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and Regulatory Elements Involved in Cardiac Development
Jonas B. Nielsen,1,2,25 Lars G. Fritsche,3,4,5,25 Wei Zhou,2,4,25 Tanya M. Teslovich,6
Oddgeir L. Holmen,3,5,7 Stefan Gustafsson,8 Maiken E. Gabrielsen,3,5 Ellen M. Schmidt,4
Robin Beaumont,9 Brooke N. Wolford,1,2 Maoxuan Lin,1,2 Chad M. Brummett,10 Michael H. Preuss,11,12
Lena Refsgaard,13 Erwin P. Bottinger,11,14 Sarah E. Graham,1 Ida Surakka,1 Yunhan Chu,3,5
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Jacob Kitzman,2 José Jalife,18,19 Jesper H. Svendsen,13,20 Morten S. Olesen,13,21 Inger Njølstad,22
Maja-Lisa Løchen,22 Aris Baras,6 Omri Gottesman,6 Anthony Marcketta,6 Colm O’Dushlaine,6
Marylyn D. Ritchie,23 Tom Wilsgaard,22 Ruth J.F. Loos,11,12 Timothy M. Frayling,9 Michael Boehnke,4,5
Erik Ingelsson,8,24 David J. Carey,23 Frederick E. Dewey,6 Hyun M. Kang,4 Gonçalo R. Abecasis,4,5
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Atrial fibrillation (AF) is a common cardiac arrhythmia and a major risk factor for stroke, heart failure, and premature death. The pathogenesis of AF remains poorly understood, which contributes to the current lack of highly effective treatments. To understand the
genetic variation and biology underlying AF, we undertook a genome-wide association study (GWAS) of 6,337 AF individuals and
61,607 AF-free individuals from Norway, including replication in an additional 30,679 AF individuals and 278,895 AF-free individuals.
Through genotyping and dense imputation mapping from whole-genome sequencing, we tested almost nine million genetic variants
across the genome and identified seven risk loci, including two novel loci. One novel locus (lead single-nucleotide variant [SNV]
rs12614435; p ¼ 6.76 3 1018) comprised intronic and several highly correlated missense variants situated in the I-, A-, and M-bands
of titin, which is the largest protein in humans and responsible for the passive elasticity of heart and skeletal muscle. The other novel
locus (lead SNV rs56202902; p ¼ 1.54 3 1011) covered a large, gene-dense chromosome 1 region that has previously been linked to
cardiac conduction. Pathway and functional enrichment analyses suggested that many AF-associated genetic variants act through a
mechanism of impaired muscle cell differentiation and tissue formation during fetal heart development.

Introduction
Atrial fibrillation (AF) is characterized by high-frequency
disordered electrical activity of the atria and is the most
common cardiac arrhythmia encountered in clinical practice. At present, more than 30 million people are affected
worldwide, including approximately six million in the
United States alone, a number that is projected to double
over the next two decades.1,2 AF is a major risk factor for
stroke, heart failure, and premature death.3 Existing treat-

ment regimens are limited in their effectiveness and are
very rarely curative, which makes AF a major public healthcare burden with considerable associated costs.4
In addition to having conventional risk factors, such
as advanced age, obesity, and hypertension,5 AF has a
substantial heritable component. In a large twin study of
people of Scandinavian origin, the total heritability of AF
was estimated to be 62%,6 and in the Framingham Heart
Study, the risk of developing AF increased with decreasing
age of onset of affected family members.7
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Because genotypes are fixed during an individual’s
lifetime, genetic discoveries have the potential to define
causal risk factors, pathways, and therapeutic targets and
hence help improve our understanding of the pathophysiology underlying AF.
Although rare mutations in genes encoding cardiac ion
channels, gap junctions, and signaling molecules have
been shown to contribute to AF risk in individual
families,8–10 AF is generally considered a complex and
polygenic disease. Despite this fact, and given the high
degree of heritability, only 16 loci were associated with
AF in the population at the time of analysis, and for
many of these loci, the biological and therapeutic implications remain elusive.11–14 Two studies have recently identified additional loci.15,16
The Nord-Trøndelag Health (HUNT) Study in Norway
has been ongoing since 1984 and, with more than
120,000 participants included over three decades,17 is
one of the most comprehensive population-based health
surveys ever performed.
After genotyping of more than 70,000 HUNT Study
participants and dense imputation from whole-genome
sequencing, we performed a genome-wide association
study (GWAS) of AF and identified two risk loci. We further
conducted several additional analyses, including fine-mapping of associated loci, and performed gene-set and
functional enrichment analyses to highlight pathways
and tissues that reinforce and expand our understanding
of the biological processes underlying AF.

