-3',

VEGFC_R2 5-TCCTTTCCTTAGCTGACACTTGT-3,

KIF26B_F2 5-TTCTCGGCTGTGATTCACGAC-3',

KIF26B_R2 5-AGGTGAGTGGCGCAAATGT-3', PPAP2B_F2 5-AAGTCCAGGAAGCCAGGAAGT-3',
PPAP2B_R2 5-GACAGTCCCGTGTAGAAGGC-3').
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Functional noncoding SNPs in human endothelial
cells fine-map vascular trait associations
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Functional consequences of genetc variation in the noncoding human genome are difficult to ascertain despite demonstrat-
ed associations to common, complex disease traits. To elucidate properties of functional noncoding SMPs with effects in
human endothelial cells (ECs), we utilirzed our previous molecular quantitative trait locus (molQ TL) analysis for ranscrip-
tion factor binding, chromatin accesibility, and H3K27 acetylation to nominate a set of likely functional noncoding SMFs.
Together with information from genome-wide association studies (GWA Ss) for vascular disease traits, we tested the ability
of 34,344 variants to perturb enhancer function in EG using the highly multiplexed STARR-seq assay. Of these, 5711 var-
iants validated, whose enriched attributes induded: (I) mutations to TF binding motifs for ETS or AP that are regulators of
the EC state; (2) lomton in accessible and HIK27ac-marked BC chromating and (3) molQTL assodations whereby alleles
associate with differences in chromatin accessibility and TF binding across genetically diverse ECs. Next, using pro-inflam-
matory ILIB asan activator of cell state, we observed robust evidence (=50%) of context-specific SMP effecs, underscoring
the prevalence of noncoding gene-by-environment (GxE) effects. Lastly, using these cumulative data, we fine-mapped vas-
cular disease loci and highlighted evidence suggesting mechanisms by which noncoding SMPs at two loci affect risk for pulse
pressuref large artery stroke and abdominal aortic aneurysm through respective effects on transcriptional regulation of
POU4FI and LDAH. Together, we highlight the attributes and context dependence of functional noncoding SNPs and provide

new mechanisms underlying vasailar disease risk.

[Supplemental material & available for this artide.]

Genome-wide association studies (GWASsS) have revealed thou-
sands of associations between genetic variants and clinical pheno-
types. A large majority of disease-associated lod, and thus
functional variants that underpin trait differences, are not pro-
tein-coding (Hindorff et al. 2009). This sugpests that noncoding
disease-associated variants alter transcription through mecha-
nisms such as recruitment of transcriptional activators and/or re-
pressons at regulatory elements, or by changing chromatin
conformation. Because regulatory elements, especially enhanoers,
are frequently cell type-specific (Roadmap Epigenomics Con-
sortiurm etal. 2015) orrestricted by cell stabein theiractiviti es(Kaik-
konen et al. 2013; Ostuni et al. 2013), identification of disease-
predisposing cells and tissues within the body mmains a barrier
toward functional understanding of dsk loci.

Despite significant advancements in the catalogs linking hu-
man sequence variants to clinical phenotypes and molecular
‘omic profiles, a major bottleneck in functional genomics re-
mains—namely, pinpointing functional regulatory variants and
their mechanisms of action in relevant biological systems at scale.
The identification of functional variants relative to proxy variants
in high linkage disequilibrium (LD) presents an additional chal-
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lenge. Recent studies have begun to map molecular quantitativwe
trait loci (molQTLs) for gene regulatory traits, such as histone mod-
ification, transcrption factor (TF) binding, and chromatin acoessi-
bility (Hogan et al. 2017; Alasoo et al. 2018). These studies have
identified allelic diffemnoes that associate with quantitative epige-
netic differnoes in cis. However, causative roles for regul atory var-
iamts require experimental validation by separation from linked
variants, To this end, massively parallel reporter assays (MPRAS)
represenit a high-throughpot solution for experimental vali dation,
compared to luciferase or EMSA assays, because several thousand
sequences can be tested for regulatory function simultaneously
(Arnold et al. 2013; Khemdpour et al. 2013; Zhang et al. 2018).
Various MPRA techniques have been devel oped and impleme mted
to identify genomic sequences and compare allelespecific effects
on enhancer activity (Vockley et al. 2015; Tewhey et al. 2016;
Ulimch et al. 2006; Liu et al. 2017; Zhang et al. 2018; van
Arensbergen et al, 2019).

