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ABSTRACT

SNV rs12477314 (C>T; 1000G MAF =0.14), which maps to an intergenic region on 2q37.3, is a genome-wide significant associ-
ation signal for pulmonary function in genome-wide association study meta-analyses. Bioinformatic analysis revealed that the
intergenic region in proximity to the sentinel SNV is enriched for histone methylation markers suggestive of active enhancer
regions modifiable by DNA methylation. The aim of this study was to investigate the functionality of putative enhancer/s and
their potential interaction with CpG islands in the genomic region tagged by rs12477314 and their relevance to lung disease, in
particular COPD. Two independent CRISPR/Cas9n-targeted deletions of the putative enhancer/s were performed in an airway
epithelial cell line (NCI-H460). Deletion clones were subjected to RNA-Seq, and differential expression gene (DEG) datasets
were generated using the Cufflinks version 2.2.1 pipeline (p-FDR <0.05). Biological pathway analysis was performed using
Qiagen's Ingenuity Pathway Analysis. Associations with the blood proteome were explored in UK Biobank. Our results suggest
that the deleted regions are co-acting enhancers regulating overlapping gene expression patterns. The DEG datasets from the
two genomic deletions are enriched for similar canonical pathways, which may contribute to a pro-inflammatory phenotype.
Pathway-based regulatory effects analysis of the two DEG datasets resulted in identifying potential downstream biological pro-
cesses. There was overlap between the pathways identified in protein association datasets and the DEG datasets. Our results
suggest that the genomic region tagged by SNV rs12477314 constitutes a regulatory region responsible for regulating biological
pathways conducive to a systemic inflammatory phenotype.

1 | Introduction with lung function traits and disease. However, identifying the
mechanisms underlying these observed associations remains a

In the past 15years, numerous large-scale GWAS have been challenge [9].

conducted focusing both on lung function (mainly spiromet-

ric) measures, as well as COPD [1-8]. These studies have iden- The locus tagged by rs12477314 (downstream of HDAC4) was

tified a large number of genomic regions showing association one of the first identified as showing association with lung
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function measures (FEV,/FVC). The association was discovered
in a GWAS and large-scale follow-up study led by the SpiroMeta
and CHARGE consortia [6]. SNV rs12477314 (C>G,T) is a rela-
tively common variant present across multiple ethnicities, with
a minor allele frequency (MAF) of 0.14 (T) in the 1000Genomes
Phase 3 combined population. SNV rs12477314 is located in
an intergenic region on 2q37.3 flanked by two oppositely tran-
scribed protein-coding genes, HDAC4 and TWIST2, and a linc-
RNA: FLJ43879. The T allele of rs12477314 was associated with
an increased FEV,/FVC ratio. The effect size of rs12477314 ex-
plained a modest proportion of the additive genetic variance in
FEV,/FVC. Soler Artigas et al. reported consistent directions of
estimated effects on lung function between adults and children
at 7-9years of age for rs12477314, indicating a possible effect
on lung function development. The effect on lung function of
rs12477314 was similarly apparent in both never smokers and
ever smokers.

In a recent multi-ancestry genome-wide association analyses
focusing on genes and pathways influencing lung function and
COPD, SNV rs12477314 as well as other SN'Vs in high LD with
rs12477314 were all reported to have significant posterior proba-
bilities, suggesting either a shared causal variant across traits or
more than one distinct causal variant underlying the association
signals ([10]). However, SNV rs12477314 was reported to have
the highest posterior probability when compared to the other
SNVs within its LD block [10].

Our initial bioinformatic analysis revealed that the intergenic
region in proximity to SNV rs12477314 is enriched for histone
methylation markers suggestive of active enhancer regions with
potential for regulation by DNA methylation. In this study, we
therefore investigated the possibility that epigenetic regulation
at the genomic region tagged by SNV rs12477314 could be driv-
ing changes in gene expression that might explain the observed
association with lung function.

