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Rare variant contribution to the heritability
of coronary artery disease

A list of authors and their affiliations appears at the end of the paper

Whole genome sequences (WGS) enable discovery of rare variants which may
contribute to missing heritability of coronary artery disease (CAD). To mea-
sure their contribution, we apply theGREML-LDMS-I approach toWGSof 4949
cases and 17,494 controls of European ancestry from the NHLBI TOPMed
program.WeestimateCADheritability at 34.3% assuming a prevalence of 8.2%.
Ultra-rare (minor allele frequency ≤0.1%) variants with low linkage dis-
equilibrium (LD) score contribute ~50% of the heritability. We also investigate
CAD heritability enrichment using a diverse set of functional annotations: i)
constraint; ii) predicted protein-altering impact; iii) cis-regulatory elements
from a cell-specific chromatin atlas of the human coronary; and iv) annotation
principal components representing a wide range of functional processes. We
observe marked enrichment of CAD heritability for most functional annota-
tions. These results reveal the predominant role of ultra-rare variants in low LD
on the heritability of CAD. Moreover, they highlight several functional pro-
cesses including cell type-specific regulatory mechanisms as key drivers of
CAD genetic risk.

Coronary artery disease (CAD) is the leading cause of mortality and
disease burden in the world1,2. Twin studies reported a strong genetic
basis of CAD, with heritability estimates ranging from ~40–60% in
North European populations3,4. The polygenic architecture of CAD is
supported by the identification of hundreds of susceptibility loci in
large-scale genetic association studies5. For example, a recent genome-
wide association study (GWAS) for CAD including > 180,000 cases
amongmore than onemillion participants predominantly of European
ancestry identified 897 conditionally independent associations (at 1%
false discovery rate)6. This globally accounted for 36.1% of CAD herit-
ability on the liability scale with most of these associations (782/897)
being variants withminor allele frequency (MAF) > 1% andwithmodest
effect sizes. Similar CAD heritability estimates were reported in the
largest multi-population GWAS across four different ancestry groups
(non-Hispanic Black, non-Hispanic White, Hispanic, and Japanese par-
ticipants from Biobank Japan)7.

Rare variants in non-coding regions of the genome have recently
emerged as important contributors to the missing heritability of
complex traits and diseases, including height and body mass index8,
smoking9, and type 2 diabetes10. These studies relied onwhole genome

sequencing (WGS) data from the National Heart, Lung and Blood
Institute (NHLBI) Trans-Omics for Precision Medicine (TOPMed)
program11. In particular, Wainschtein et al.8 demonstrated that most of
the missing heritability in height is attributable to variants with
MAF < 10% in low linkage disequilibrium (LD) with nearby variants and
could only be revealed by using WGS data, mainly because these var-
iants were not previously tagged by imputation methods12.

Many loci identified by large-scale GWAS for CAD contain or are
mapped near genes related to neovascularization angiogenesis, vas-
cular remodeling, thrombosis, immune response and inflammation,
proliferation and transcriptional regulation5,13. Given that more than
90% of variants identified in GWAS reside in noncoding regions of the
genome, a large fraction of missing heritability for many complex
traits, including CAD, could be explained by tissue- or cell-specific
gene regulation14–16. Single-cell epigenomics profiles could help char-
acterize and interpret these noncoding variants, especially those
overlapping with cis-regulatory elements (CREs) like enhancers and
promoters17. Recent studies using single-nucleus assay for
transposable-accessible chromatin with sequencing (snATAC-seq)
showed that CAD-associated variants are enriched in endothelial cells,
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smooth muscle cells and macrophages18,19. Furthermore, comparative
genomics identified relevant functional components of the genome,
the majority of which reside in the non-coding regions. A recent study
analyzing genomic sequences of 240 mammalian species identified
3.3% of bases that are highly evolutionary constrained in the human
genome20. Importantly, these constrained bases are significantly enri-
ched for human disease variants measured by GWAS heritability
enrichment. These studies only used GWAS summary statistics data
conducted using array genotyping and imputation; hence, the con-
tribution of ultra-rare (MAF < 0.1%) and rare variants (0.1% <MAF < 1%)
from WGS data remains unknown for CAD.

In this work, to assess the contribution of ultra-rare and rare
variants to CAD heritability, we apply the GREML-LDMS-I method21 to
WGSdata collected from22,443 individuals of European ancestry from
the NHLBI TOPMed program11. We examine contributions to CAD
heritability and enrichment of highly constrained variants using an
evolutionary score from the sequences of 240 mammals20. Then, we
investigate the enrichment of protein-altering versus non-protein-
altering variants to CAD heritability by using SnpEff22, which annotates
andpredicts effects of genetic variants. Next, we explore contributions
and enrichment of variants residing in CREs by leveraging a recently
published cell-specific chromatin atlas of the human coronary gener-
ated by snATAC-seq profiling19. Finally, we compare contributions to
heritability fromSNVs in high versus low functionality of 10 annotation
principal components (aPC)23, which cover a wide range of functional
sites integrated in the STAARpipeline24,25.

Results
Self-identified race/ethnicity versus genetically inferred
ancestry
We first examined if self-identified race/ethnicity (SIRE) could classify
TOPMedparticipants into relatively homogeneous genetic groups (see
Supplementary Table 1 for list of studies). Our analyzes showed that
ten principal components were sufficient to allocate the participants
into their respective superpopulations (African, American, East
Asian, South Asian and European), but SIRE was too inconsistent to
classify them into homogeneous genetic groups (see Supplementary
“Methods” for details and Supplementary Figs. 1–7). Given that stan-
dardheritability estimationmethods using genotype data are biased in
the presence of admixture and that low sample size hinders reliable
heritability estimation, our main results focused on the largest ances-
try group of 22,443 (4949 cases and 17,494 controls) participants with
close to 100% inferred Europeangenetic ancestry.We also present (see
Supplementary “Methods” and Supplementary Figs. 8–11) a full ana-
lysis in a much smaller sample (1733 cases and 7783 controls) of par-
ticipants > 75% inferred African ancestry, which demonstrates the limit
of the GREML-LDMS-I approach when dealing with low sample size.