In a mecent study, we mapped expression quantiative trait loci
(#0TLs) and molQTLs for molecular tmits in a set of gemnetically
diverse human aortic endothelial cells (HAECs) under basal and
pr-inflammato iy conditions, mimicked by stimulation with cyto-
kine interleukin 1 beta (IL1B) (Stolae etal. 2020). This thoroughly
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date (see hittps://gencme.cship. ong /s tefmisc fterms. xhimil). After six moniths,
it ks avallable under a Creative Commons License (At tributio n-MonCo mmeerc ial
4.0 International), as described at hitp://creativecommeon s.ong/licenses /by-nc/
4.0/,
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phenotyped genetic panel of human cells provides a unique op-
portunity to pinpoint functional regulatory vadants as well as to
experimentally define genomic features that best correspond to
validation in MPRAs. To this end, we now extend the analysis of
this resource by genemting a matching MPRA data set using self-
tmmscibing active regulatory region sequencing (STARR-seq).
This al loweed us to investigate the correlation between allele-specif-
ic activity in STARR-seq and molQTLs, identify attritutes that best
associate with variant effects, and fine-map noncoding variants at
GWAS loci.

Results

STARR-seq validates ETS and AP facor motifs enriched
in HAEC enhancer elements

In STARR-seq, enhancer function was tested by placement of the
198-base pair oligo downstreamn from a core promoter (origin of
replication, ORI, followed by a poly-adenylation (poly[A]) track,
such that oligos that enhance transcription from the promoter
can be identified by sequencing of the resulting noncoding
RMNAs (Fig. 1A). A total of 34,344 bi-allelic variants wemr selected
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Figure 1. Construction and characterization of the STARR-seq library. (A) Schematicof the STARR-seq library design. Acandidateset of 198-bpoligoswas
selected based on their overlap with binding (b3 TLs, histane mark (hmQTLs, chromatin accessibility (ca)OTLs, and cs-e(TLs. Reference and alternative
wvariants were cloned into a plasmid vector under origin of replication maoter. The library was transfected into cultured teloHAECs, and
deep sequencing was conducted. The enrichment of reporter RNA expression over the input DNA directly and quantitatively reflects enhancer ac-
tivity. (B) Chromatin state distribution of the STARR-seq library regions across the core set of ENCODE samples, STAR library regicons were intersected
with previously published genome-wide chromatin partitioning into 18 chromatin states by ChromHMBM. (C) STARR-seq library regions that overlap an
enhancer, relative to the total number of enhancers called in the sample. Enhancer coordinates and sample grouping were obtained from EpiMap. (D)
Sharing of 5TARR-seq library enhancers and promoters across a diverse set of epigenomes. 5TARR-seq library regions were intersected with the
ChromHMM chromatin states (18-state model) for every sample in EpiMap, an epigenetic compendium spanning the human body. For each STARR-
seq region, the number of samples with a promoter or enhancer was counted. The different enhancer states (active, bivalent, genic, and weak)
were combined, as were the promoter states (active TS5 bivalent T55, flanking T55, flanking T55 upstream, and flanking T55 downstream),
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o test for allele-specific enhancer activity in our STARR-seq library.
Alleles were either present as the sole variant mucleotide, when no
other variants in the 198-bp window were present (309 of oligos),
or in existing European haplotypes when additional polymorphic
variants (5% minor allele frequency [MAF]) wer located within
the window (63% of oligos; up to the top five most frequent hap-
lotypes represented, based on 1000 Genomes EUR reference popu-
lation) Supplemental Fig. 51C). SNP selection was based on one of
twio approaches. First, we utilized our recent QTL analyses (Stolee
et al. 2020) to prioritize variants (58% SNPs in the library) using
combinations of the following attributes: (1) significance as a
SNF underlying molQTLs (chromatin accessibility [caQTL], his-
tone H3 lysine 27 acetylation (H3K27ac; hmQTL), and DMA bind-
ing of the TFs ERG and RELA (a component of NF-KB; bQTL) and/
or eQTLs (RN A-seq and microarray) in HAECs; (2) allele-spedfic
mutation to TF binding motifs; and (3) GWAS for coronary artery
disease (CAD) (Supplemental Fig 518 Methods). Second, GWAS
variants associated with CAD, myocardial infarction, and type 2
diabetes and overlapping acoessible chromatin elements in several
disease-relevant cell types wen selected (41% SNPs in the library)
(Methods). Additionally, 265 control nigions wem also included,
resulting in 59,976 unique oligos (Supplemental Fig. $1A)