2 | Methods
2.1 | Experimental and Methodology Overview

A bioinformatics review of genomic region 2q37.3, in proxim-
ity to sentinel SNV rs12477314, was performed with the aim of
gaining insights into the mechanisms underlying the GWAS
signal associating sentinel SNV to lung function measures.
Functionality of putative enhancer/s identified from the bioin-
formatics review and their potential interaction with CpG is-
lands in the intergenic regions encompassing the LD block of
sentinel SNV rs12477314 were investigated through targeted
CRISPR Cas9n deletion/s of putative enhancer regions, followed
by RNA-Seq of generated CRISPR deletion clones as compared
to wild type (WT) cells, and generation of differentially ex-
pressed genes' datasets and resultant DEG data analysis.

2.2 | Bioinformatic Review of Genomic Region
2q37.3, in Proximity to Sentinel SNV

Web-based resource LDlink https://1dlink.nci.nih.gov [11] was
used to investigate linkage disequilibrium (#>>0.5) between

SNV rs12477314 and other known SNVs in the genomic region
in proximity to the sentinel SN'V. Methylation quantitative trait
loci (meQTLs) of sentinel SNV and of SN'Vs within its LD block
(r*>0.5) were explored using the Genevar 3.3 database (http://
www.sanger.ac.uk/resources/software/genevar).  Expression
quantitative trait loci (eQTLs) of sentinel SNV and of SN'Vs
within its LD block (r2>0.5) were also explored. The genotype-
tissue expression (GTEx v8) portal (https://gtexportal.org) was
queried for eQTLs in lung tissue, and also other tissue datasets
available in the database. ChIP data sets originating from various
cell types published in the Integrative Genomic Viewer (IGV)—
Broad Institute (http://software.broadinstitute.org/software/
igv/; [12]) were analyzed for chromatin predictive markers
of enhancer regions in the intergenic region around sentinel
SNV, ranging from around 40 Kbp upstream to around 40Kbp
downstream of rs12477314 (Chr 2:239877148; GRCH37.13) and
encompassing the LD block r?>0.5. H3K4mel and H3K27ac
were used as the markers for gene enhancer regions. Markers
for promoter regions/activation, insulator regions, and repres-
sors—H3K4me3, CTCF, and H3K27me3, respectively, were also
analyzed.

2.3 | PheWAS Analysis and Protein Association
Analysis

Deep-pheWAS [13] was used to test the association of rs12477314
with 1899 phenotypes in UK Biobank, including clinically cu-
rated composite phenotypes for health outcomes, continuous
traits from primary care data, disease progression, and drug
response. Binary outcomes with fewer than 50 cases and con-
tinuous traits in fewer than 100 individuals were excluded. An
additive genetic model was tested using either linear regression
(for continuous traits) or logistic regression (for binary out-
comes), adjusting for age, sex, genotyping array, and the first 10
ancestry-based principal components (PCs), with a false discov-
ery rate of 1%.

Protein levels were measured from UK Biobank participants’
blood samples (N = 54 219) using the Olink platform. Association
between rs12477314 C>T and protein levels were tested assum-
ing an additive genetic model. All proteins showing association
(p-value <0.05) were then subjected to biological pathway anal-
ysis and upstream regulator analysis using Qiagen's Ingenuity
Pathway Analysis (IPA). For canonical pathway analysis, the
—log (p-value) >1.3 (p-value <0.05) was taken as the thresh-
old, the Z-score >2 was defined as the threshold of significant
activation, whilst Z-score < —2 was defined as the threshold of
significant inhibition. For upstream regulators, the p-value of
overlap <0.05 was set as the threshold.

2.4 | Selection of Genomic Regions Targeted
for CRISPR Deletion

On the basis of the bioinformatic data, in particular chroma-
tin signatures for enhancer regions, as well as eQTLs and CpG
DNA methylation markers identified as quantitative trait loci of
SNV 1812477314 (Chr 2:239877148; GRCH37.13), and its proxy
SNVs, selected genomic regions were targeted for deletion. The
CRISPR/Cas9 nuclease technique was used for this purpose.
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FIGURE 1 | A diagrammatic presentation of the SNVs constituting the LD block (+>>0.5) of rs12477314, superimposed with the two targeted
CRISPR deletions shown as orange boxes: ‘Deletion A’ consisting of a circa 5Kb CRISPR deletion upstream of rs12477314 and ‘Deletion B’ consisting
of a circa 15Kb CRISPR deletion downstream of rs12477314. The diagram shows that ‘Deletion A’ encompasses a CpG DNA methylation marker
(cg19405162) and four proxy SNVs of rs12477314: rs36119524, rs34177861, rs12999257 and rs13012923, whereas ‘Deletion B’ encompasses a CpG
DNA methylation marker (cg16640358) and nine proxy SNVs of rs12477314: rs35877146, rs12467854, rs11683769, rs11679161, rs7593823, rs35945722,

1s61215441, rs34782808, and rs10199914.

