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Abstract

Genome-wide association studies (GWASs) have identified
dozens of loci associated with risk of chronic obstructive
pulmonary disease (COPD). However, identifying the causal
variants and their functional role in the appropriate cell type
remains a major challenge. We aimed to identify putative causal
variants in 82 GWAS loci associated with COPD susceptibility
and predict the regulatory impact of these variants in lung-cell
types. We used an integrated approach featuring statistical fine
mapping, open chromatin profiling, and machine learning to
identify functional variants. We generated chromatin accessibility
data using the Assay for Transposase-Accessible Chromatin with
High-Throughput Sequencing (ATAC-seq) for human primary
lung-cell types implicated in COPD pathobiology. We then
evaluated the enrichment of COPD risk variants in lung-specific

open chromatin regions and generated cell type–specific
regulatory predictions for .6,500 variants corresponding to 82
COPD GWAS loci. Integration of the fine-mapped variants with
lung open chromatin regions helped prioritize 22 variants in
putative regulatory elements with potential functional effects.
Comparison with functional predictions from 222 Encyclopedia of
DNA Elements (ENCODE) cell samples revealed cell type–specific
regulatory effects of COPD variants in the lung epithelium,
endothelium, and immune cells. We identified potential causal
variants for COPD risk by integrating fine mapping in GWAS loci
with cell-specific regulatory profiling, highlighting the importance
of leveraging the chromatin status in relevant cell types to predict
the molecular effects of risk variants in lung disease.
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Chronic obstructive pulmonary disease
(COPD) is a complex and heterogeneous
disorder characterized by irreversible airflow

obstruction. COPD susceptibility is
determined by environmental factors, mainly
cigarette smoke exposure, and genetic factors,

as evidenced by family and population
studies. The largest genome-wide association
study (GWAS) for COPD to date, examining
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over 250,000 individuals, identified 82 genetic
loci significantly associated with disease
susceptibility (1). Furthermore, some of these
COPD susceptibility loci overlap with
associations for lung function, pulmonary
fibrosis, and asthma (2). Genetic perturbation
of COPD susceptibility loci in mouse and
cellular models have elucidated the
contributions of HHIP (hedgehog interacting
protein) and FAM13A (family with sequence
similarity 13 member A) to cigarette
smoke–induced emphysema (3–6). However,
identification of causal genes and functional
variants at the majority of COPD GWAS loci
remains elusive.

Statistical fine-mapping methods can
help determine the likely causal variants from
highly correlated “tag SNPs” due to linkage
disequilibrium (LD) (7–11). Still, the majority
of GWAS-associated variants are noncoding,
making it difficult to ascribe function or even
putative target genes. This challenge is
compounded by tissue- and cell type–specific
gene expression. As common genetic trait
associations are enriched in functional DNA
elements (12, 13), statistical fine mapping
with integration of genomic regulatory
annotations at GWAS loci may assist in
implicating functional variants.

For many cell types and tissues,
profiling epigenomic marks has revealed
robust regulatory landscapes (12, 14–17).
However, currently available lung-specific
epigenomic profiling and chromatin
accessibility data are limited to a few cell
lines and cell types. The Assay for
Transposase-Accessible Chromatin with
High-Throughput Sequencing (ATAC-seq)
has emerged as a robust and sensitive
method to profile accessible chromatin
(18–21). ATAC-seq identifies accessible
chromatin regions by using a hyperactive
Tn5 transposase to simultaneously
fragment and tag genomic DNA with
sequencing adaptors. Accessible chromatin
regions are therefore preferentially
sequenced, providing genome-wide
information on regulatory regions (18). We
applied ATAC-seq in four human lung
primary cell types implicated in COPD
pathology (large airway epithelial cells and
small airway epithelial cells [SAECs],
alveolar type II [AT-II] pneumocytes, and
lung fibroblasts [LFs]) to 1) determine cell
type–specific regulatory chromatin regions,
2) prioritize the potential causal variants at
COPD-associated loci, and 3) predict the
possible molecular effects of risk variants
in disease. We hypothesized that variants

associated with COPD risk are enriched in
accessible regulatory regions of chromatin
in disease-relevant lung-cell types and that
cell type–specific, sequence-based analysis
would identify candidate functional
regulatory variants for COPD.