CAD heritability estimation in the European ancestry sample
To estimate CAD heritability, we utilized the GREML-LDMS-I method.
Figure 1 and Supplementary Data 1 display the various LD score-MAF
bin contributions using the REML EM algorithm of GCTA (see “Meth-
ods” for details). The estimated heritability equals h2

obs = 23.9% (stan-
dard error SE = 10.3%), a value higher than when computed with the
default REML AI algorithm (Supplementary Data 2, Supplementary
Fig. 12). The largest contribution (Supplementary Data 1) comes from
ultra-rare SNVs (MAF ≤0.1%) with low LD score (below the median)
with ~50% of the total observed heritability (0.12/0.239), a smaller
proportion compared to the default REML AI algorithm. Common
SNVs (10% <MAF ≤ 50%) with high LD score (above the median) con-
tributes a similar proportion of ~16% to the total observed heritability
(0.038/0.239). In general, the proportion of SNVs of each LD score-
MAF bin, i.e., the number of SNVs in each bin divided by the total
number of SNVs, was highly correlated with the proportion of
observed heritability contributed by that bin (Pearson correlation

coefficient R =0.87, Supplementary Data 1, Supplementary Fig. 13).We
estimated the CAD heritability on the liability scale (see “Methods”) at
h2
liab = 34.3% (SE = 14.8%) (Fig. 1 inset, dotted vertical line) assuming a

CAD prevalence of 8.2% in the U.S. White population7.
We repeated a similar analysis but this time using quartiles of LD

scores instead of halves (16 LD score-MAF bins in total). Supplemen-
tary Data 3 indicates a larger total observed heritability h2

obs = 31.1%
(SE = 12.7%) compared to the one estimatedwith eight bins. The largest
variance contribution (Supplementary Fig. 14) comes fromSNVs in the
2nd LD score quartile (Q2) of the lowest MAF bin (MAF ≤0.1%), in
agreement with our previous analysis. Because nine of the 16 LD score-
MAF bin contributions were close to 0, all our subsequent analyzes are
based on eight LD score-MAF bins. Additional analyzes motivating our
choice of REML and genomic relatedness matrix (GRM) estimation
methods can be found in the Supplementary “Methods” (Supplemen-
tary Data 4 and Supplementary Figs. 15–18).

Comparison with previously published CAD heritability
estimate
We compared the CAD heritability estimate in our inferred European
sample with themost recent estimate reported in 19,392 non-Hispanic
White participants of theMillion VeteranProgram (MVP)7. Tcheandjieu
et al. applied the same GREML-LDMS-I approach but binned the var-
iants differently: quartiles of LD scores and six MAF bins were used
(0.1% <MAF ≤ 1%, 1% <MAF ≤ 10%, 10% <MAF ≤ 20%, 20% <MAF ≤ 30%,
30% <MAF ≤ 40%, 40% <MAF ≤ 50%). Using the GCTA REML EM
algorithm, we estimated a total observed heritability h2

obs = 14.1%
(SE = 5.5%), which is considerably less than their estimated h2

obs = 24.4%
(SE = 4.7%). The major discrepancy came from SNVs in the lowest LD
score quartile (Q1) of the lowest MAF bin (0.1% <MAF ≤ 1%) (Supple-
mentaryData 5). However,whenwe added the ultra-rare variants (MAF
≤0.1%), which were not included in the MVP heritability analyzes, the
missing gap was more than closed with h2

obs = 26.9% (SE = 10.7%)
(Supplementary Fig. 19). We note that there are differences that may
contribute to discrepancies in CAD heritability estimates between our
study and Tcheandjieu et al., including whole-genome sequencing vs.
imputed data, different binning of variants and phenotypic definitions.

CAD heritability estimation in the African ancestry sample
We also estimated CAD heritability in a restricted sample of 1733 cases
and 7783 controls of inferred African genetic ancestry (see Supple-
mentary “Methods” for details). The total observed heritability
h2
obs = 25.5% (SE = 18.1%), although none of the LD score-MAF bin con-

tributions were significant within one SE (Supplementary Data 6,
Supplementary Fig. 20). Using a prevalence of 6.5% in the U.S. Black
population as in Tcheandjieu et al.7, heritability on the liability scale
h2
liab = 39.3% (SE = 27.9%). This estimate is larger than the one in our

TOPMed European sample, and also larger than the one reported in
MVP (h2

liab = 30.0%). In the African ancestry sample, the contribution
from ultra-rare variants with low LD scores is not as high as in our
European sample (0.037/0.255≈ 14.6%). This might be explained by
the fact that, of the 28.1 million SNVs in Europeans and 35.7 million
SNVs in Africans used in GCTA computations, only 12.9 million SNVs
are shared, and the distribution of these variants across MAF bins is
different (Supplementary Data 7, Supplementary Fig. 21). Owing to the
large SEs observed in the African sample, all the subsequent analyzes
presented in this paper are restricted to the European sample.

Allele frequency comparison with gnomAD
In general, if the effect sizes from the same set of variants were similar
across different ancestries, we should expect to observe similar con-
tributions from this set of variants to heritability estimates across
ancestry groups.We compared the overlap of eachMAF bin variant set
in our European sample with genetically inferred groups from the
latest Genome Aggregation Database (gnomAD) (see “Methods”)26.
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As expected, the proportion of SNVs shared with the gnomAD non-
Finnish European group was very high in all four MAF bins (ranging
from93% to99%, SupplementaryData 8),meaning that almost all SNVs
display the same allele frequency. Unsurprisingly, apart from the non-
Finnish European group, the ultra-rare bin (0 <MAF ≤0.1%) showed a
moderate overlap only with the gnomAD African/African American
group, and to some extent with the Admixed American group.

Evolutionary constraint with phyloP score
We assessed components of CAD heritability in different functional
regions of the genome. We first examined the relationship of the
phyloP score27 calculated from 240 mammalian sequences with allele
frequency and functional impact as predicted by SnpEff22. We con-
firmed the inverse relationship, as expected from negative selection,
between the phyloP score and (minor) allele frequency in our set of
variants, with a stronger decrease in protein-altering SNVs compared
to non-protein-altering SNVs (Fig. 2a). Due to the small number of
common SNVs (10% <MAF ≤ 50%) with low LD score (Supplementary
Data 9), we grouped all common SNVs into one single bin irrespective
of their LD score. This resulted in 14 LD score-MAF-Constrained bins.
Note that, of the 27,933,966 SNVs with phyloP scores in our dataset,
~2.4% are constrained.