To further categorize the regions included in the STARR-
see) library, we annotated the library utilizing the 18-state chroma-
tin annotation model genemted using ChomHMM for the
Encydopedia of DNA Elements (ENCODE) core sample set (Boix
et al. 2021) Approximately 67% of the STARR-seq library regions
are categorized into one of the active chromatin states in human
umbilical vein ECs (HUVECs), with ~36% as enhancers, 7% as
transcription start sites (TSSs)/promoters, and 24% as other tran-
scribed megions (Fig. 18). Using enhancer and promoter regions de-
fined by the EpiMap compendium (Boix et al. 2021), where
chromatin states wene surveyed across 833 samples spanning the
human body, 82% of STARR-seq library regions overlap an en-
hancer in at least one cell or tissue type, 8% overlap a promaoter,
and 5% ovedap regions that are variably anmotated as promoter
or enhancer de pending on the sample (Fig. 1C.D). Enhancer anno-
tations of the STARR-seq regions are less frequently shared be-
tween multiple cell types than annotations of promoters (Fig.
1D, The fraction of STARR-seq oligos overlapping active enhanc-
ers differs across different cell types and tissues, with the highest
representation seen for endothelial enhancers (Fig. 1C), whereas
promoter representation by tissue or cell type is much less variable
(Supplemental Fig. 52). These data are consistent with the promot-
er chromatin stabe being less variant acmoss cell types and tissues
than enhancers and demonstrates that our STARR-seq library was
enriched for endothelial cell regulatory elements melative to other
cell types.

The STARR-seq library was tmnsfected into teloHAECs
(HAECs immortalized with hTERT) and enhanoer activity was
quantified as the ratio of tmnscripts from each oligo relative to
the amount of DMNA plasmid for that oligo (i.e., RNA/DNA ratio).
As shown in Figume 24 and Supplemental Figume 53, reporter activ-
ity for individual oligo sequences was highly concordant across
triplicate biological replicates. Oligos from genomic loc exhibiting
active enhancer elements in HUVEBCs (from Fig. 18) had greater en-
hancer activity by STARR-seq compared to both oligos derived
from negative contml regions (e, lacking any ENCODE [The
ENCODE Project Consortium 2012 active chromatin marks) and
scrambled sequences (Fig. 2B). This demonstrates that regions
with enhancer activity in the STARR-seq assay weme indicative of

EC gene regulation.

To evaluate the cell type-specificity of STARR-seq signal
strength, we intersected STARR-seq regions with the enhancer re-

gions of more than 350 ENCODE samples individually and tabu-
lated how many ranked within the top 109 of active STARR-seq
regions as measured in teloHAECs, The results meveal that enhanc-
ers demarked in EC samples are more likely than other cell types to
genemte high STARR-seq activity in teloHAEC (P=2.24 x 107 for
ECs vs. others by ‘Wilcoxon rank-sum test) (Fig. 2C). Further, de
novo motif anal ysis of the upper 10th percentile of STARR-seq re-
gions by enhancer reporter activity uncovered enrichment for the
AP-1{FRA1L), ERG (ETS), and 50X family TF motifs when compared
to all other regions in the STARR-seq library (Fig. 2D). This is con-
sistent with our previous reports that these motifs are entiched in
HAEC enhances in the native chromatin context (Kaikkonen
et al. 2014; Hogan et al. 2017). More specifically, the ETS motif
was frequently bound by ERG in HAECs, which is an essential TF
that regulates vascular development in mice (Lathen et al. 2014;
Birdsey et al. 2015). Similarly, the AP-1 motif was also found as en-
riched at HAEC enhancers and bound by JUN (Hogan etal. 2017).
These data provide evidence of concordance between enhancer ac-
tivity measumed by STARR-seq in teloHAECS, by ChiP-seq in the ge-
nomic context of HAECs, and by ECs from ather tissues. Based on
the analyses of enhancer activity, we expect that the STARR-seq
system is a reliable means to quantify allel especific effects of com-
mon genetic vadation on the EC regulome.