Methods

Overview of Study Design
In this study, by using ATAC-seq, we
profiled open chromatin regions (OCRs) in
five COPD-relevant lung-cell types,
including four types of human lung primary
cells. We also performed statistical fine
mapping using Probabilistic Identification of
Causal SNPs (PICS) and generated a credible
set of functional variants for 82 COPD
GWAS loci. We also applied stratified LD
score regression (LDSC), a method to
examine the enrichment of genetic signal in
different genomic regions. Lastly, we
performed a machine-learning method using
either OCRs in five lung-cell types or in 222
Encyclopedia of DNA Elements (ENCODE)
lines with DNase I hypersensitivity data set
lines to train the model. We then applied the
model and predicted functional variants in
82 COPDGWAS loci.

ATAC-seq of Human Primary Lung-
Cell Types and Cell Lines
Human primary lung-cell types (AT-II cells,
LFs, SAECs, and normal human bronchial
epithelial [NHBE] cells) were obtained from
either donor tissue or commercial sources.
SAECs, NHBE cells, and LFs were cultured
in appropriate media before ATAC-seq
transposition and library preparation.
Omni–ATAC-seq library preparation was
performed as previously described (21). For a
detailed description of lung-cell isolation and
culture, ATAC-seq library preparation, and
PCR quantification, see the data supplement.

ATAC-seq Sequencing, Alignment,
and Peak Calling
ATAC-seq libraries were sequenced using
pair-end sequencing on the Illumina
NextSeq 500 system to an average depth of
16.9 million, with 23 79 bp reads per library.
After quality assessment and adapter
trimming, reads were aligned to the Genome
Reference ConsortiumHuman Build 37
reference genome with Bowtie (version
1.0.1.) (22). Mitochondrial reads and PCR
duplicates were filtered. ATAC-seq signal
peaks were called using Model-based

Analysis of Chromatin Immunoprecipitation
Sequencing 2 (MACS2), and blacklisted
repetitive artifacts were filtered out. The
genomic distribution of peaks, fragment
lengths, frequency and enrichment of peaks/
reads in known enhancers and transcription
start sites were evaluated as quality
assessment of the libraries. We compared the
individual replicate libraries by using
Pearson correlation and hierarchical
clustering of the samples. For downstream
analysis of cell-type peak sets, the replicates
were concatenated before peak calling. For a
detailed description of ATAC-seq
sequencing and bioinformatic analysis, see
the data supplement.

Fine Mapping of COPD GWAS Loci
and Enrichment in Lung-
Accessible Chromatin
To generate a credible set of putative causal
variants from the COPDGWAS summary
statistics, we used the PICS algorithm. This
method uses a model based on Bayesian
statistics to infer the probability of each SNP
in linkage, with the lead SNP being the causal
variant using the association signal of the
lead SNP and LD information from 1000
Genomes reference populations (8). We used
the association signals of the 82 lead SNPs
identified by Sakornsakolpat and colleagues
(1) in the overall GWASmeta-analysis for
COPD.We conducted the fine-mapping
analysis via the PICS web portal using the
1000 Genomes European reference
population (https://pubs.broadinstitute.org/
pubs/finemapping/pics.php). Direct overlap
of variants in the COPD credible set with
lung OCRs was assessed by using the Fisher’s
exact test, and variants in OCRs were
identified.We computed partitioned
heritability using LDSC to estimate the
overall enrichment of COPD heritability in
lung OCRs compared with the baseline
model of 24 genomic functional annotations
(23). For a detailed description of COPD fine
mapping, enrichment, and LDSC analysis,
see the data supplement.