Heritability was computed as previously described. Unsurpris-
ingly, we observed that the proportion of SNVs of each LD score-MAF-
Constrained binwas highly correlatedwith the proportionof observed
heritability contributed by that bin (R =0.85, Fig. 2b, Supplementary
Data 10), with the largest contribution ( ~ 46%) from non-constrained
ultra-rare variants (MAF ≤0.1%) with low LD score (total h2

obs = 26.4%,
SE = 10.3%). To contrast absolute and relative contribution from each
LD score-MAF-Constrained bin, we calculated the relative contribution
per variant in each bin by dividing the absolute contribution by the
number of variants in that bin. On a per-variant basis, significant

contributions (± one SE from the point estimate) now originated from
constrained variants: uncommon (1% <MAF ≤ 10%) and rare (0.1%
<MAF ≤ 1%) SNVs with low LD score, and common variants (10% <MAF
≤ 50%) (Fig. 2c, Supplementary Data 10).

To measure the potential heritability enrichment of constrained
SNVs, we examined the enrichment ratio of the contribution on a per
variant basis of these SNVs over the contribution coming from non-
constrained SNVs in each LD score-MAF bin (see “Methods”). Gen-
erally, we observed a positive heritability enrichment for all allele fre-
quency bins ranging from 0.72 to 3.94 for the log constraint ratio
(Fig. 2d, Supplementary Data 11). This analysis further confirmed a
significant positive enrichment of constrained variants for rare SNVs
(0.1% <MAF ≤ 1%) with low LD score, and most notably for common
variants (10% <MAF ≤ 50%) (Fig. 2d, Supplementary Data 11). These
results highlight the importance of highly constrained regions that are
predominantly in non-coding regions in contributing to CAD
genetic risk.

SnpEff predicted impact
In this analysis (see “Methods”), each LD score-MAFbinwas subdivided
into two disjoint bins according to the functional impact predicted by
SnpEff 4.122. We observed that only a small percentage of SNVs (less
than 1%) were classified as protein-altering variants, independently of
the LD score-MAF bin in which they fall (Supplementary Data 12). Due
to the small number of common SNVs (10% <MAF ≤ 50%) with low LD
score, we grouped all common SNVs into one single bin irrespective of
their LD score, as was done previously.

Figure 3a displays the absolute and the relative contribution per
variant for each bin. Unsurprisingly, since they represent ~99% of all
SNVs (Supplementary Data 12), non-protein-altering variants con-
tributed to most of the overall heritability (Supplementary Data 13).
Ultra-rare non-protein-altering variants with low LD scores, which
constitute 40.6% of all variants, contributed nearly half (49.9%) of the
total observed heritability (h2

obs = 23.8%, SE = 10.3%). Again, the pro-
portion of SNVs of each LD score-MAF-Impact bin was highly corre-
lated with the proportion of observed heritability contributed by that
bin (R =0.89, Supplementary Data 13, Supplementary Fig. 22). None-
theless, on a per-variant basis, these contributions were negligible, and
only commonprotein-altering variants disproportionately contributed
to heritability (Fig. 3a, Supplementary Data 13).

We also investigated the (log) impact ratio of the contribution per
variant from protein-altering SNVs over the contribution per variant
from non-protein-altering SNVs in each LD score-MAF bin. Globally,
there was a positive enrichment in each LD score-MAF bin, with a
marked significant enrichment for common protein-altering variants
(10% <MAF ≤ 50%) over non-protein-altering ones (Fig. 3b, Supple-
mentary Data 14).

snATAC-seq profiles of human coronary artery
We next assessed CAD heritability for cis-regulatory elements from a
cell-specific chromatin atlas of the human coronary19. For each of 13
distinct cell types, we subdivided each LD score-MAF bin into two
disjoint bins: one bin containing SNVs overlapping with cell-type spe-
cific snATAC-seq peaks, and one bin containing SNVs outside these
peaks. Again, common SNVs were grouped into one single bin irre-
spective of their LD score. Supplementary Data 15 reports the number
of SNVs in each bin for each cell type. SNVs mapping into the snATAC-
seq peaks were uniformly distributed across the LD score-MAF bins,
ranging from ~0.5% (Unknown) to 3% (Smooth muscle cell (SMC))
(Supplementary Fig. 23). Interestingly, 1,199,053 (47.0%) of the
2,553,042 SNVs residing within peaks are unique to only one cell type
(Supplementary Fig. 23, orange bars), and 44,878 SNVs (1.8%) are
shared by all 13 cell types.

Figure 4a shows the proportion of each LD score-MAF-Peak bin to
the global CAD heritability estimate for each cell type. Each
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Fig. 1 | Contribution of each LD score-MAFbin to the observedheritabilityh2 of
CAD in European ancestry. Error bars represent ± one SE from each contribution
point estimate. SEs are calculated by GCTA and are proportional to the effective
number of independent variants in each bin and inversely proportional to the total
sample size (4949 cases + 17,494 controls). The number of SNVs in each of the four
MAF bins is indicated in parentheses. Low (High) category in the legend represents
SNVs with LD scores below (above) the median, respectively. The broken line (in
blue) displays the cumulative contribution (in %) of each LD score-MAF bin to the
observed heritability estimate. Inset represents CAD heritability (estimate ± SE) on
the liability scale for CAD prevalence ranging from 3% to 12% in the population
(violet shaded area). The vertical dotted line (in violet) indicates the heritability
estimate for a population prevalence of 8.2% in White/European ancestry7. The
GRMs are estimated by the ratio of averages (RoA) method and contributions to h2

are estimated with the REML EM algorithm. CAD, coronary artery disease; LD,
linkage disequilibrium;MAF,minor allele frequency; SE, standard error; SNV, single
nucleotide variant.
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combination of LD score and MAF is represented by eight different
hues (colors) with a darker (lighter) tint used to indicate SNVs found
inside (outside) snATAC-seq peaks, respectively. We observed that the
relative contributions come mostly from SNVs outside peaks (lighter
segments), with smaller darker segments for all cell types (Fig. 4a,
Supplementary Data 16). Again, the proportion of SNVs of each LD
score-MAF-Peak bin was found to be highly correlated with the pro-
portion of observed heritability contributed by that bin (R =0.87,
Supplementary Data 17, Supplementary Fig. 24). Proportion of each LD
score-MAF-Peak to heritability was quite similar from one cell type to

the other, resulting in an average total observed heritability of 24.3%
across all 13 cell types.