Subjects and Methods
Discovery Cohort
Study Participants and Definition of Phenotypes
We included individuals from the HUNT Study, which is an
ongoing population-based health survey of more than 120,000
individuals in the county of Nord-Trøndelag in Norway.17 The
database contains results on clinical examinations, including
personal and family medical histories, and is supplemented by
cross-referencing with administrative healthcare registries at
the regional level. On the basis of hospital, outpatient, and
emergency-room discharge diagnoses classified according to the
International Classification of Disease, Ninth Revision (ICD-9;
1987–1999) or Tenth Revision (ICD-10; 1999–2016), we identified
individuals with AF (ICD-9 code 427.3; ICD-10 code I48), any type
of ischemic or non-ischemic cardiomyopathy (ICD-9 codes 425
and 414.8; ICD-10 codes I42 and I25.5), and dilated cardiomyopathy (DCM; ICD-10: I42). The last of these was based on the ICD-10
system only because there is no specific ICD-9 code for DCM.
Participation in the HUNT Study is based on informed consent,
and the study has been approved by the Data Inspectorate and
the Regional Ethics Committee for Medical Research in Norway.
Quality Control of Genotype Data
A total of 69,037 samples from the HUNT Biobank in Norway
were genotyped at 449,453 autosomal variants with a combined
exome and GWAS chip array (HumanCoreExome-12 v.1.0,
Illumina). Genotype calling was performed with GenTrain v.2.0
in GenomeStudio v.2011.1 (Illumina). Samples with <98%

genotype calls, evidence of gender discrepancy, duplicates, an
excess of 56 SD of the heterozygosity rate, and individuals
with non-Norwegian ancestry identified by plotting the first ten
genotype-driven principal components (PCs) were excluded
from further analysis (n ¼ 2,458 [3.48%]). Variant-level quality
control consisted of excluding 5,007 variants that met any of
the following criteria: a cluster separation score < 0.3, <98% genotyping threshold, duplicate markers, or deviation from HardyWeinberg equilibrium (p < 1 3 107).
Genotype Imputation
The study samples were phased with SHAPEIT2.18 Genotype
imputation with the Haplotype Reference Consortium19 reference
panel, which included 1,023 low-pass whole-genome-sequenced
HUNT samples, was conducted on the Michigan Imputation
Server20 with minimac3.21
Single-Marker Association Testing
We used a linear mixed-effects model to account for cryptic population structure and relatedness to model the association between
genotyped variants (when available for a particular position) or
imputed variants (dosages) and AF, as implemented in BOLTLMM.22 We assumed an additive allelic effect, and we looked at
only variants with a minor allele frequency (MAF) > 0.5%. We
used the Wald test in logistic regression, as implemented in
EPACTS, to obtain odds ratios (ORs) and confidence intervals
(CIs) for markers that reached genome-wide significance
(p < 5 3 108). All models were adjusted for birth year, sex,
genotyping batch, and PCs 1–4.
Gene-Based Burden Test
After estimating a kinship matrix, we performed a gene-based
burden test by using SKAT (sequence kernel association test) and
EMMAX (efficient mixed-model association expedited),23 as implemented in EPACTS, to account for relatedness and population
structure. All protein-altering variants, as annotated by SnpEff,24
with a MAF < 5% were included. As a result of high computational
load, the sample size was reduced to all AF individuals and a subset
of the AF-free individuals. For each AF individual, we selected three
AF-free individuals by using propensity-score matching based on
birth year, sex, genotyping batch, and PCs 1–4. The model was
adjusted for birth year, sex, genotyping batch, and PCs 1–4.