Among sequence atiributes, TF motif mutations are most
enriched for allele-specific regulatory activity

To assess differential enhancer activity between alleles in the
STARR-seq library, we employed the mpralm method (Myint
etal. 20019) from the mpra R package that uses linear models to an-
alyze MPRAdata (Law et al. 2004). Of the 34,344 variants tested for
allelespecific activity, 3829 variants (11.14% of variants quanti-
fied) were significant at 5% FDR in untreated teloHAECs (Fig.
3A). For simplicity, these variants are referned to as STARR-seq “val-
idated ™ variants.

To test whether sequence-based genomic features differenti-
ated validated from unvalidated variants, we evaluated the follow-
ing metrics or test vadables: (1) GC content in the STARR-seq
oligos; (2) genomic distance of variants to the nearest TSS; (3) av-
ETAEE S60 LENOE COnservation aoss vertebrates in oligo sequences;
and (4) SNPs that mutate TF binding motifs. Enrichment scores
(ESs) were calculated in each analysis by dividing the observed
number of the test variable fe.g., GC content between 08 and 1)
in the validated STARR-seq SNF set by the number that we would
expedt by the number of the test variable included in the STARR-
seq libmry. Enrichments were verified using statistical testing by
a hypergeometric test (Methods). Of the genomic featumes tested,
we observed that oligos with GC content between 0.368 and
0.478 tended to harbor SMNPs with allele-specific enhancer activity;
sirmilarly, regions with greater conservati om Soomes wre more Like by
to validate, and variants that were farther from T58s wenre also more
likely to validate than the other groups (Supplemental Fg. 54A)
Motably, regions with 6006—70% GC content werne underrepresent-
ed in the library with a concurrent increase in data varability,
whereas GC=80% was rardy detected, suggesting that high GC
content limits the detection accuracy (Supplermental Fig. 548,C).
Still, only 2% of the input library had GC> 0%, which is why
we expect this to minimally affect downstream amalysis.
Additionally, TF motif-mutating SNPs were significantly associat-
ed, as a set, with allelespecific regulatory activity (Fig. 3G); we
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Figure 2. Enhancer activity profile of the 5TARR-seq reporter regions in teloHAEC cells. {A) STARR-seq replicate correlations for the measured reporter

activity of library

inserts normalized to DMA amounts in the input plasmid pool (the RMA/DMA ratio). (8) Cumulative distribution of enhancer activity

{RMNA/DMA ratio) foroligos overlapping active enhancers in HUWECs, comparedto 100 scrambled regions, 100 negative region aligos (that did not overlap
any active chromatin marks in the ENCODE study). The activity distributions of the all 5TARR-seq regions and the top 10% most active regions are akso
shown. When selecting the top 10%mast active STARR-seqregions, only the allelewith the highest activity was consideredfor eachregion. {C) For different
epigenomes, the fraction of enhancer-overlapping 5TARR-seq regions that are among the top 10% most active STARR-seq regions, as measured in

teloHAECs. The active enhancers of each ENCODE sample were intersected with 5TARR-seq|l

regionsto obtain the epigenome-specific set of enhancer

overlapping oligos, which was then intersected with overall strongest reporter signals from teloHAEC 5TARR-seq. The top 10%: regions were selected as in
panel B. (D) Denovo motif analysis of the STARR-seq regions showing enhancer activity within the upper 10th percentilein teloHAECs. The top 1 0% regions
were selected as in panel B, and motif enrichment was calculated against all other regions in the library.

reasoned this relationship was driven by a particular set of motifs
corresponding to BC-lineage determining TFs. Among the TF mo-
tifs with strongest associations were members of the AP-1 family
(AF-1, BATF, ATF3/7), as well as members of the ETS family
(EWS, ETV2, ERG, ETS1) (Fig. 3B). Mutations to both AP-1/ATF3
and ETS/ERG motifs wene enriched in validated SMNPs over expecta-
tions (ES scomes ). Inaddition to qualitative enrichment, we also ob-
served that SNPs whose alleles produced a greater deviation from
an established position weight matrix (FWh) achieved mome sig-
nificant STARR-seq allelic Pvalues (Fig. 3C.D). These dataame con-
sistent with AP-1 and ETS interactions at these loci being
important for HAEC regulatory function.