Again, we contrasted the contribution of each LD score-MAF-Peak
bin on a per variant basis (Supplementary Fig. 25, Supplementary
Data 18). Very few significant (± one SE from the point estimate) con-
tributions per variant were observed from SNVs either inside or outside
snATAC-seq peaks. Globally, we observed a positive log enrichment
ratio from SNVs within these peaks in each LD score-MAF bin for all cell
types. We observed strong significant enrichment for common SNVs
(10% <MAF ≤ 50%) due to smaller SEs (Fig. 4b, Supplementary Data 19).

Fig. 2 | Distribution of phyloP scores and contribution of constrained SNVs to
CAD heritability. a Violin plots of phyloP scores against the four MAF bins strati-
fied by SnpEff predicted impact (High: protein-altering variants, Low: non-protein-
altering variants). Points indicate medians of phyloP scores in each MAF bin. For
ease of presentation, SNVs with phyloP score< −10 are omitted. b Proportion of
observed heritability in each LD score-MAF-Constrained bin against the proportion
of SNVs in thatbin (number of SNVs in the bindividedby the total number of SNVs).
Each label in the plot represents a combination of: i) MAF (UR: ultra-rare (MAF
≤0.1%), R: rare (0.1% <MAF ≤ 1%), UC: uncommon (1% <MAF ≤ 10%), C: common
(10%<MAF ≤ 50%)); ii) LD score (LO: low,HI: high); and iii) Constrained (YESorNO).
The black line shows the regression line, whose equation is displayed in the upper
left corner (n = 14).Rdesignates the Pearson correlation coefficient, whilep is the p-
value associated with the two-sided test of null correlation. c Absolute (left) and
relative (right) contribution per variant of each LD score-MAF-Constrained bin to

the global CAD heritability estimate. The legend and color-coding is the same as in
(b). Error bars represent ± one SE from each contribution point estimate. Absolute
SEs (left) are calculated by GCTA and are proportional to the effective number of
independent variants in each bin and inversely proportional to the total sample size
(4949 cases + 17,494 controls). Relative SEs (right) are obtained by dividing the
corresponding absolute SEs by the square root of the number of variants. d Log
constraint ratio of constrainedover non-constrained variants in each LD score-MAF
bin. Each label on the y-axis is defined as in (b). Error bars represent ± one SE from
each log constrain ratio estimate. SEs are calculated from GCTA’s output of the
covariance matrix of contribution estimates to heritability in each bin and their
corresponding number of SNVs (see Supplementary “Methods” for derivation
details). CAD, coronary artery disease; Cons, constrained; LD, linkage dis-
equilibrium; MAF, minor allele frequency; SE, standard error; SNV, single nucleo-
tide variant.
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Fig. 3 | Contribution of protein-altering and non-protein altering SNVs to the
observedheritabilityofCAD.aAbsolute (left) and relative (right) contributionper
variant of each LD score-MAF-Impact bin to the global CAD heritability estimate.
Each label in the legend represents a combination of: i) MAF (UR: ultra-rare (MAF
≤0.1%), R: rare (0.1% <MAF ≤ 1%), UC: uncommon (1% <MAF ≤ 10%),C: common (10%
<MAF ≤ 50%)); ii) LD score (LO: Low, HI: High); and iii) Impact (High: protein-
altering variants, Low: non-protein-altering variants). Error bars show ± one SE from
each contribution point estimate. Absolute SEs (left) are calculated by GCTA and
are proportional to the effective number of independent variants in each bin and
inversely proportional to the total sample size (4949 cases + 17,494 controls).

Relative SEs (right) are obtained by dividing the corresponding absolute SEs by the
square root of the number of variants. b Log impact ratio of protein-altering over
non-protein-altering variants in each LD score-MAF bin. Each label on the y-axis is
defined as in (a). Error bars represent ± one SE from each log impact ratio estimate.
SEs are calculated from GCTA’s output of the covariance matrix of contribution
estimates to heritability in each bin and their corresponding number of SNVs (see
Supplementary “Methods” for derivationdetails). CAD, coronary arterydisease; LD,
linkage disequilibrium;MAF,minor allele frequency; SE, standard error; SNV, single
nucleotide variant.

Fig. 4 | Contribution of SNVs inside and outside cell-specific snATAC-seq peaks
to the observed heritability of CAD. a Proportion of each LD score-MAF-Peak bin
to the global CAD heritability estimate for each cell type. Each label in the legend
represents a combination of: i) MAF (UR: ultra-rare (MAF ≤0.1%), R: rare (0.1%
<MAF ≤ 1%), UC: uncommon (1% <MAF ≤ 10%), C: common (10% <MAF ≤ 50%)); ii)
LD score (LO: low, HI: high); and iii) Peak (IN: inside, OUT: outside). b Log enrich-
ment ratio of snATAC-seq peaks in each LD score-MAF bin for each cell type. Each
label on the y-axis is defined as in (a). Black lines represent the average log
enrichment ratio across all 13 cell types. Error bars show ± one SE from each log

enrichment ratio estimate. SEs are calculated fromGCTA’s output of the covariance
matrix of contribution estimates to heritability in each bin and their corresponding
number of SNVs (see Supplementary “Methods” for derivation details). CAD, cor-
onary artery disease; LD, linkage disequilibrium; MAF, minor allele frequency;
Endo, endothelial cells; Fibrobl, fibroblasts; Fibromyo, fibromyocytes; Macro,
macrophages; NK, natural killer cells; Peri, Pericytes; SMC, smooth muscle cells;
snATAC-seq, single-nucleus assays for transposase accessible chromatin with
sequencing; SNV, single nucleotide variant.
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When we examined the average across all cell types, we observed sig-
nificant enrichment in all LD score-MAF bins, with the largest ratio
estimate coming from the ultra-rare SNVs (MAF ≤0.1%) with high LD
scores, and the smallest interval coming from common SNVs.