Replication Cohorts
Michigan Genomics Initiative
DNA from blood samples of surgical patients at the University
of Michigan Health System was genotyped on the Illumina
HumanCore Exome array. Genotypes of the Haplotype Reference
Consortium were imputed into the phased Michigan Genomics
Initiative genotypes, resulting in dense mapping of over 7.7
million common variants (MAF > 1%). Individuals were defined
as having AF if they had at least two electronic health record
(EHR) encounters with ICD-9 code 427.31. AF-free individuals
were defined as persons without ICD-9 billing code 427.31 or
any other billing codes related to cardiac arrhythmias or conduction disorders. We performed a genome-wide association analysis
of AF in 924 AF individuals and 11,037 AF-free individuals, all of
European ancestry, by using the Firth-bias-corrected logistic
likelihood-ratio test,25 adjusted for age, sex, and PCs 1–4.
DiscovEHR Collaboration Cohort
The DiscovEHR study comprised a total of 50,726 adult individuals
enrolled in the MyCode Community Health Initiative of the Geisinger Health System. Participants were recruited from outpatient
primary care and specialty clinics from 2007 to 2016, and available
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EHR data covered a median of 14 years of clinical care.
Samples were processed at Illumina and genotyped on the
OmniExpressExome array. GWAS variants with a MAF > 1% were
phased with SHAPEIT2, and IMPUTE2 was used for imputing to
the 1000 Genomes Project cosmopolitan dataset (June 2014
version). Variants with an info score < 0.7 or a genotyping call
rate < 99% were excluded from downstream analysis. AF and flutter
case individuals (n ¼ 5,451) were defined as European-ancestry
DiscovEHR participants with at least one EHR problem-list entry
or at least two diagnosis-code entries for two separate clinical encounters on separate calendar days for ICD-9 code 427.3 (AF and
flutter). Control individuals (n ¼ 30,235) were defined as European-ancestry individuals with no EHR diagnosis-code entries
(problem list or encounter codes) for ICD-9 code 427 (cardiac dysrhythmias). For each variant, we tested best-guess genotypes for
association with AF case-control status by using logistic regression;
we included age, age2, sex, and ancestry PCs 1–4 as covariates.
UK Biobank
From 2006 to 2010, the UK Biobank recruited 40- to 69-year old individuals who were registered with a general medical practitioner
within the UK National Health Service.26 We defined individuals
as having AF if they had any hospital ICD-9 or ICD-10 code
specific to AF or atrial flutter (427.3 or I48, respectively). All other
persons were used as control individuals. We restricted analyses to
those genotyped persons of European ancestry who passed the UK
Biobank’s quality control. Individuals who had withdrawn consent
were excluded. After exclusion, the total numbers of case and control
individuals were 4,407 and 115,878, respectively. We modeled the
association between genotypes of interest and AF by using a logistic
regression (SNPTEST v.2.5.2) adjusted for genotype batch and PCs
1–10 under the assumption of an additive genetic model.
The Tromsø Study
We selected 1,158 AF individuals and 5,393 AF-free individuals
from the ongoing Tromsø Study (Tromsø 4) for follow-up. Tromsø
4 is a population-based study of more than 27,000 people enrolled
from the municipality of Tromsø in Norway between 1994 and
1995.27 Occurrences of AF were identified by the registry of hospital discharge diagnosis at the University Hospital of North Norway
(diagnoses from hospitalizations and outpatient clinics) and by
the National Causes of Death registry with ICD-9 codes 427.0–
427.99 and ICD-10 codes I47–I48. All diagnoses of AF were
confirmed by electrocardiography (ECG). DNA samples of the
Tromsø Study were extracted from venous blood and genotyped
with the Illumina HumanCoreExome 12v.1.1 array, and genotypes
of the 1000 Genomes Project (phase 3 release 5; Minimac3) were
imputed into their phased haplotypes (SHAPEIT2). Imputed variants with R2 % 0.3 were excluded. Association tests of candidate
single-nucleotide variants (SNVs) were performed with a logistic
Wald test, which added sex and birth year as covariates.
The Mount Sinai BioMe Biobank
The Mount Sinai BioMe Biobank (BioMe) is an ongoing, prospective
hospital- and outpatient-based population research program operated by the Charles Bronfman Institute for Personalized Medicine
at Mount Sinai and has enrolled over 33,000 participants since
September 2007. BioMe is an EHR-linked biobank that integrates
research data and clinical-care information for consenting patients
at the Mount Sinai Medical Center, New York, which serves diverse
local upper-Manhattan communities with broad health disparities.
Information on AF, age, and sex was derived from participants’
EHRs. Age was derived from the day of enrollment. BioMe participants were defined as having AF if they had an ICD-9 code specific
to AF (427.31) or atrial flutter (427.32), and AF-free individuals were

defined as participants who have had ECG but did not have AF or
flutter ICD-9 codes. Study participants were genotyped with the
Illumina HumanOmniExpressExome-8 v.1.0 BeadChip array and
imputed to the 1000 Genomes Project phase 1 reference panel
with IMPUTE2. Association testing was carried out under an
additive genetic model with SNPTEST 2.4.1 in 291 AF individuals
and 860 AF-free individuals of European ancestry with age, sex,
and PCs 1–4 as covariates.
DANFIB
Individuals with AF were recruited from eight major hospitals in
Copenhagen, Denmark. Diagnoses of AF were verified by ECG.
Control individuals were recruited among healthy blood donors.
The final study sample comprised 517 unrelated AF individuals
and 350 AF-free individuals, all of European ancestry. SNVs of interest were directly genotyped by Kompetitive Allele-Specific
PCR. The association between SNVs and AF was modeled with a
logistic regression under the assumption of an additive genetic
model.

Meta-analyses
The most statistically significant SNV at each novel locus identified in the HUNT discovery cohort was meta-analyzed with results
from the replication cohorts by the inverse-variance method
implemented in the software package METAL.28

Regional Plots
Regional plots were prepared with LocusZoom.29 The linkage
disequilibrium (LD; r2) was calculated on the basis of the available
markers in the HUNT discovery cohort.

Estimation of Heritability
To estimate the heritability of AF explained by genetic variants
(SNV-based h2) without having to remove related individuals, we
employed the method described by Zaitlen et al.30 and implemented it in the GCTA-REML software package.31 All directly
genotyped variants that passed quality control (n ¼ 456,297)
were extracted and used for (1) constructing a genetic relationship
matrix (GRM), (2) constructing an additional GRM on the basis of
the first GRM,31 and finally (3) running the REML analysis on the
basis of the two GRMs. The heritability explained by AF-associated
loci (listed in Table S2) was calculated on the basis of ORs and risk
allele frequencies obtained in the HUNT Study discovery sample as
described previously.32 For both methods of estimating heritability, we assumed an AF disease prevalence of 2%.

AF Polygenic Risk Score and Power Calculations
To construct a polygenic risk score for AF, we summarized the product of genetic dosages and log(OR) for lead SNVs at all AF-associated
loci available in our dataset. For previously published loci, we used
the published risk estimates rather than our own to account for
inflation in test statistics. To provide an interpretable per-allele
risk score, we normalized values to the maximum number of risk
alleles observed in our population. Power calculations were performed on the basis of observed allele frequencies and the numbers
of case and control individuals as described previously.33

Identification of eQTLs with GTEx Data
We used the Genotype-Tissue Expression (GTEx) Portal v.6p,34
which holds cis-expression quantitative trait loci (cis-eQTL) data
of up to 190 million SNVs across 44 tissues, to analyze eQTLs
by searching for all AF-associated SNVs identified in our HUNT
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Combined (37,016 AF versus
340,502 AF-free Individuals)
Replication (30,679 AF versus
278,895 AF-free Individuals)
Discovery (6,337 AF versus
61,607 AF-free Individuals)

AF-Associated Loci Identified in the HUNT Discovery Study and Replication Studies
Table 1.

discovery cohort by using an eQTL significance threshold of
p < 1.14 3 109 (5 3 108 per 44 tissues).