Lung-Specific Regulatory Sequence
Analysis and Prediction
We applied the machine-learning algorithm
“gkm-SVM” (gapped k-mers [gkm]–support
vector machine [SVM]) (24) to the
combined ATAC-seq peak sets to evaluate
the cell type–specific regulatory models.
Positive training sets for each cell type
included all significant peaks defined by
MACS2 (q-value, 0.05), and randomly
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sampled negative training sets were
generated by matching length, guanine-
cytosine content, and repeat fractions of the
positive sets. We trained a gkm-SVM using
large-scale gkm-SVM (https://github.com/
Dongwon-Lee/lsgkm) and measured the
classification performance using receiver
operating characteristic curves with fivefold
cross-validation (25). Weight files for change
in gkm-SVM score (deltaSVM) analysis were
generated by scoring all possible
nonredundant k-mers (k5 10) for each cell
type–specific model. To compute deltaSVM
scores for the ENCODE samples,
precomputed weight files were downloaded
from the same website. For a detailed
description of gkm-SVM training and
deltaSVM analysis, see the data supplement.

Availability of Sequencing Data and
Visualization Tools for Results
All raw sequencing data and processed
ATAC-seq data sets discussed in this
publication have been deposited in the
National Center for Biotechnology
Information Gene Expression Omnibus and
are accessible through accession number
GSE152779. We created an Integrative
Genomics Viewer session and an application
using R (R Foundation for Statistical
Computing) and Shiny (RStudio) to facilitate
the search for the overlap of COPD credible
sets in lung OCRs and integration with other
relevant data sources. For a full description
and access to the data, see the data
supplement.

Results

ATAC-seq Identifies Open Chromatin
in Primary Lung-Cell Subtypes
To identify OCRs, we performed ATAC-seq
on human bronchial epithelial (HBE) cell
line 16HBE cells, primary NHBE cells,
SAECs, AT-II pneumocytes, and LFs (Figure
1A). All primary cells were isolated from
healthy donors consisting of both males and
females and smokers and nonsmokers, with
ages ranging from 19 to 50 (see Table E1 in
the data supplement).

After sequencing, we observed a high
correlation between technical replicates and
observed that the samples clustered
according to cell type, with peaks in the
NHBE cells and SAECs sharing the highest
degree of similarity (mean r5 0.78; Figure
1B), whereas the 16HBE cell line was less
correlated with the primary epithelial cells

(mean r5 0.49). For further quality-control
assessment, we evaluated the distribution of
fragment lengths and the fractions of reads in
peaks for individual libraries (see Figure E1).

In total, we identified 131,845 OCRs in
SAECs, 79,503 OCRs in NHBE cells, 71,556
OCRs in LFs, 52,777 OCRs in AT-II cells,
and 53,564 OCRs in 16HBE cells (Tables
E2–E6). Analysis of the genomic distribution
of the OCRs suggested enrichment in
promoters, introns, and distal intergenic
regions, as previously reported (26–29)
(Figure 1C). To further assess the quality of
the data, we confirmed that peaks were
enriched at transcription start sites and
permissive enhancer regions genome-wide
(Figure 1D and Table E7). We also
confirmed the specificity of OCRs at well-
characterized cell type–specific genes (30)
(Figure 1E).

Overlap and Enrichment of COPD
GWAS Variants in Lung
Open Chromatin
To identify candidate COPD causal variants,
we first performed fine mapping on our
recent GWAS (1) using PICS, an algorithm
that seeks to reconcile the LD relationships in
causal fine mapping (8). The resulting PICS
set included 7,285 variants corresponding to
82 GWAS loci (Table E8). Based on PICS,
20 of the 82 (24.4%) index SNPs scored an
estimated probability greater than 50% for
being the causal SNP (Table E8), whereas
the remaining majority of COPD loci
contained many candidate causal SNPs
unresolved by LD.

We then evaluated the overlap and
enrichment of COPDGWAS variants in the
five lung cell–specific sets of OCRs by using
Fisher’s exact tests for each lung cell type.
Overlap of COPD-associated variants with
OCRs was nominally significant (P, 0.05)
in LFs, AT-II cells, SAECs, and 16HBE cells
but not in NHBE cells (P5 0.12) (Figure
2A). Overlap in LFs, AT-II cells, SAECs, and
16HBE cells remained significant after
Holm-Bonferroni correction for multiple
tests. Across all cell types, 250 SNPs from the
PICS fine-mapped set overlapped at least one
OCR (Figure E2). Six GWAS lead SNPs
directly overlapped an OCR in a single cell
type (Figure 2B), suggesting that cell
type–specific open chromatin was linked to
COPD risk. In addition, the GWAS index
SNP at 5q13.2, reference SNP 34651
(rs34651), overlapped an OCR at the
promoter and exon 1 of TNPO1
(transportin-1). This finding is consistent

with our prior report identifying TNPO1 as
the causal gene using regulatory fine
mapping (1) and suggests that rs34651 is the
causal variant at this locus that regulates
TNPO1 expression in multiple lung-cell
types.