FAVOR functional annotation
We examined a wide range of functional processes using the aPCs
annotation available in the STAAR pipeline23–25 (see “Methods”). For
aPC-Conservation, we selected a Phred threshold (14.7) whichmatches
the proportion of ~2.4% of SNVs in our dataset that were deemed
constrained according to their respective phyloP score. Supplemen-
tary Data 20 reports the number of SNVs in each LD score-MAF-aPC-
Conservation bin, whose distribution is similar to the LD score-MAF-
Constrained bins observed in the phyloP analysis. As expected, herit-
ability contributed by each bin and enrichment of conserved (Phred
≥ 14.7) over non-conserved (Phred < 14.7) SNVswere very similar to our
phyloP analysis (Supplementary Data 21 and 22, Supplemen-
tary Fig. 26).

We next compared the aPC-Protein-Function annotation with the
SnpEff impact annotation. Because 99.38% of the aPC-Protein-
Function Phred values were exactly equal to 2.969487 in our dataset,
we chose Phred = 3 as the threshold separating high from low func-
tionality. At this threshold, we observed that 0.62% of SNVs were
classified as high, a percentage slightly less than the protein-altering
group (0.76%) according to SnpEff (Supplementary Data 23). Herit-
ability contributed by each bin and enrichment of high versus low
protein functionality SNVswere similar to our SnpEff predicted impact
analysis (Supplementary Data 24 and 25, Supplementary Fig. 27).

Finally, we investigated the remaining eight aPCs, setting the
Phred threshold value of high versus low functionality at 10 (all eight
aPCs) or, when possible, at 20 (all except aPC-Local-Nucleotide-
Diversity and aPC-Mutation-Density, for which almost no value greater

than 20 was observed in our set of SNVs). Figure 5a shows the pro-
portion of each LD score-MAF-Functionality bin to the global CAD
heritability estimate for six aPCs at Phred = 20 and two aPCs at
Phred = 10, while Fig. 5b displays their respective log functionality
enrichment ratio. In general, we observed a positive enrichment ratio
of high over low functionality SNVs in each LD score-MAF bin for all
eight aPCs. Strong significant ratios, ranging from 2.7 to 4.3, were
found for common SNVs. The complete set of results for all aPCs at
Phred = 10 or 20 are given in Supplementary Figs. 28 and 29, and
Supplementary Data 26 and 27.

Discussion
This study provides an estimate of CAD heritability using full genomic
information fromWGSdata.We reported the followingmajor findings: i)
an estimated CAD heritability of h2

obs =23.9% (observed scale) and
h2
liab = 34.3% (liability scale) across all genome-wide SNVs in a sample of

CAD cases and controls of European genetic ancestry; ii) about 50% of
CADheritability is explained by ultra-rare SNVs (MAF ≤0.1%)with low LD
score; iii) an enrichment of CAD heritability was observed in many allele
frequency bins, especially for evolutionary constrained and protein-
altering common SNVs, for variants overlapping with snATAC-seq peaks
of many cell types from the coronary artery, and for various aspects of
biological function such as epigenetics, local nucleotide diversity,
mappability, mutation density, transcription factor, and proximity to
transcription starting and ending site.

Using the same GREML-LDMS-I approach21, Tcheandjieu et al.
reported a CAD heritability of h2

liab = 36.3% (SE = 7.0%) on the liability
scale using a prevalence of 8.2% in 19,392 non-Hispanic White partici-
pants of the Million Veteran Program (MVP)7. Intriguingly, these
authors calculated an observed heritability of 24.4%, which is very
close to our estimate of 23.9%. However, their estimation did not
include ultra-rare variants (MAF ≤0.1%) and was based on genotyped

Fig. 5 | Contribution of SNVs with high and low aPC functionality to the
observed heritability of CAD. a Proportion of each LD score-MAF-Functionality
bin to the global CAD heritability estimate for eight aPCs (Phred = 20 for all, except
aPC-Mutation-Density and aPC-Local-Nucleotide-Diversity for which Phred = 10).
Each label in the legend represents a combination of: i) MAF (UR: ultra-rare (MAF ≤
0.1%), R: rare (0.1% <MAF ≤ 1%), UC: uncommon (1% <MAF ≤ 10%), C: common (10%
<MAF ≤ 50%)); ii) LD score (LO: low, HI: high); and iii) Functionality (Low, High).
b Log functionality ratio of high over low functionality in each LD score-MAFbin for
each aPC. Each label on the y-axis is defined as in (a). Error bars show ± one SE from

each log functionality ratio estimate. SEs are calculated from GCTA’s output of the
covariance matrix of contribution estimates to heritability in each bin and their
corresponding number of SNVs (see Supplementary “Methods” for derivation).
CAD, coronary artery disease; EpiAct, aPC-Epigenetics-Active; EpiRep, aPC-Epige-
netics-Repressed; EpiTrans, aPC-Epigenetics-Transcription; Funct, functionality;
LD, linkage disequilibrium; MAF, minor allele frequency; Map, aPC-Mappability;
MutDens, aPC-Mutation-Density; NucDiv, aPC-Local-Nucleotide-Diversity; Prox,
aPC-Proximity-To-TSS-TES; SNV, single nucleotide variant; Trans, aPC-
Transcription-Factor.
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and imputed data instead of WGS data. When we added the ultra-rare
variants (MAF ≤ 0.1%), our heritability estimate was comparable to
theirs (h2

obs = 26.9%, Supplementary Fig. 19). One possible explanation
might lie in the differences of allelic frequencies between the TOPMed
and theMVP sample: many variants in TOPMed placed in the ultra-rare
bin were included in the rare bin of MVP. An alternative explanation
could be that their imputed dataset captured ultra-rare variants in LD
with rare variants, hence inflating the contribution from their rare
variants bin, while our WGS dataset really classified these ultra-rare
variants in their appropriate MAF bin. Nonetheless, both analyzes
point to a disproportionate contribution to CAD heritability originat-
ing from rare SNVs in low LD.