It is reported that support vector machine (5V M) models ap-
plied to in vitro TF-DMNA binding measurements from SNP evalua-
tion by systematic evolution of ligands by exponential enrichment
(SMNP-SELEX) experiments more accurately explain effects of allelic
mutations o TF motifs than position weight matrices for some TFs
(Yan et al. 2021). Therefore, we tested if SVM models were better
indicators of allelic validation in our STARR-seq data set than
PWM mutation results. All 94 TF binding models that wem consid-
ered to be high-confidence by the original authors were used with

reported thresholds for affecting binding. Among the 30,792 SNPs
queried, TFs were predicted to bind 28,885, and among those,
5615 SNPs demonstrated predicted allele-dependent gain or loss
of binding. Besides ETS family factors, SVM-predictions were
most successful for AP-1- and CREB-like motifs (JDP2, ATF3,
CREB 1, etc.) (Supplemental Fig. 55). We observed a significant cor-
relation between SVM-based and PWM-based predicted allelic ef-
fects for many motifs, including ERG and ATF3 (Fig. 3EFL
Though predicted effects of both approaches wem enriched in val-
idated SNPs, SVM effects wene slightly more assodated with valida-
tion in STARR-seq. These data underscore the utility for both PWM
and SVM methods for identification of functional SNPs in
enhances.

Among epigenetic attributes, transcription factor binding most
signifi@ntly assodates with allelic effects in STARR-seq
Epigeneticmarks such as chromatin accessibility and histone mod-
ifications that are measumed in native chromatin contexts are fre-
quently used to signify genomic loci with enhancer function
and to prioritize functional regulatory SNPs. By relating validated
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Figure 3. Allele-specific enhancer function is associated with motif mutations. (A) Violcano plot of allele-specdific effects in STARR-seq with the log; fold
change on the x axis and —kog,, false discovery rate on the y-axis. All oligos, representing both reference and alternative alleles for each variable position,
from each replicate were analyzed. {B) Dot-plot presenting the hypergeometric enrichment —og{ P-value) and K5 testing —og{P-value) of the top 50 most
enriched motifs mutated in the validated set from STARR-seq. Motifs that are directly for ETS family or AP-1 family transcription factors are indicated. ()
PWh motif mutation score density for ERG motif mutations in validated (red) and nonvalidated {gray). () PWM motif mutation score density for ATF3
motif mutations in validated (red) and norvalidated {gray). {E) PWM motif mutation score {s-axis) versusthe SWM motif mutation score for ERG motif mu-
tation SMPs. (F) PWM motif mutation score { x-axis]) versus the SV motif mutation score for ATFS motif mutation SMPs. {G) Enrichment of 5V (blue) and

PWh motif mutations scores (orange) in the STARR-seq-validated set.

STARR-seq SN Ps with genomic data measumed in ECs, we sought to
beetter understand what genomic featuns are most associated with
validation. To achieve this, we utilized our previously generated
chromatin accessibility data by ATAC-seq among 44 genetically
distinct HAEC donors, H3K27ac measuned by ChlP-seq across 42
HAEC donors, and the binding of the BC-relevant TF, ERG by
ChliPseq acrss 22 HAEC donoss (Stolze et al. 2020). Of SMNPs
that wene included in our STARR-seq library, 18457 were in a chro-
matinaccessibility peak, H 3K27ac peak, or ERG binding peak with-
in HAECs, and 2615 of these validated with allelespedfic

enhancer effects by STARR-seq (Fig. 44). Upon calculating enrich-
ment scoms, we initially found an enrichment of STARR-seq-vali-
dated SNPs in HAEC-accessible regions, H3K27ac marked
regions, and ERG binding regions; however, SNPs at H3K27ac
peaks were less enriched for functional effects (Fig. 48). This led
us to consider one major distinetion between these data types;
namely, the size of the peaks. ATACseq and ERG binding by
ChlP-seq generates focal peaks (median 90 bp and 280 bp, respec-
tively), whemas H3K27ac ChiP-seq produces distributed peaks
(median 1492 bp) (Fig. 4C). We hypothesized that functional
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with HAECs are far more likely to validate
than SNPs in open regions that are closed
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. in HAECs (Fig. 4D). Extending this anal-
ysis to 350 ENCODE samples from Epi-
& Map (Boix et al. 2021), variants esiding
in ECenhancers showed a higher propor-
& tionof significant alle lic effects than oth-
er samples (P=1,29x 10~ for EC samples
@ compared to others using the Wilcoxon
rank-sum test) Supplemental Fig. S6A)L
Along these same lines, we observed di-
minished enrichment for HAEC-accessi-
ble SNPs when the same STARR-seq
library was transfected into HepG2 (Sup-
. plemental Fig. 56B; Selvarajan et al
2021). These data are consistent with pre-
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vious reports demonstrating that cell
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which regulatory elements, motifs, and
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SMPs underlying molecular quantiatve
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SMPs ame more likely to occurin HIK27ac regions when theyane lo-
cated near nucleosome-free regions (NFRs), where TFs bind DNA.
Restricting H3K27ac regions amound their centers (100 bp, 200
bp, and 400 bp) improved enrichment soores for STARR-seq-vali-
dated variants, demonstmting that SMNPs closer to the center of
the HIK27ac regions are more li kely to perturb enhanaer function
than those further away (Fig. 4B). This is consistentwith ERG bind-
ing having the highest enrichment among epigenetic attributes,
which would bind in the NFR.