To further evaluate the relevance of
these lung OCRs to COPD, we used stratified
LDSC, a method that allowed us to examine
the enrichment of the genetic signal in
different genomic regions and cell types (23).
We found enrichment across cell types, with
the strongest enrichment of chromatin
accessibility in AT-II epithelial cells
(enrichment5 15.1-fold; P5 3.553 1025;
Figure 2C); AT-II enrichment remained
nominally significant after conditioning on
other functional annotations (Figure E3).

gkm-SVM Predicts Cell-Specific
Functional Impact of COPD
Risk Variants
To determine whether specific variants in
identified regulatory regions have functional
consequences, we used a machine-learning
method, deltaSVM (24, 31–34), to train cell
type–specific models of open chromatin and
predict the effects of regulatory variants
within the COPDGWAS locus credible sets.
The deltaSVMmethod uses an SVM
classification algorithm to identify predictive
oligomers of length k that do not require a
precise sequence match (gkm) and computes
the relative impact of single-nucleotide
variants on their predicted functional effect.

We first trained gkm-SVMmodels
using the ATAC-seq peaks for each lung-cell
type and determined that all five lung-cell
type–specific regulatory models had high
predictive power as determined by fivefold
cross-validation (Figure E4). To predict the
impact of COPD risk variants, we calculated
the deltaSVM score for each SNP in the fine-
mapped COPD variants (credible set) by
summing the change in weight between
alleles for each of the ten 10-bp sequences
(10-mers) encompassing the SNP.We
computed deltaSVM scores for 6,509 SNPs
from the initial credible set (excluding
insertion–deletion mutations and variants
that could not be mapped to the Database of
Single Nucleotide Polymorphisms [dbSNP]).
Across all SNPs in the COPD credible set
and in each of the five cell types, deltaSVM
scores followed a normal distribution (Figure
3A). As the values of deltaSVM scores
(negative or positive) have been shown to
correlate well with effect sizes of DNase I
sensitivity quantitative trait loci, we expect
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variants with negative deltaSVM scores to
indicate decreased chromatin accessibility,
relative to the reference allele, and vice versa
(31). To account for differences in scores due
to variable sizes of training sets, we scaled
each set of scores for subsequent analyses.

In addition, we also calculated
deltaSVM scores for the credible set of
SNPs using weights previously calculated

for 222 ENCODE DNase I hypersensitivity
data sets (31), encompassing a large
diversity of tissues and cell types. Some loci
had large deltaSVM scores that were
unique to lung-cell types (Figure 3B), in
contrast to other cell type–ubiquitous loci.
By correlating the deltaSVM scores across
all cell types, we observed distinct profiles
of predicted effects by COPD risk variants

on clusters of cell types, including in
immune/myeloid cells and endothelial/
epithelial cell types (Figure 3C). Scores
from our SAEC, NHBE, and AT-II ATAC-
seq models were clustered together with
other public DNase data in epithelial cells
from the bronchus or small airways (Figure
3D). Scores from our LF ATAC-seq model,
although still strongly correlated with the
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lung ATAC-seq models, clustered with
fibroblasts from other tissues.

To identify the variants with the greatest
likelihood of functional regulatory effects, we
looked for SNPs in the credible set that both
overlapped an experimentally identified
OCR and resulted in a significant deltaSVM
score. From the initial credible set of 6,509
COPD risk SNPs (Table E9), only 22 met
both criteria, including 9 in AT-II cells
(Table 1). We further identified the cell type
for each SNP with the largest positive and
negative predicted scores (Table E10).