Interpretation of Genome-wide Association Loci with
Predicted Gene Functions
We employed Data-Driven Expression Prioritized Integration for
Complex Traits (DEPICT)35 to identify (1) the most likely causal
gene at associated loci, (2) reconstituted gene sets enriched
with AF loci, and (3) tissues and cell types in which genes that
form associated loci are highly expressed. DEPICT uses gene
expression data obtained from a panel of 77,840 mRNA expression arrays36 together with 14,461 existing gene sets defined on
the basis of molecular pathways derived from experimentally
verified protein-protein interactions,37 genotype-phenotype
relationships from the Mouse Genetics Initiative,38 reactome
pathways,39 KEGG pathways,40 and Gene Ontology terms.41
On the basis of similarities across the microarray expression
data, DEPICT reconstitutes the 14,461 existing gene sets by assigning each gene in the genome a likelihood of membership
in each gene set. Using these precomputed gene sets and a set
of trait-associated loci, DEPICT quantifies whether any of the
14,461 reconstituted gene sets are significantly enriched with
genes in the associated loci and prioritizes genes that share predicted functions with genes from the other associated loci more
often than expected by chance. Additionally, DEPICT uses a set
of 37,427 human mRNA microarrays to identify tissues and cell
types in which genes from associated loci are highly expressed
(all genes residing within a LD of r2 > 0.5 from the lead SNV).35
We ran DEPICT by using the variant with the smallest
GWAS p value at each of the two novel loci that were present
in DEPICT’s repository of 3.9 million SNVs (rs7545860
[p ¼ 3.0 3 109] and rs16866373 [p ¼ 2.2 3 1010], respectively).
Additionally, we included the lead SNVs from previously published independent AF loci (Table S2; published copy-number
variants and small indels were not included because they were
not available in DEPICT).11–14 For the gene sets most significantly enriched with AF-associated loci (p < 5.0 3 105), we
computed a weighted pairwise similarity on the basis of the number of overlapping genes for genes with a Z score < 4.75 (corresponding to p < 106) for being part of the gene set. For gene
sets with no genes with a Z score < 4.75, we included the three
most significant genes as suggested previously (Table S10).42

Quantification of Enrichment of Functional and
Regulatory Elements at Genome-wide Association Loci
We used GWAS Analysis of Regulatory or Functional Information
Enrichment with LD Correction (GARFIELD)43,44 to systematically characterize the functional, cellular, and regulatory contribution of genetic variation implicated in AF on the basis of
GWAS summary statistics from our HUNT discovery cohort
and publically available regulatory maps from ENCODE,45
GENCODE,46 and the Roadmap Epigenomics Project.47 In brief,
GARFIELD is a non-parametric enrichment analysis framework
that takes GWAS summary statistics at various p value thresholds
and calculates the fold enrichment of various regulatory elements
and then tests them for statistical significance by using permutation testing while accounting for MAF, the distance to the nearest
transcription start site, and the number of LD proxies.43
After enriching our GWAS summary statistics with 11 previously published AF loci that did not rise to genome-wide
significance in our study (Tables 1 and S2), we computed
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Figure 1. Regional Plots at the Two AF-Associated Loci Identified in Chromosomal Regions 1p32 and 2q31 in This Study
The dots represent SNVs, whose positions are based on genomic build GRCh37 and whose log10(p values) are based on association tests
within the HUNT discovery cohort. The SNVs reaching the highest level of statistical significance at the two loci are marked with reference numbers. The strength of the pairwise LD (r2) between the lead SNV and all other SNVs was computed on the basis of genotyped
and imputed markers and is indicated by a gradient from red to green to blue. The blue line indicates estimated recombination rates.
fold-enrichment statistics at eight GWAS p value thresholds and
calculated their significance at the four most significant ones
(<1 3 108 to <1 3 105) by using a greedy permutation step,
as suggested previously.44 Multiple-testing corrections were
further performed on the basis of the number of annotations
effectively used (Table S11), resulting in an experiment-wide
p value threshold of 1 3 104.
We additionally tested for enrichment of AF risk variants in
functional domains by using the software Genomic Regulatory
Elements and GWAS Overlap Algorithm (GREGOR). GREGOR
tests whether index variants (or their high-LD proxies) overlap
genome-wide functional domains more often than expected by
chance by comparing the index variants with control variants
selected to match on allele frequency, the number of high-LD
proxies, and distance to the nearest gene.48

Phenome-wide Association Analyses
For all AF risk loci that reached nominal significance (p < 0.05) in
the HUNT discovery cohort, we tested the association between the
lead SNV for each locus and 709 clinical variables, mainly
comprising self-reported health issues and clinical tests, that
were available to us at the time of analysis. The association tests
were performed with BOLT-LMM,22 including birth year, sex,
and PCs 1–4 as covariates.