Wenext asked whe ther SNPs in accessible regions in ECs were
mone likely to validate than SNPs that were open in another cell
type but dosed in BCs. Using DNase | hypersensitivity peaks
from 95 ezl types in ENCODE we found that open regions shared

Figu Epigenetic traitsare linked to validation in STARR-seq. {A) Venn diagram comparing thenum-
bber of SMPs in an open chromatin region in HAECs (bottom), in an H3K27 ac peak (nght), orvalidated in
STARR-seq (Jeft). (B) Enrichment of 3NPs in epigenetic trait peaks in the STARR-seq-validated SMP set,
H3K27ac (top four) restricted to various sizes around the center of the peak. (C) Peak size dersity of
ATAC-seq peaks and HIK27ac ChiP-seq peaks. (D) Enrichment of SNPs in ENCODE open regions that
mparing the number of 3NPs that are
{lefe). {F) Enrichment of molQTL SMPs in 5TARR-seq-alidated
SMPs. (G) Heat map of number of STARR-seqqvalidated SNPs in subsignificant maol QTL bins.

In molQTL anal ysis of epigenetic data, al-
o= leles/genotypes are tested for association
with differences in quantitative epige-
netic traits measured at a given locus,
Significant molQTLs provide evidence
for functional regulatory SMPs and often
suggest a mechanism of action (e.g., an
allele that perturbs TF binding). In prior
o= wiork, we identified molQTLs for chroma-
tin acoessibility, H3K27ac histone modi-
fication (hmQTLs), and ERG binding
ES BQTLs) in urtreated HABCs (Stolee
et al. 2020). Of the SNPs input into our
STARR-seq library, 8313 were significant
molQTLs (at 5% FDR), with 1618 of these
validating by STARR-seq (Fig. 4E). We
found that each set of molOTLs was sig-
nificantly enriched for validation by
STARR-seq, with modest but significant
corrdation between STARE-seq valida-
tion statistics and molQTL effect sizes
(Fig. 4F supplemental Fig 57ABDEGH)L It is important to
note that the enrichments we observe for molQTLs are in addition
to the enrichments noted for epigenetic marks alone (Fig. 48). This
is because only SNPs within the epigenetic peaks (H3E27ac ChIP-
s peaks; ATAC-seq peaks; TF peaks) wene tested in molQTL anal-
ysis. Forexample, of SNPs polymorphic in the HAEC popul ation at
5% MAF, 0.57% reside in ERG binding peals in the human ge-
nome; however, 7.65% of SMPs tested in our STARR-seq are in
ERG genomic peaks (13.4-fold enrichment over genomic). In con-
trast, we observed that 22% of STARR-seq-validated SNPs are in
ERG genomic peaks (2.9-fold over expectation). Further, only
SMPs in ERG peaks wemr included in ERG bQTL analysis, and
only 1.5% of SNPs in ERG peaks am significant ERG bQTLs.
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Table 1. Percentages of 5NPs meeting epigenetic, molQTL, and 5TARR-seq library criteria
ERG ATAC H3K27ac
bQTLs caTLs hmQTLs
In peaks (in peaks) In peaks (in peaks) In peaks (in peaks)
Of all genctyped 0.5724% 0.00B74% 1.6593% 0.05863% 6.1126% 0.3871%

SMPs in HAECs (at
MAF = 5% in given

(36,478/6,372,621) (557/6,372.614)

(110,509/6,659,935)