Examination of SNP Predictions at
Previously Studied Risk Loci
To assess our prediction model, we first
examined the lung-specific deltaSVM scores
at two well-defined COPD loci for which we
have multiple types of supporting evidence
on causal genes and causal variants in

COPD-relevant cell types. At the top COPD
GWAS locus at 4q31 upstream ofHHIP, we
identified 78 SNPs in the fine-mapped set
(Figure 4A). The lead SNP (rs13140176) in
the COPDGWAS analysis (PICS probability
$90%) was also the lead SNP in an analysis
of lung function (35) and had large
deltaSVM scores in AT-II and 16HBE cells,
with the G allele (COPD risk allele) being
predicted to cause decreased chromatin
accessibility in both cell types. Five additional
variants in 16HBE cells (rs11938745,
rs12509311, rs11100860, rs1828591, and
rs1489759), one additional variant in NHBE
cells (rs36023701), and one additional
variant in AT-II cells (rs34265962) also had
predicted functional impact. Two SNPs had
significant deltaSVM scores in multiple cell
types (rs13142776 and rs1489763), although
these were accompanied by low PICS
probabilities. However, neither of the

previously identified functional variants,
rs1542725 and rs6537296 (36), nor the
previous COPDGWAS index SNP
rs13141641 (2) at this locus were predicted to
have large effects by deltaSVM, possibly due
to different cell types used in the previous
functional assays. Together, fine mapping of
GWAS signals and functional predictions of
variant effects on chromatin accessibility by
deltaSVM provide the most support for
rs13140176 as one possible causal SNP in the
HHIP COPDGWAS region.

At the 4q22.1 locus (within FAM13A),
the functional variant rs2013701, previously
identified by using a massively parallel
reporter assay (MPRA) followed by
validation with reporter assays and
endogenous genome-editing assays (6), had
significant deltaSVM scores in 16HBE and
LF cells, further supporting this SNP as a
putative causal SNP in this locus. We also
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examined lung deltaSVM scores of 24 SNPs
at the FAM13A locus within the credible set
(Figure 4B). Seven other SNPs were
predicted to impact lung open chromatin
(rs286997, rs1812329, rs3857043, rs384627,
rs2904259, rs1903003, and rs10031518).
The SNP rs2904259, which is,700 bp
from rs2013701, was predicted to have the
greatest impact on chromatin accessibility
in all five lung-cell types. In addition, both
rs2013701 and rs2904259 overlap an
OCR in all five lung-cell types. The
lead COPD risk variant, rs7671261
(P value5 1.43 10218) (1), showed no
evidence of allele-specific activity in the
MPRA study, which is consistent with the
lack of evidence of functional impact in
lung cells indicated by deltaSVM.

Because statistical fine mapping alone
cannot adequately resolve the association
signals at most COPD GWAS loci, we
examined whether deltaSVM scores could
help identify putative causal variants at
especially ambiguous loci. At 3q21.3 (near
EEFSEC), from 216 credible set SNPs scored
by deltaSVM (Figure 4C), we identified 46
SNPs (21.3%) with significant impact on
open chromatin in any of the five lung-cell

types. Notably, rs2955083, the index variant
at the locus, has the largest predicted effect
observed (in AT-II cells, SAECs, NHBE cells,
and LFs), despite a PICS probability of only
2.9%. Thus, at this locus where the genetic
association signal is ambiguous and for
which the fine-mapping approach was
unable to narrow down the functional
variants, the deltaSVM functional
predictions provide evidence supporting
a functional role for the lead SNP rs2955083.

The deltaSVM can rather accurately
predict the tissue and cell type–specific
impact of variants on regulatory elements
(31). Given enrichment of COPD heritability
in AT-II cells (Figure 2C), we examined
whether any SNPs were predicted to
preferentially impact regulatory sequences in
AT-II cells on the basis of deltaSVM scores.
At the 22q12.3 locus (in the intronic region of
SYN3 [synapsin III] and downstream of
TIMP3 [TIMP metallopeptidase inhibitor 3]),
six SNPs were predicted to impact regulatory
elements in AT-II cells, including two
(rs137559 and rs11704993) in high LD with
the lead GWAS variant, rs73158393 (Figure
4D). In addition, we also observed AT-
II–specific functional predictions at the 5q15

locus (in between SPATA9 [spermatogenesis
associated 9] and RHOBTB3 [rho-related
BTB domain–containing 3]; Figures E5–E2),
1p36.13 locus (nearMFAP2 [microfibril-
associated protein 2]; Figures E5–E46),
22q11.21 locus (intronic region ofMICAL3
[microtubule-associated monooxygenase,
calponin, and LIM domain–containing 3];
Figures E5–E48), 17q24.3 locus (near
CASC17 [cancer susceptibility 17] and SOX9
[SRY-box transcription factor 9]; Figures
E5–E58), and 5q35.1 locus (near FGF18
[fibroblast growth factor 18]; Figures
E5–E61).