Two regions were targeted for CRISPR deletion: (i) Deletion ‘A’
consisting of a circa 5Kb region upstream of rs12477314 (Chr
2:239866844-239871938; GRCH37.13) and (ii) Deletion ‘B’
consisting of a circa 15Kb region downstream of rs12477314
(Chr2:239884251-239900294; GRCH37.13). Figure 1 is a dia-
grammatic presentation of the LD block (2> 0.5) of rs12477314,
superimposed with the two targeted CRISPR deletions, and
annotating the presence of CpG DNA methylation markers.
Table 1 summarizes the genomic features within the two tar-
geted CRISPR deletions, including SNVs in LD with sentinel
SNV, meQTLs (cg methylation markers), eQTLs in lung tissue,
and H3K4mel chromatin signatures indicative of enhancer
activity, which are associated or potentially associated with
the lung function GWAS signal as tagged by sentinel SNV
rs12477314. The selected deletion regions also took into con-
sideration CRISPR guide RNA design and the related predicted
efficiency score.

2.5 | CRISPR Plasmid Construction

CRISPR guide RNA was designed using the tool at crispr.mit.
edu. Guide RNA sequences meeting the 85% efficiency quality
threshold were selected from the generated nuclease analysis
report. The guide RNA sequences were synthesized as two
complementary single-stranded DNA oligonucleotides, which
were subsequently annealed and inserted into the CRISPR/
Cas9 nuclease plasmid as per the manufacturer's protocol. We
used two different CRISPR/Cas9 nuclease constructs each
targeting one of the two CRISPR/Cas9 mediated genome dele-
tions: (i) an all-in-one vector construction system supplied by
Addgene (#42230) and based on the pX330 vector originally
developed by the Feng Zhang laboratory; (ii) CRISPR/Cas9
GeneArt (GenScript) CRISPR nuclease vector. Guide RNA

sequences of ‘Deletion A GCATGCTCGTGTGCTAGCTC
5" of targeted deletion cutting at location Chr2: 239866844
(GRCH37.13), and GATCCAGGTTTCTGCGTCCG 3’
of targeted deletion cutting at location Chr2:239871938
(GRCH37.13). Guide RNA sequences of the ‘Deletion B
GCGTATACTGCTCGGGTGAT 5 of targeted deletion
cutting at location Chr2:239884251 (GRCH37.13), and
AACGTTGCCCTAGTACCCAT 3’ of targeted deletion cutting
at locationChr2: 239900294 (GRCH37.13).

A scrambled control plasmid expressing the non-specific gRNA
(5-GCACTACCAGAGCTAACTCA-3') was applied as a nega-
tive control. The guide RNA sequences were synthesized as two
complementary single stranded DNA oligonucleotides, which
were subsequently annealed and inserted into CRISPR/Cas9
nuclease plasmid. This non-specific gRNA sequence has been
cited in various publications concerning gene targeting using
CRISPR/Cas9 [14-16].

2.6 | Cell Culturing

ATCC NCI-H460 cell line HTB-177, a human lung epithe-
lial large cell carcinoma cell line, was used as the cell model.
The NCI-H460 cell line harbors the LD block of sentinel SNV
rs12477314, as revealed by genotyping by Sanger sequencing of
sentinel SNV and several SNVs (rs34177861, rs12999257, and
rs13012923) within its LD block (r>>0.5). NCI-H460 cells were
cultured in RPMI-1640 (Sigma-Aldrich) supplemented with 10%
fetal bovine serum (FBS). Cells were kept in a humidified 10%
CO, atmosphere at 37°C. Cells were transfected with CRISPR
construct plasmid/s and plasmid vector pBabe-puro (Addgene
#1764) encoding a puromycin resistance gene, using NeuroMag
(OzBiosciences) and magnetofection technology.
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TABLE1 | Genomic features within the two targeted CRISPR deletions.