Results
Discovery of AF-Associated Loci
In the discovery sample, we examined 8,952,551 genotyped or imputed SNVs with a MAF R 0.5% in 67,944 individuals. We tested for an association with AF in 6,337
(9.3%) AF individuals and 61,607 AF-free individuals by us-

ing birth year, sex, genotyping batch, and ancestry PCs 1–4
as covariates while accounting for relatedness among the
samples.22 The clinical characteristics of the participants
in the HUNT Study discovery cohort are summarized in
Table S1. Lead SNVs at previously unreported AF risk loci
were further evaluated in independent replication cohorts
with a combined total of 30,679 additional AF individuals
and 278,895 AF-free individuals.
By examining the discovery cohort, we identified two
unreported AF risk loci at chromosomal regions 1p32 and
2q31 and replicated 5 of 16 previously reported loci at
genome-wide significance (p < 5 3 108) (Tables 1 and
S2 and Figures S1 and S2). Seven of the 11 remaining
known risk loci were replicated at nominal significance
(p < 0.05), and all 12 replicated loci had the same direction
of effect as the initial reports (p ¼ 0.512 ¼ 2 3 104).
The most statistically significant novel association
was observed at the 2q31 locus (lead SNV rs12614435;
OR ¼ 1.20; 95% CI ¼ 1.14–1.27; p ¼ 1.10 3 1010). This
locus comprised multiple SNVs (Figure 1), including seven
highly correlated missense variants (r2 R 0.5; 5.0 3 108 >
p R 4.8 3 1010) (Table S3). The associated missense variants fell within the I-, A-, and M-bands of titin (TTN),
which is the largest protein in humans and responsible
for the passive elasticity of heart and skeletal muscle.49
The lead SNV (rs12614435) at this locus also reached
genome-wide statistical significance of association in
both the replication cohort (p ¼ 4.59 3 1011) and the
combined discovery and replication cohort (37,016 AF
individuals and 340,502 AF-free individuals; p ¼ 6.76 3
1018) (Table 1 and Figure S3). This locus has additionally
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been identified as associated with AF in one study that was
published while this manuscript was under review.16
Protein-truncating variants in TTN have been previously
associated with DCM,50 and individuals with DCM have
been found to have a high prevalence of AF,51 so we performed additional analyses to evaluate whether the locus
around rs12614435 acts through DCM or whether it is
directly associated with AF. First, excluding individuals
from the discovery cohort with any type of ischemic or
non-ischemic cardiomyopathy (n ¼ 787) revealed risk estimates (OR ¼ 1.20; 95% CI ¼ 1.14–1.27) that were almost
identical to those of the main analysis (Table 1). Second,
the frequency of the G risk allele was not statistically significantly different between AF individuals with and without
DCM (MAFAFþDCM ¼ 15.5% versus MAFAFDCM ¼ 17.3%,
pChiSq ¼ 0.45). Third, rs12614435 was not associated
with DCM (OR ¼ 0.96; 95% CI ¼ 0.75–1.24; p ¼ 0.75) in
the HUNT discovery cohort in a comparison of 276 DCM
individuals and 67,668 DCM-free individuals. Altogether,
these sensitivity analyses indicate a mechanism that does
not act through overt cardiomyopathy.
The second locus we identified was in chromosomal
region 1p32 (lead SNV rs56202902; OR ¼ 1.32; 95%
CI ¼ 1.20–1.44; p ¼ 2.50 3 109). This locus spans a large
gene-dense region of approximately 2 Mb and includes 98
highly correlated genome-wide-significant non-coding
variants (Figure 1 and Table S3). The locus reached nominal significance in the replication cohort (p ¼ 1.45 3
104) and genome-wide significance in the combined
discovery and replication cohort (p ¼ 1.54 3 1011)
(Table 1 and Figure S3).
For each of these loci, the frequency of the risk allele was
higher in individuals with early-onset AF than in individuals with late-onset AF. This was particularly true for the
1p32 locus, where the frequency of the risk allele was
7.0% among individuals with AF onset < 50 years of age,
5.1% in individuals with AF onset > 50 years of age, and
4.0% among AF-free individuals (Table S4). This clear increase in frequency of the risk allele by decreasing age of
onset is consistent with what one would expect for a true
locus and hence supports the conclusion that the associations that we report are true.
Fine-Mapping of Known Loci
We attempted to refine the association signal at known
AF loci by searching for additional independent signals,
coding variants, splice sites, and transcription factor binding sites.
Within 500 kb of the previously reported PRRX1 (MIM:
167420) locus on chromosome 1,11 we found an independent signal (lead SNV rs72700114; p ¼ 3.50 3 1010) that,
in our data, showed a stronger association with AF than
the previously reported lead signal at this locus
(rs3903239; p ¼ 7.6 3 108) (Figure S4). Interestingly,
this independent lead SNV, rs72700114, falls in a fetalheart-specific enhancer in data from the Roadmap Epigenomics Project.47