To further visualize these results in the
context of other data types including gene
expression, in addition to the GWAS, and to
make the results accessible, we created a
companion R/Shiny application and an
Integrative Genomics Viewer (see Figures
E6–E9). These are available for download at
http://www.copdconsortium.org/.

Discussion

Using genetic data, statistical fine-mapping
algorithms, open chromatin profiling, and

Table 1. List of 22 COPD Fine-Mapped SNPs with Significant deltaSVM Scores Overlapping Lung OCRs

rsID Nearest Gene r2 (to Index)

deltaSVM Score (z-Score)

16HBE AT-II LF NHBE SAEC

rs6662037 SLC30A10 0.763 0.50 21.08 21.43 21.42 21.88*
rs9861425 ADCY5 0.937 24.69 23.22 23.66* 23.13 22.81
rs6440001 ZBTB38 0.532 1.76* 0.60 0.19 20.23 0.17
rs2013701 FAM13A 0.775 2.40 1.39 2.43* 1.31 1.52
rs2904259 FAM13A 0.774 22.86* 23.58 25.07* 24.84* 23.52*
rs262121 ADGRG6 0.788 22.15* 0.48 0.96 0.08 20.13
rs36062557 CDC123 0.761 0.70 2.06* 0.31 0.75 0.53
rs4319455 SFTPD 0.530 20.81 21.70* 20.87 20.13 0.00
rs11191829 STN1 0.870 21.94* 0.21 20.66 0.39 20.21
rs4918067 STN1 0.516 20.32 21.77* 21.91* 21.80 20.98
rs11191847 STN1 0.524 0.50 1.75* 0.56 0.64 0.92
rs1372212 ARNTL 0.567 1.68 2.24 2.00 1.85* 1.68*
rs11049415 CCDC91 0.837 21.66* 20.62 20.69 20.90 20.97
rs4941489 SERP2 0.527 2.61 1.66* 1.67 2.07 1.07
rs55781567 CHRNA3 0.890 2.28* 2.08* 2.12* 2.13* 1.20
rs8056080 CFDP1 0.932 21.54 0.56 21.64 21.75* 20.79
rs4888403 CFDP1 0.836 1.05 1.34 1.25 1.87* 0.90
rs2227322 THRA 0.533 2.46 1.80* 1.50 2.23 1.46
rs80233201 SPPL2C 0.978 20.27 21.67* 20.30 21.20 20.59
rs17564493 SPPL2C 0.878 0.47 2.01* 0.79 0.75 0.69
rs4438347 SOX9 0.598 20.29 2.24 3.50* 4.15 4.23
rs12158631 SYN3 0.503 3.28 2.32 1.83 1.93* 0.91

Definition of abbreviations: AT-II5alveolar type II; COPD5 chronic obstructive pulmonary disease; deltaSVM5change in gkm-SVM score;
HBE5 human bronchial epithelial; LF5 lung fibroblast; NHBE5 normal HBE; OCR5open chromatin region; rs5 reference SNP; rsID5 rs identifier;
SAEC5 small airway epithelial cell; SOX95SRY-box transcription factor 9; SYN35 synapsin III.
Nine SNPs with significant deltaSVM scores overlaps with OCRs in AT-II cells are indicated in bold.
*Indicates overlap with OCR in this cell type and a significant deltaSVM z-score.

http://www.copdconsortium.org/


machine-learning models, we evaluated the
genetic landscape of COPD and sought to
identify potential key cell types and causal
variants for COPD. Using these approaches,
we identified 250 SNPs directly overlapping
accessible chromatin, including 22 high-
confidence SNPs with putative impacts on
regulatory elements specific to lung-cell
types.