Targeted Association with
CRISPR Deleted genomic Other genomic lung function
deletion feature meQTL SNVs eQTL/Tissue associations/relevance GWAS [6]
Deletion A cg19405162 rs12477314 Sentinel SNV
1512477314
cg19405162 14511740 rs4511740 is also eQTL for LD r?=0.8367,
TWIST2 in lung tissue with rs12477314
rs34177861 TWIST2/Lung LD r2=0.9461,
with rs12477314
rs36119524 LD r2=0.9461,
with rs12477314
rs12999257 LD r?=0.8046,
with rs12477314
rs13012923 LD r?=0.8718,
with rs12477314
H3K4mel chromatin Putative enhancer activity
signatures
Deletion B cg16640358 14511740 rs4511740 is also eQTL for LD r?=0.8367,
TWIST2 in lung tissue with rs12477314
1s35877146 LD r2=0.7890,
with rs12477314
rs12467854 LD r2=0.7379,
with rs12477314
rs11683769 LD r2=0.7438,
with rs12477314
rs11679161 LD r?=0.7438,
with rs12477314
1s7593823 LD r?=0.7438,
with rs12477314
r$35945722 LD r?>=0.7656,
with rs12477314
1s61215441 LD r?=0.4840,
with rs12477314
rs34782808 LD r2=0.5165,
with rs12477314

H3K4mel chromatin
signatures

Putative enhancer activity

Note: Table summarizes genomic features including SN'Vs in high LD of r>>0.5 with sentinel SNV rs12477314, meQTLs (cg methylation markers), eQTLs in lung
tissue, and H3K4mel chromatin signatures indicative of enhancer activity, which are associated or potentially associated with the lung function GWAS signal [6] as
tagged by sentinel SNV rs12477314. Bioinformatic data sourced from publicly available resources: LDlink https://ldlink.nci.nih.gov [11] for Linkage disequilibrium
data; Genevar database (https://www.sanger.ac.uk/tool/genevar), and mQTLdb database (http://www.mqtldb.org/) for analysis of meQTLs; GTEx database v8
(https://gtexportal.org/) for analysis of eQTLs; and IGV (https//software.broadinstitute.org/software/igv/) for annotation of enhancer chromatin signatures.

2.7 | Isolation of CRISPR Clones

CRISPR positive clones were enriched for using puromycin selec-
tion (1 pg/mL of culture medium) and isolated by serial dilution
in 96-well plates. CRISPR clones were first screened for targeted
deletion using PCR and gel electrophoresis and then confirmed
with Sanger sequencing following clone expansion. Primers for
screening and sequencing of CRISPR clones were designed using

the NCBI Primer BLAST online tool (http://www.ncbi.nlm.nih.
gov/tools/primer-blast). For the targeted ‘Deletion A’, screen-
ing primers were designed bordering the target deletion region
(forward primer 5-GGCAATGAGTGGCAAGTTGG-3’; reverse
primer 5-AGCAAACACTGATGGAGCCT-3’). This single set
of primers captured both the CRISPR deletion product and the
non-deleted product. For the targeted ‘Deletion B’, and consid-
ering the significant size of the deletion, two sets of screening
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primers were designed: one set consisted of primers bordering
the target deletion region, capturing the CRISPR deletion prod-
uct (forward primer 5-GCACGTTGGTAGGAATGTAAAC-3’;
reverse primer 5“TTAGAAGATATGCGGGTGGC-3"), and the
second set of primers designed with primers within the targeted
deletion sequence, capturing the non-deleted product (forward
primer 5-AGAGAACGCCCTGACAATGG-3’; reverse primer
5-CTGGGGCCCGTCACATAAAT-3'). Sequencing primers
were designed bordering the target deletion region: ‘Deletion A’
(forward primer 5-AGGCCTTTCCCCCTAAGAAC-3'; reverse
primer 5-GATGGTGTCCTCGCCCTTTC-3') with a theoretical
amplicon size of 837 bp for the deleted product, whereas ‘Deletion
B’ (forward primer 5-ATCAGCCCAAATGCCCATC-3'; reverse
primer 5-ATACCATCACACACCCACC-3') with a theoretical
amplicon size of 601 bp for the deleted product.