At the previously known HCN4 (MIM: 605206) locus
on chromosome 15 (rs6495063; p ¼ 1.6 3 105), we
found a variant that was predicted as likely to affect the
binding (RegulomeDB score of 2a)52 of one or more transcription factors (e.g., HNF4 and MZF1) according to evidence of transcription factor binding in combination
with a matched transcription factor motif, a matched
DNase footprint, and the DNase peak.52 Furthermore,
the variant falls in an enhancer state in multiple tissues,
including the right atrium, left and right ventricles, and
fetal heart.47
At 3 of 16 previously published loci (Table S2), we
found associated protein-altering variants (p < 5 3
105) in genes within 500 kb of reported lead SNVs
(Table S5). At the two AF loci previously annotated as
SYNPO2L and NEURL (MIM: 603804), both located on
chromosome 10, we identified missense variants situated in the genes previously highlighted as putative
functional genes for AF (SYNPO2L and NEURL).11,12
We identified three AF-associated missense SYNPO2L
variants (rs34163229, rs3812629, and rs60632610) that
were in high LD (r2 > 0.78) with the previously published lead SNV (rs10824026),11 supporting SYNPO2L
as the causal gene at this locus. At the NEURL locus,
we found that conditioning on the NEURL missense
variant that we identified (rs11191737) did not significantly change the association of the lead SNV intronic
to NEURL (rs60572254; ORconditioning ¼ 1.23; 95%
CI ¼ 1.16–1.30), indicating that the association of the
lead SNV is not explained by this coding variant. This
was also the case for the KCNN3 (MIM: 602983) locus,
where we identified a missense variant (rs139248801;
p ¼ 2.30 3 105) in the gene PMVK (MIM: 607622), encoding phosphomevalonate kinase, which also did not
alter the association of the lead SNV intronic to
KCNN3 (rs34245846; ORconditioning ¼ 1.12; 95% CI ¼
1.08–1.17).
Gene-Based Burden Test
To test for enrichment of lower-frequency variants in
case or control individuals, we performed a gene-based
burden test including all protein-altering variants with
a MAF < 5% and tested a total of 19,099 genes in
6,337 AF individuals versus 19,011 AF-free individuals
matched by birth year, sex, genotyping batch, and PCs
1–4. No genes reached our experiment-wide significance
threshold (0.05/19,099 ¼ 2.6 3 106) (Figure S5). We did
observe, however, an enrichment of genes previously
associated with rare familial forms of AF, as reported in
a recent comprehensive review (prank ¼ 0.011),53 and
the most significant results were for SCN1B (MIM:
600235), SCN5A (MIM: 600163), and NKX2-5 (MIM:
600584) (Table S6). The lack of findings for individual
genes might well be due to the fact that the gene-based
burden test was based on genotyped and imputed
markers and hence lacked sufficient coverage of rare coding variants.
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Polygenic Risk Score and Power Calculations
We calculated a polygenic risk score for AF as the sum of
products of imputed dosages and log(OR) for the 16 AF
risk loci that were available in our dataset (0–32 possible
risk alleles in total). Figure 2A summarizes the risk-score
distribution normalized to the observed number of
risk alleles in the population (range 3–22). We observed
that individuals with an AF onset at age <50, 50–75,
or >75 years had an average of 0.93 (8.3%), 0.69
(6.5%), or 0.36 (5.0%) additional risk alleles, respectively,
than control individuals (pt test < 1 3 108 for all three
groups in comparison with control individuals). Combining all case and control individuals resulted in the
largest statistical power to detect the 16 AF-associated
loci; however, within the age-specific subgroups, individuals with a disease onset at 50–75 years of age contributed the most statistical power to detect association
(Figure 2B).

A

B

Expression of eQTLs at AF-Associated Loci
To identify potentially functional genes at the AF GWAS
loci, we searched for AF-associated variants that were
also associated with expression levels of nearby genes.
From the GTEx Portal,34 we downloaded human gene
expression data (cis-eQTLs) on up to 190 million
chromosome positions across 44 tissues and searched
for all 483 AF-associated SNVs (p < 5 3 108; Table S3).
A total of 46 AF-associated SNVs reached the eQTL experiment-wide significance threshold of p < 1.14 3 109
(5 3 108 per 44 tissues) in at least one type of tissue
(Table S7): 12 SNVs at the locus in chromosomal region
2q31 were associated with increased expression of
FKBP7 (MIM: 607062), encoding FK506 binding protein 7, in the aortic artery or fibroblasts, and 33 SNVs
at the previously published PRRX1 locus on chromosome 1 were associated with expression of the lincRNAencoding gene RP1-79C4.4 across multiple tissues
(Table S7).
Figure 2. Polygenic Risk Scores and Estimates of Statistical
Power for AF-Associated Loci
(A) Polygenic risk scores stratified by age of disease onset. White
dots represent medians, black boxes represent interquartile ranges,
black whiskers represent 1.53 the interquartile range, and colored
areas show the probability density of the data. The vertical gray
dotted line represents the median score for control individuals.
(B) Statistical-power estimates stratified by age of disease onset.
The upper panel shows the necessary statistical power to
detect risk loci (each represented by a dot) on the basis of the
observed allele frequencies within subgroups, the number of
case (bottom panel) and control (n ¼ 61,607) individuals, and
a ¼ 5 3 108.

Heritability
We determined the AF heritability explained by all robustly
genotyped SNVs (n ¼ 456,297 SNVs) to be 9.6% (standard
error ¼ 1.2%). The heritability explained by the two loci
that we report and the 14 previously published AF risk
loci that were directly genotyped or imputed in our dataset
(Table S2) was 1.4%.