We investigated the importance of evolutionary constrained var-
iants in CAD heritability using the phyloP score from 240 mammalian
sequences. Using 63 independent European ancestry GWASs, Sullivan
et al.20 found that highly constrained variants (allele frequency ≥0.5%)
had greater heritability enrichment for GWAS trait associated variants.
In our study, we showed that significant contributions to CAD herit-
ability, on a per-variant basis, originated from constrained variants:
uncommon (1% <MAF ≤ 10%) and rare (0.1% <MAF ≤ 1%) SNVs with low
LD score, as well as common SNVs (10% <MAF ≤ 50%). We also con-
firmed by an independent functional annotation (aPC-Conservation
score) a significant heritability enrichment from constrained over non-
constrained SNVs in the common variant bin.

Our analysis reiterated the large contribution of rare variants in
low LD to the CAD heritability, albeit mainly from non-protein-altering
SNVs. Intriguingly, on a per-variant basis, common protein-altering
SNVs significantly contributed to CAD heritability. We also found a
positive enrichment in each LD score-MAF bin, notably from common
protein-altering variants over non-protein-altering ones, a result
independently confirmed in our aPC-Protein-Function heritability
analysis. This contrasts with results reported for height and bodymass
index where variants in low LD and low MAF were the largest con-
tributors on a per-variant basis, although the LD score-MAF partition
employed did not distinguish between protein- and non-protein-
altering in the common variant bin8. Of note, our results support the
finding of a recent paper showing that ultra-rare coding variants
(MAF < 0.1%) explain only 1.3% of heritability across 22 continuous
traits and common diseases in ~400,000 UK Biobank exomes28. In our
study, ultra-rare protein-altering variants contributed 1.7% (0.0041/
0.2378, Supplementary Data 13) to the total CAD heritability estimate
on the observed scale.

An important strength of our study lies in investigating the con-
tribution toCADheritability of specific cell typepeaks of 13distinct cell
clusters derived from snATAC-seq profiles. To achieve this, we lever-
aged a recent study which showed that CAD-associated variants are
enriched in endothelial cells, smooth muscle cells and macrophages19.
We observed that the largest relative contributions to CAD heritability
originate from SNVs outside snATAC-seq peaks, although some cell
types (endothelial cells, fibroblasts, fibromyocytes, natural killer cells,
pericytes and smooth muscle cells) display non-null contributions in
these peaks, especially from ultra-rare variants in low LD. This is pri-
marily due to the large number of SNVs which reside outside these
snATAC-seq peaks. However, for all cell types, we noticed a positive
enrichment for CAD heritability in these peaks within each LD score-
MAF bin, especially for common SNVs (10% <MAF ≤ 50%). When aver-
aging across all cell types in each LD score-MAF bin, we observed
significant log enrichment ratios with values ranging from 1.4 to 3.5.
The enrichment of CAD heritability across distinct cell types highlights
the contribution of cell-type specific regulatory mechanisms under-
lying CAD risk.

Heritability is not reliably estimated when the sample contains
individuals from different genetic ancestries or from admixed
populations29. To provide the most accurate and unbiased heritability
estimate of CAD, we applied stringent quality controls in both the

variant and the sample sets. Our PCA and admixture analyzes revealed
high levels of admixture in TOPMed participants who self-identified as
Black/African American, Hispanic/Latino or South Asian. Unfortu-
nately, due to admixture and/or low sample size in these groups, we
had to exclude them and restrict our various heritability analyzes to
the larger homogeneous subset of genetically inferred European par-
ticipants. However, to promote fairness and transparency in genomic
research30, we estimated CAD heritability in a much smaller sample of
inferred African genetic ancestry. The observed heritability in the
African sample (h2

obs = 25.5%) was comparable to the observed herit-
ability (h2

obs = 23.9%) in the European sample, although the contribu-
tion from ultra-rare variants with low LD score was not as important
( ~ 15% versus ~50%). Yet caution is required since all LD score-MAF bin
contributions in the African sample showed large SEs.

As mentioned previously, our results indicate that the largest
contribution to CAD heritability consistently comes from ultra-rare
variants (MAF ≤0.1%) with low LD score. A recent study identified rare
and ultra-rare coding variants in 17 genes associated with CAD, 14 of
which showed at least moderate prior genetic, biological and/or clin-
ical evidence31. It revealed an excess of ultrarare coding variants in 321
known CAD genes, demonstrating thatmany rare and ultrarare coding
variants in additional CAD genes await discovery. For most complex
diseases, these rare variants have been hypothesized to be under
negative (or purifying) selection, eliminating large-effect mutations
and leaving behind common-variant associations in thousands of less
essential loci32,33. Exome studies reported that most rare coding var-
iants have been previously identified in loci overlapping those detec-
ted by GWAS of common variants34,35, suggesting some level of
functional convergence across the allelic frequency spectrum36,37.
Studies have shown that this convergence signature may guide future
fine-mapping studies and reveal potential drug targets38,39.

Assuming that the disproportionate contribution is not unique to
CAD and that ultra-rare variants aremore likely to be ancestry-specific,
it becomes imperative to recruit and sequence cohorts of non-
European ancestry in order to characterize the genetic architecture
not only for CAD but for other diseases across different ancestries40–42.
Furthermore, the development of heritability estimation methods for
admixed populations are warranted since most current statistical
methods typically only apply to homogeneous genetic ancestry sam-
ples at the continental level. Methods accounting for admixture in
heritability estimation is an active area of research43–45.