By profiling open chromatin in five
human lung-cell types using ATAC-seq, we
were able to identify OCRs with high
resolution and generate predictive models of
the functional impact of noncoding sequence

variation. We further demonstrated the
enrichment of COPD heritability in the
accessible chromatin of these cell types by
using LDSC. Previous examination of
partitioned heritability in COPD by
Sakornsakolpat and colleagues (1) revealed
enrichment in epigenomic marks
(H3K4Me1, H3K27ac) and DNase-
hypersensitivity sites in fetal lung and
gastrointestinal smooth muscle. Analysis of
single-cell chromatin accessibility profiles in
mouse lung demonstrated cell-specific
enrichment in endothelial cells, B cells, and
type 1 and type 2 alveolar epithelial cells (1,

37–39). Although our analysis underscored
the importance of using relevant cell types to
investigate the functional impact of sequence
variation in complex disease, it also suggests
the limitations of routinely used
immortalized cell lines for experimental
validation. In our study, chromatin
accessibility and deltaSVM scores in the
16HBE cell line only modestly correlated
with the primary HBE cells.

Among the 82 COPDGWAS loci, we
evaluated putative functional SNPs at well-
defined loci that have extensive replication
and functional validation studies (loci near
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HHIP and FAM13A) as well as the recently
identified loci (EEFSEC and others) for
which there are no experimental data yet in
the literature. At the FAM13A locus, the
deltaSVM analysis supported rs2013701 as
the most likely functional variant, consistent
with our previousMPRA analysis and
subsequent series of functional evaluations
(6). At theHHIP locus (4q31.21), we
observed significant deltaSVM scores for the
lead SNP from the most recent GWAS for
COPD susceptibility (1), rs13140176,
suggesting putative functional effects of this
SNP in AT-II cells and 16HBE cells. The risk
allele rs13140176-G leads to decreased
chromatin accessibility in AT-II cells as
predicted by deltaSVM, providing evidence
of a possible mechanism to explain that this
risk allele is also associated with lowerHHIP
expression (1, 40). Future validation of
regulatory roles for rs13140176 onHHIP
expression in human AT-II cells may help
confirm its function. Although we did not
find any evidence of a putative function for
previously reported functional SNPs
rs1542725 and rs6537296 (36) on the basis of
deltaSVM scores, it is notable that the
previously identified 2.4-kb enhancer region
(36) spanning these two SNPs lies directly
adjacent to rs13140176 (,250 bp upstream).
Moreover, the previously reported SNP
affecting SP3 binding (rs1542725) is located
,800 bp from rs13140176. Additional
functional studies within this genomic region
are warranted because there may be multiple
functional variants regulating transcription
ofHHIP.

At the FAM13A locus (4q22.1), we
compared deltaSVM predictions with an
experimental MPRA study in which our
group had previously identified 45
variants with regulatory activity in the
Beas-2B HBE cell line (6). Five variants
that were analyzed in this study as part of
the PICS credible set demonstrated allele-
specific activity in the MPRA experiments
(rs11722033, rs1964516, rs2013701,
rs7671167, and rs7674369). Only
rs2013701, previously identified as a
functional variant in this locus by using
reporter assays and endogenous genome-
editing assays, scored significant
deltaSVM values in our study (in 16HBE
and LF cells). Scores for rs2013701 in the
other lung-cell types (AT-II, NHBE, and
SAEC) were increased but did not reach
statistical significance. Thus, our analysis
confirmed that rs2013701 has regulatory

capacity and that it may in fact be at least
one of the causal variants at this locus.

We further demonstrated the usefulness
of this approach to help identify putative
functional variants in loci where the LD
pattern cannot be resolved by statistical fine
mapping. At the EEFSEC locus (3q21.3), we
found strong evidence supporting a
functional role for the lead SNP, rs2955083,
in all four primary lung-cell types, despite
low causal probability calculated by PICS due
to extensive LD. Of interest, rs2955083,
located in the intron between exons 1 and 2
of the EEFSEC gene, has previously been
associated with COPD and lung function (1,
2, 35, 41, 42). Based on HaploReg version 4.1
annotations, this variant intersects promoter
and enhancer histone marks in ENCODE
lung tissues andmay alter 25 different
regulatory motifs, including members of the
Fox (forkhead box) transcription factor
family, which are critical regulators of lung
morphogenesis and maintain gene
expression in differentiated epithelial cells (2,
43–46). Future experimental validation may
help to determine the transcription factor
bound to this variant, tissue-specific function
of the variant, and target gene(s) of the
variant.