AF Tissues, Biological Pathways, and Gene Sets
To identify tissues and cell types in which genes at
AF-associated variants are more likely to be expressed
than genes at randomly selected loci with the same
gene density, we employed DEPICT.35 On the basis of
37,427 human microarray expression samples from a
total of 209 tissues and cell types, we observed a statistically significant enrichment of various striated muscle
tissues, which are the major tissue types of the myocardium (Figure 3A). Additionally, we saw a marginally
significant enrichment of ‘‘heart atria’’ and ‘‘atrial
appendage’’ (Table S8).
We further applied DEPICT to prioritize genes at
AF-associated loci and to perform a gene-set enrichment
analysis through the integration of association results
with predefined gene sets reconstituted according
to co-expression data. 35 DEPICT prioritized at least
one gene (false-discovery rate [FDR] < 5%) at 13 loci
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Figure 3. Tissues and Reconstituted
Gene Sets Significantly Enriched with
AF-Associated Loci
(A) On the basis of expression patterns
across 37,427 human mRNA microarrays,
DEPICT predicted genes within AF-associated loci to be highly expressed in various
muscle tissues. Tissues are grouped by
type and significance. The horizontal
dotted line represents the experimentwide significance threshold (p ¼ 5 3 103).
(B) Reconstituted gene sets found to be
significantly (p < 5 3 106; FDR < 5%)
and marginally (p < 5 3 105) significantly
enriched by DEPICT are represented by
nodes colored according to the permutation p value; the pairwise overlap of
genes is denoted by the width of connecting lines.
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Project (Table S11), we observed significantly
increased enrichment of 31
P < 5 x 10-6
regulatory elements at one or more
P < 5 x 10-7
GWAS p value thresholds. The most
P < 5 x 10-8
significant enrichment pattern for
FDR < 5%
AF-associated index variants was
observed in fetal heart tissue for DNaGene set overlap
seI hypersensitivity peaks (Figure 4),
High
DNaseI hypersensitivity hotspots
Low
(Figure S6), and footprints (Figure S7),
comprising a total of 21 overall significant enrichment statistics and up to
31-fold enrichment (Table S11).
We replicated this finding by using GREGOR48 to test
for enrichment of a newly published set of independent
AF-associated variants15,16 with a subset of regulatory
features from the Roadmap Epigenomics Project. Using
a completely independent list of 15 AF-associated loci,
we replicated the significant enrichment of fetal heart tissue DNaseI hypersensitivity peaks and found an enrichment of fetal heart histone markers, indicating primed
enhancers (Table S12).
All together, these results point to a congenital
mechanism that occurs during fetal heart development
and eventually causes AF in older hearts.
P < 5 x 10-5
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(Table S9). TTN was prioritized as the most likely functional gene at the locus in chromosomal region 2q31,
and DMRTA2 (MIM: 614804) was prioritized for the
locus at 1p32. DMRTA2 encodes doublesex-and mab-3related transcription factor A2. Out of 14,461 tested
gene sets, DEPICT identified nine gene sets that were
significantly enriched (FDR < 5%) with genes at
AF-associated loci (Figure 3B and Table S10). These
gene sets pointed mainly to a process related to muscle
cell and tissue differentiation and development but also
highlighted the PAX6 subnetwork, which has been proposed to be involved in the development of several
organs and tissues.54–56
Enrichment of Regulatory Elements at Associated Loci
The vast majority of AF-associated variants identified
by GWASs are located in non-coding regions of the
genome, where the underlying functional mechanisms
are poorly understood. To evaluate novel and previously
identified AF-associated loci, we used GARFIELD43,44
to test whether such variants were non-randomly
distributed across various coding and non-coding regulatory and cell-type-specific elements throughout the
genome.
Of 1,005 tissue- and cell-type-specific annotations tested
from ENCODE, GENCODE, and the Roadmap Epigenomics

Phenome-wide Associations of AF Risk Loci
To test whether AF risk loci that reached nominal significance in the HUNT discovery cohort (Tables S1 and S2)
were also associated with other phenotypes, we performed
a phenome-wide association scan of 709 clinical variables,
mainly comprising self-reported health issues and clinical
tests, and found statistically significant associations for
two loci (p < 7.1 3 105) (Figure S8). The AF risk allele at
the locus in chromosomal region 1p32 (rs56202902) was
associated with decreased alcohol intake and decreased
diastolic and mean arterial blood pressure. For the HCN4
locus (rs7164883), we found that the AF risk allele was
associated with decreased pulse.
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Figure 4. Enrichment of AF-Associated Loci within DNaseI Hypersensitivity Sites across 424 Cell Types Available from ENCODE and
the Roadmap Epigenomics Project
Enrichment tests were performed independently across markers that reached one of eight different GWAS p value thresholds (p < 1 3
101 to < 1 3 108). The radial axis shows fold enrichment calculated at each of the eight thresholds, each indicated by a different color,
for each of the 424 cell types. Cell types are sorted by tissue, represented along the outside edge of the plot; font size is proportional to the
number of cell types from that tissue. The outer line and dots next to the tissue labels are colored with respect to tissue type. Dots along
the inside edge of the plot denote significant enrichment (if any) for a given cell type at a GWAS p value threshold < 1 3 105 (outermost
dot) to a GWAS p value threshold < 1 3 108 (innermost dot). Of all tissues examined, the strongest enrichment was seen for DNaseI
hypersensitivity sites in the fetal heart.