The present study has limitations. First, as mentioned previously,
larger sample sizes are needed to reduce uncertainty in variance
contribution estimates, especially for ultra-rare variants in low LD. The
sampling variance of the variance estimate in each LD score-MAF bin is
proportional to the effective number of independent variants, but the
corresponding standard error is approximately inversely proportional
to the sample size8,46. Second, the GREMLmethod assumes that causal
SNVs have on average the same heritability, irrespective of their MAF
and LD structure around them, although the problem is mitigated in
part by creating bins of variants sharing similar MAF and LD scores in
the GREML-LDMS extension21. No model-based heritability method so
far can provide a definitive heritability estimate for a complex trait
such as CAD, especially when ultra-rare SNVs are included47. Third,
current GRM estimates are prone to bias in presence of population
structure, and this bias is exacerbated especially for rare variants in
high LD. Finally, weopted to run theGCTAREMLalgorithm2 (EM) in all
our analyzes for consistencypurposes, although this algorithm slightly
inflated the observed heritability estimate compared to the other two
algorithms available.

In conclusion, we estimated CAD heritability based on WGS data
from a sample of 22,443 genetically inferred European subset of the
TOPMed project. In line with other recent studies, our results suggest
that ultra-rare variants contribute a substantial proportion of missing
heritability in CAD and that rare-variant associations remain to be
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identified by large well-powered whole-genome sequencing studies.
Functional studies are also needed to establish a better understanding
of the role of rare variants on complex traits and diseases in general.

Methods
Variant dataset
This research complies with all relevant ethical regulations and was
approved by each included study-specific TOPMed institutional review
board. Informed consent was obtained from all participants. Our study
utilized the TOPMed Freeze 9 dataset which includes > 80 different
studies totaling ∼161,000 samples with WGS data, and the 2504 sam-
ples from the 1000 Genomes Project11. We opted for the “minDP10”
genotype files which set to missing any individual genotype based on
fewer than 10 covering sequence reads (https://topmed.nhlbi.nih.gov/
topmed-whole-genome-sequencing-methods-freeze-9). This dataset
contains ∼800 million single nucleotide variants (SNVs) and ∼62 mil-
lion indels from autosomal chromosomes which were aligned to the
GRCh38 human genome build.

Case and control definition
Cases and controls for CAD were defined similarly in all studies except
in BioMe. CAD cases were identified as samples with documented: i)
coronary revascularization, such as coronary artery bypass graft
(CABG) or percutaneous transluminal coronary angioplasty (PTCA);
OR ii) acute myocardial infarction; OR iii) definite coronary heart dis-
ease death. Controls were defined as non-cases with no documented
angina or coronary heart diseasedeath. In BioMe, caseswere identified
using ICD codes for acute myocardial infarction in electronic health
records as of December 2020 (ICD-9: 410; ICD−10: I21.09, I21.11, I21.19,
I21.29, I21.3x, 121.4x). Controls were defined as non-cases with addi-
tional exclusion codes (ICD-9: 413; ICD−10: I20; CPT: 33510–33548,
92920, 92921, 92924, 92925, 92928, 92933, 92934, 92937, 92938,
92943, 92944, 92973); AND with no peripheral arterial disease (ICD-9:
249.70, 249.71, 250.70–250.73, 440.0, 440.20–440.24, 440.29,
440.30–440.32, 440.9, 443.81, 443.9, 444.22, 444.81, 785.4). Following
these definitions, we were able to identify 64,397 samples from 13
TOPMed studies with available CAD status (see Supplementary
Table 1).

Quality control, relatedness and genetic ancestry inference
We applied stringent quality control to both the sample and variant
sets (see Supplementary “Methods” for details). Pairs of samples rela-
ted at the fourth degree or higher were identified using PC-AiR and PC-
Relate48,49, and one member of each pair was excluded favoring
younger cases and older controls. Genetic ancestry was assessed using
the principal component analysis (PCA) implemented in the R package
bigsnpr50 and by ADMIXTURE 1.351. In our main analysis, the sample
includes 22,443 TOPMed participants (4949 CAD cases and 17,494
controls) of inferred European ancestry with genotype data available
for 28,051,806 biallelic autosomal SNVs. Similar quality control steps
were applied to a smaller sample of 1733 cases and 7783 controls of
inferred African genetic ancestry.

Heritability estimation
To estimate CAD heritability, we utilized the GREML-LDMS-I method
introduced by Evans et al.21 and available in GCTA software52 (https://
yanglab.westlake.edu.cn/software/gcta/#GREMLinWGSorimputed
data). Briefly, LD scores were computed for each of the 28,051,806
biallelic autosomal SNVs. LD score for each SNV is defined as the sum
of its pairwise correlations with all other SNVs. Then SNVswere binned
according to their LD score (either inhalves or inquartiles), and further
by theirMAF (MAF ≤0.1%, 0.1% <MAF ≤ 1%, 1% <MAF ≤ 10%, 10% <MAF
≤ 50%). In each LD score-MAF bin, a genomic relatednessmatrix (GRM)
was computed for all 22,443 samples. We computed heritability using
the ratio of averages (RoA) GRM estimationmethod and the REML EM

algorithm implemented in GCTA version 1.93.2beta. In general, the
GRM estimation method impacts the variance estimates, with greater
effect in ultra-rare and rare variant bins (see Supplementary “Methods”
for additional analyzes). Observed heritability (h2

obs) was transformed
to heritability on the liability scale (h2

liab) using equations from Lee
et al.53 (see Supplementary “Methods” for details). All heritability esti-
mates presented in this paper were adjusted by adding the following
fixed effects in themodel: CAD status (case or control), age, sex, study
and the first 15 principal components (PCs).

Allele frequency comparison with gnomAD
We downloaded the Genome Aggregation Database (gnomAD) v4.1.0
joint allele frequency dataset26, which contains data from 730,947
exomes and 76,215 whole genomes (https://gnomad.broadinstitute.
org/downloads). We confidently mapped 27,427,591 SNVs (with FIL-
TER = PASS in gnomAD) out of 28,051,806 SNVs (97.8% overlap) by
matching the corresponding chromosomal position and alleles. Allele
frequencies from each genetically inferred ancestry group in gnomAD
(Admixed American, African/African American, Amish, Ashkenazi
Jewish, East Asian, Finnish, Middle Eastern, non-Finnish European,
SouthAsian)wereextracted and comparedwithour inferred European
ancestry sample. Only SNVs with MAF >0, i.e., when at least 1 minor
allele was observed, were considered for comparison with our Eur-
opean sample.