(3905/6,659,935) (404,620/6,619,412) (25,621/6,619,412)

data set)
Of mut tested 7.647 5% 14.025% 16.7895% 303 6% 51.2657% 49 5587%
SMPs in the STARR- (2574/33,658) (315/2246) (5651/33,658) (1B54/4750) (17,255/33,658) (7244/14,617)
seq library
Of allele-specific SNPs  22.0162% 22.72% 37.79056% N7 62.0005% 55.9981%
by STARR-s2q (B43/3829) (177779 (1447/3829) (B04/1360) (2374/3829) (1195/2134)
Of 5NPsingivendata N/A 1.5269% NfA 3.5336% MNiA 6.3321%
set's peaks {557/364,78) (3905/110,509) (25,621,/404,620)
Among SNPs mutually tested in ERG bOTL analysis and our known hallmark and driver of disease ior, such as inathero-

STARR-seq libmry, 14% are significant ERG bQTLs. In contrast,
we observed that 23% of STARR-seqvalidated SNPs ame ERG
bOQTLs (1.64-fold over expectation). Thesevalues are provided for
each epigenetic mark analyzed in Table 1.

Among molQTLs, ERG bQTLs wer most enriched, support-
ing ERG's importance in BEC gene regulation (Fig. 4F). This result
was replicated for bQTLs and caQTls wsing Kolmogomwv—
Smirnov (K8) testing (P<0.001) (Supplemental Fig. 57C,EI). The
relatively lower endchment of hmOQTLs could be explained by
the broader size of peaks compared to bQTLs and caQTLs mducing
the power to detect endchment or histone modifications being
less sequence-dependent than TF binding (Heinz et al. 2013;
Huang and Ovchamenko 2015) Based on these analyses, we con-
clude that mol OTLs effectively prioritize functional vadants with
focal epigenetic tmits as most significantly assodated. 5till, we
were interested that there is a subset of validated SNFs that are
not significant molQTLs. We suspect
this could be due to low statistical power,
given the modest sample size of individ- A i i
uals submitted to molQTL analysis —
(m~20-50). Consistent with this hypaoth- !
esis, we observed an increased conoentra- I
tion of validated STARR-seq SNPs in P- E———
value bins just above the molQTL signifi-
cance threshold (Fig. 4G), leading us to
conchude that subop timal molQ TLs pow-
er in part explains the incomplete over-
lap between molQTLs and STARR-seq
validated SNPs.

Allele-specific enhancer activity reveals
interactions between genetic variation
and envircnment
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Fruman endotheial cells (icHAEC)

sclerosis (Ridker e al. 2017). Using the same STARR-seq library, we
measured enhancer activity in teloHAECs exposed to IL1B for &
and 24 h, which loosely mimics eady and late transcriptional re-
sponses to inflammation (Fig. 5A). In total, 3297 megions (5.6% of
the 59,058 mgions tested) had differential enhancer activity be-
tween treatments (2695 up-regulated by IL1B treatment, 602
down-regulated by [L1B treatment) (Supplemental Fig. S84, 1), As
expected, the NFkB motif was enrdched in the regions with in-
creased enhancer activity after IL1B treatment (Supplemental Fig.
S8C; Hogan etal. 201 7). Likewise, the ERG motif was enriched inre-
gions with decrased enhancer activity after IL1B treatment
(Supplemental Fig. 58C). This could be explained in part by the
down-regulation of ERG protein upon pro-inflammatory stimula-
tion (Yuan et al. 2004,

We identified 5711 SNPs with allele-specific enhancer activi-
ty in at least one IL1B treatment condition (0-h, 6-h, or 24-h) with
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Geneby-emvironment (GxE) intemctions
are ome mechanism by which alleles can

ATAGC HIMZTao ERG RELA
protet or individuals  to me endl. bnfTl WOTL
develop complex traits, including disease.  Figure 5. IL1B treatment trends with maol QTLs and motif mutations. (4) Diagram of treatment design

In this study, we modded the effect of an
inflammatory environment on endothe-
lial cells in culture by pro-inflammatory
cytokine IL1B stimulation, which is a

and Venn diagram of 3NPs that validatedinuntreated (left), IL1B-treatedfor & h {rnght), and IL1B-treated
for 24 h{bottom). (E) Heat map of enrichment scorescomparing SN Ps uniquely in specific treatment con-
diticns between STARR-5eq and the molQTLs {i.e., SNPs only significant in STARR-seq 0-h and not in &-h
or 24-h IL1B-treated). { C) Heat map of enrichment scores comparing 3NPs uniquely in spedific treatment
conditions between 5TARR-seq and the motif mutations,
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