Replication of Recently Discovered AF-Associated Loci
During the revision process of the present paper, two
additional AF GWASs were published.15,16 Together, the
two studies report a total of 16 loci, including genomewide-significant SNVs in the region of TTN,16 which
complements our finding of an association signal with
variants in high LD. In our HUNT discovery cohort, we
could replicate 9 of 12 loci (p < 0.05) reported by the AFGen
Consortium, which mainly included case and control

subjects of European ancestry,16 whereas we could replicate
only two of six loci reported for people of Japanese ancestry
(Table S13).15

Discussion
In this study, we performed a genome-wide association scan
for AF in a genetically homogeneous population-based
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sample that included 6,337 AF individuals and 61,407
AF-free individuals and follow-up in an additional 30,679
AF individuals and 278,895 AF-free individuals. We identified two risk loci for AF and confirmed association with 12
of 16 loci that were known at the time of the analyses.
TTN is a strong biological candidate gene at the 2q31
locus because of its role in maintaining the structural
integrity of the sarcomere and its involvement in muscle
elasticity and force transmission.49 The variants that we
identified mainly span the TTN transcript, and several of
the variants were predicted to alter TTN. The pathway
framework DEPICT also prioritized TTN as the most likely
causal gene. A less likely candidate gene at the locus is
FKBP7, which was highlighted by eQTL analysis as upregulated in aortic tissue and fibroblasts. Members of this gene
family are thought to exhibit peptidyl-prolyl cis-trans
isomerase activity and function as molecular chaperones.
The second risk locus we identified is located in chromosomal region 1p32. The allele frequency of the risk variant
in our Norwegian discovery cohort is 4.1%, providing substantially greater power to detect this non-coding risk allele
than frequencies in other European populations (closer to
1%). Hence, identification of this AF risk locus emphasizes
the advantage of studying genetically homogeneous or historically isolated populations in which the frequency of
selected rare or low-frequency variants might have accumulated. Interestingly, the 1p32 locus has previously
been associated, on a genome-wide level, with QRS amplitude and QRS duration,57,58 both ECG-derived measurements that reflect cardiac structure and function most
likely related to the development of AF.59–61 Potential functional genes at the locus include DMRTA2, which was
highlighted by DEPICT, and CDKN2C (MIM: 603369),
which is a member of the INK4 family of cyclin-dependent
kinase inhibitors and potentially plays a role in hypoplastic left-heart syndrome via its interaction with CDK4
(MIM: 123829) and CDK6 (MIM: 603368).62,63
On the basis of predicted gene function from multiple
sources of evidence—including protein-protein interactions, phenotypic data from gene-knockout experiments
in mice, and co-regulation of gene expression across thousands of physiological conditions35—DEPICT identified
genes at AF-associated loci to be highly enriched in gene
sets and pathways that are important for muscle cell
differentiation and tissue formation. These findings were
substantiated by enrichment analyses of functional and
regulatory elements, which indicated that many SNVs at
AF-associated loci fall within regions of open chromatin
state during fetal heart development. All together, these
results point to a mechanism of impaired muscle cell
differentiation and tissue formation in the developing
heart as important risk factors for AF in adult life. This
developmental hypothesis will require additional studies
to be confirmed, but it is supported by the fact that
individuals with various forms of congenital cardiomyopathy, and myopathies in general, have a high prevalence
of atrial tachyarrhythmias.51,64–66 Additionally, the locus

that has most consistently been associated with AF is
located in chromosomal region 4q25, which is close to
PITX2 (paired-like homeodomain transcription factor
2 [MIM: 601542]).11,67 This gene is known to play a critical
role in left-right asymmetry and cardiogenesis and has been
shown to be involved in structural and electrical
remodeling of the atrial myocardium that facilitates
arrhythmia.68–71
We speculate that impaired fetal heart development can
make the atrium prone to structural remodeling later in
life. Impaired muscle development in the fetal heart can alter
the elastic properties of the atrium so that atrial compliance
in response to stretch is compromised. This most likely leads
to elevated left atrial pressure, which has been demonstrated
to facilitate premature depolarizations from the pulmonary
veins that can eventually trigger AF.72,73
By examining a polygenic risk score constructed from
these variants, we found that individuals with a lower
age of AF onset carried a higher genetic burden of AF risk
alleles, which is consistent with previous epidemiological
reports of higher risk of AF for family members of individuals with early-onset AF.7 However, including all AF
individuals irrespectively of age of onset leads to improved
power by increasing the sample size. Appropriate modeling
of genetic burden as indicated by the age of onset could
result in further improved power.
In summary, this study identified two AF loci that both
point to a mechanism of cardiac structural remodeling as
a substrate of AF. Pathway and epigenetic enrichment
analyses highlight a potential mechanism whereby genetic
risk loci act to increase the risk of AF during fetal heart
development. This hypothesis needs confirmation but
might provide a foundation for directing future functional
experiments to identify the functional genes and genetic
mechanisms at AF risk loci.
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