Evolutionary constraint with phyloP score
We downloaded the file containing the human phyloP scores27 esti-
mated across 240 mammalian species for ~2.85 billion bases in the
human genome https://cgl.gi.ucsc.edu/data/cactus/241-mammalian-
2020v2-hub/Homo_sapiens/241-mammalian-2020v2.bigWig. When
merging with our set of 28,051,806 biallelic autosomal SNVs, we found
phyloP scores for 27,933,966 SNVs (99.6% overlap). As suggested by
Sullivan et al.20, we considered that a SNV was constrained if its phyloP
score≥ 2.27 (false discovery rate of 5%). We then subdivided each LD
score-MAF bin into two disjoint bins: one bin containing constrained
SNVs and one bin containing non-constrained SNVs. Contribution per
variant and standard error (SE) per variant for each bin were calcu-
lated, respectively, by dividing the bin’s contribution to overall herit-
ability and corresponding standard error by the number of variants
included in that bin.

SnpEff predicted impact
Each LD score-MAFbinwas subdivided into twodisjoint bins according
to their functional impact as predicted by SnpEff 4.122. The four dif-
ferent predicted impacts are: 1) “HIGH”: the variant has a high dis-
ruptive impact on the protein (ex.: stop gain, start loss, frame shift); 2)
“MODERATE”: the variant is non-disruptive but might change the
protein effectiveness (ex.: missense); 3) “LOW”: the variant is harmless
and unlikely to change the protein behavior (ex.: synonymous); 4)
“MODIFIER”: the variant is non-coding or affects non-coding genes
(ex.: intronic, intergenic). Following the categorization of Wainschtein
et al.8, we merged SNVs with predicted impact “HIGH” and “MODER-
ATE” into protein-altering variants, and “LOW” and “MODIFIER” as non-
protein-altering variants, respectively. More details on SnpEff anno-
tation and predicted impact can be found at http://pcingola.github.io/
SnpEff/se_inputoutput/#eff-field-vcf-output-files.

snATAC-seq profiles of human coronary artery
We leveraged specific cell type peaks of 13 distinct cell clusters from
single-nucleus assays for transposase accessible chromatin with
sequencing (snATAC-seq), as identified by Turner et al.19. This snATAC-
seq profiling was performed in 28,316 nuclei from human coronary
arteries of 41 individuals. For each cell type, we subdivided each LD
score-MAF bin into two disjoint bins: one bin containing SNVs inside
cell-specific peaks, and one bin containing SNVs outside cell-specific
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peaks. In our set of 28,051,806 biallelic autosomal SNVs, 2,553,042
SNVs overlapping with these peaks were present in at least one
cell type.

FAVOR functional annotation
We downloaded the FAVORannotator’s Full Dataset (https://favor.
genohub.org/favor-annotator) integrated in theSTAARpipeline24,25.We
selected ten functional annotation principal components that repre-
sent a wide range of biological and functional processes: aPC-Protein-
Function, aPC-Conservation, aPC-Epigenetics-Active, aPC-Epigenetics-
Repressed, aPC-Epigenetics-Transcription, aPC-Local-Nucleotide-
Diversity, aPC-Mutation-Density, aPC-Transcription-Factor, aPC-
Mappability, aPC-Proximity-To-TSS-TES. To facilitate interpretation,
these annotation scores are expressed on Phred scale, defined as
�10 × log10ðrankð�scoreÞ

M Þ, where M is the number of variants in the
FAVOR database. A higher Phred score indicates increased function-
ality of the annotation. Further details can be found in Li et al.23.
We subdivided each LD score-MAF bin into two disjoint bins: one
bin containing SNVs with Phred ≥ t (“High”) and one bin containing
SNVs with Phred < t (“Low”), where t varied depending on the
annotation.

Enrichment analysis
For all functional analyzes (evolutionary constraint using phyloP score,
SnpEff predicted impact, snATAC-seq profiling and FAVOR aPCs), we
investigated the heritability enrichment in each LD score-MAF bin. We
examined the log enrichment ratio of the contribution per variant
from: i) constrained over non constrained SNVs; ii) protein-altering
over non-protein-altering SNVs; iii) SNVs inside over SNVs outside cell-
specific snATAC-seq peaks; and iv) high over low aPC functionality
SNVs. Derivation of the mean and variance of the log enrichment ratio
distribution is described in the Supplementary “Methods”.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Data for each participating study can be accessed through dbGaP with
the corresponding TOPMed accession numbers: Amish (phs000956),
ARIC (phs001211), BioMe (phs001644), CARDIA (phs001612), CHS
(phs001368), COPDGene (phs000951), DHS (phs001412), FHS
(phs000974), GeneSTAR (phs001218), GENOA (phs001345), JHS
(phs000964), MESA (phs001416), WHI (phs001237). The latest gno-
mAD data set (v4.1.0) can be downloaded at https://gnomad.
broadinstitute.org. phyloP scores can be downloaded at https://cgl.
gi.ucsc.edu/data/cactus/241-mammalian-2020v2-hub/Homo_sapiens/
241-mammalian-2020v2.bigWig. Raw and processed coronary artery
snATAC data are available in Gene Expression Omnibus (GEO) under
accession ID: GSE175621. The full dataset of the FAVORannotator’s
database can be downloaded at https://favor.genohub.org/favor-
annotator. All data generated in this study are provided in the Sup-
plementary Data file.

Code availability
ADMIXTURE: https://dalexander.github.io/admixture/index.html. big
snpr (R package): https://cran.r-project.org/web/packages/bigsnpr/
index.html. GCTA (GREML-LDMS): https://yanglab.westlake.edu.cn/
software/gcta/#Overview. GENESIS (R package performing PC-AiR
and PC-Relate): https://bioconductor.org/packages/release/bioc/html/
GENESIS.html. Scripts used for processing coronary artery snATAC
data are available at https://github.com/MillerLab-CPHG/Coronary_
snATAC. SnpEff: https://pcingola.github.io/SnpEff/. All figures were
generated using R software: https://www.R-project.org/
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