To our knowledge, our study presents
the first bulk profiling of open chromatin
and modeling of sequence-based
regulatory impact in multiple lung-cell
types, including human AT-II cells, a
critical cell type for COPD, with little
prior epigenetic data. This is especially
pertinent for COPD because, using
stratified LDSC, we demonstrated that
disease heritability is enriched specifically
in AT-II OCRs compared with OCRs of
other lung-cell types. This evidence
supports previous findings that COPD
heritability is enriched in AT-II cells
(based on human single-cell gene
expression in lungs and murine single-cell
ATAC-seq) (1). It has been shown that
deltaSVM predictions are highly cell type
dependent and that training on the
appropriate cell type is crucial for
accurately identifying disease-associated
SNPs (31). Therefore, we hypothesized
that training the gkm-SVM on AT-II
OCRs and calculating deltaSVM scores
would improve identification of functional
COPD variants. Our discovery of several
loci with strong putative effects in AT-II
cells compared with the other lung-cell
types supports this hypothesis but will
require further experimental validation.

This was especially true at the 22q11.21
(intronic region ofMICAL3) locus, where
the lead SNP rs9617650 (PICS
probability5 96.7%) scored the largest
absolute deltaSVM score in AT-II cells
compared with all other cell types
(including ENCODE DNase
hypersensitivity). AT-II cells also play a
central role in other lung diseases, such as
idiopathic pulmonary fibrosis, and their
role in producing surfactant is critical to
normal lung function (47, 48). Thus, these
chromatin accessibility profiles and
functional predictions may further
elucidate the role of genetic variants in
other lung traits.

We recognize several limitations of
this present study. First, a small sample
size of cell types and technical limitations
precluded the analysis of replicates for
some cell types. Future profiling of
additional lung-cell types (such as cells
from fetal lung, type I alveolar cells,
smooth muscle cells, and pulmonary
microvascular endothelial cells) may more
comprehensively inform the functional
impact of COPD risk variants.
Furthermore, these investigations will
benefit by including open chromatin data
from specific contexts, including different
stages of lung development and lung
samples from patients with COPD. In
addition, because of feasibility, the AT-II
epithelial cells in our studies were
collected immediately after flow-sorting
enrichment, whereas other cell types were
cultured for a small number of passages
(,4) before collection for ATAC-seq; this
technical difference could have influenced
our results. Second, the optimal method
for identifying putative causal SNPs in
complex diseases is evolving. Fine
mapping using additional statistical
methods (such as those that allow
multiple causal variants at a locus and
those that jointly model functional
annotations) may result in different SNP
sets to evaluate for functional impact.
Third, our approach focuses on causal
SNPs that may alter the chromatin state
and ultimately gene expression. Other
molecular mechanisms such as alternative
splicing (49) or deleterious coding variants
(1) are beyond our current identification
approach. Interestingly, at the 10q22.3
locus, the lead SNP rs721917, with a PICS
probability of 97.2%, is a missense variant,
resulting in a methionine-to-threonine
mutation in surfactant protein D. We also



observed a large deltaSVM score for
rs721917 in AT-II cells, suggesting that it
may influence gene transcriptional
regulation as well as protein structure.
Overall, confirmation of these prioritized
functional variants in this study requires
future functional variations by combined

molecular biology approaches such as
reporter assays and CRISPR-mediated
genome editing targeting the variants in
relevant lung-cell types. Despite the
limitations we have outlined, our results
demonstrate that integrating ATAC-seq
information with genetic-association and

statistical fine-mapping evidence can assist in
the challenging task of identifying
functional variants for complex diseases like
COPD.

Author disclosures are available with the
text of this article at www.atsjournals.org.
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