Three bi-allelic clones were isolated for ‘Deletion A’. For all
three bi-allelic clones, sequencing confirmed a deletion of
5094bp, in the region between 238945148 and 238950242 on
Chr:2, GRCh38.p12, thus corresponding to the CRISPR target
deletion sites as designed. One monoallelic clone was isolated
for ‘Deletion B’. Sequencing confirmed a deletion of 15639 bp,
in the region between 238962985 and 238978624 on Chr:2,
GRCh38.p12. The latter implied a deletion offset of +430bp (in-
sertion relative to predicted deletion) at the 5’end, and —26bp
(deletion relative to predicted deletion) at the 3’end.

2.8 | RNA-Seq Experiments

H460 cells were transfected at passage 5 with the CRISPR/Cas9n
plasmids targeting the desired genome deletions, as well as the
pBabe-puro plasmid vector for eventual puromycin-mediated
CRISPR clone enrichment. Transfected cells underwent a fur-
ther four subculturing passages prior to RNA extraction. In
parallel to the above procedure, H460 cells were transfected
with the CRISPR/Cas9 scrambled control plasmid and pBabe-
puro. Similarly, wild type/non-treated H460 cells were cultured
as controls in parallel with the CRISPR/Cas9-transfected cells
and subcultured over the same time period as for the CRISPR/
Cas9-transfected cells prior to RNA extraction. RNA samples
originating from the below-listed cell samples were prepared for
RNA-Seq and differential gene expression (DEG) analysis: (i) 3
biological replicates of CRISPR ‘Deletion A’ H460 clones; (ii) 2
technical replicates of CRISPR ‘Deletion B’ H460 clones; (iii) 3
biological replicates of scrambled CRISPR H460 cells (Negative
control); (iv) 3 biological replicates of wild type non-transfected
H460 cells.

2.9 | RNA-Seq Bioinformatic Workflow

RNA-Seq of CRISPR deletion clones was compared to wild type
cells through generation of differential expressed genes’ datasets
and resultant DEG data analysis. We tested the null hypothesis
that the logarithmic fold change between treatment and control
for gene expression is zero, i.e., that the gene is not at all affected
by the treatment (in our case effect of targeted CRISPR dele-
tion). RNA was extracted from CRISPR clones using QIAzol.
Quantitation of RNA and evaluation of integrity was determined
by electrophoretic assays using the Agilent 2100 Bioanalyzer.

RNA-Seq was performed at the RNA-Seq service provider, BGI
Genomics, China. RNA-Seq protocol consisted of four standard
steps: (i) quality checks and filtering of the raw reads to obtain
the ‘clean reads’ (ii) alignment of raw reads to the reference ge-
nome, (iii) assembly of gene expression from aligned reads, and
(iv) generation of differential gene expression from assembled
gene expression. Clean reads were achieved by filtering out
the low-quality reads, reads with adaptors, and reads with un-
known bases (N bases more than 5%), using SOAPnuke v1.5.2.
Clean reads were stored in the FASTQ format and genome-
mapped using HISAT v2.0.4 (http://www.ccb.jhu.edu/softw
are/hisat). The .bam files contained data that was aligned to
human genome assembly GRCh37-hg19. Differential gene ex-
pression analysis was carried out using cufflinks tools version
2.2.1, freely available from http://cole-trapnell-lab.github.io/
cufflinks/. Assembled transcripts from each .bam file were gen-
erated using cufflinks. This generated the transcript assembly
file “transcripts.gtf” for each .bam file, which listed the FPKM
values for genes for each sample analyzed. The following gene
expression data files were generated: three biological repli-
cates H460-CRISPR1, H460-CRISPR2, and H460-CRISPR3
for ‘Deletion A’; two technical replicates H460-CRISPR4 and
H460-CRISPRS5 for ‘Deletion B’; three replicates H460-WT1,
H460-WT2,and H460-WT3 for the wild type H460 cell; and three
replicates H460-WTSCR1, H460-WTSCR2, and H460-WTSCR3
for the wild type scrambled H460 cell. All transcripts.gtf files
were merged into one single transcriptome assembly. This step
also included the incorporation of a genomic annotation file for
GRCh37-hg19, which was downloaded from the University of
California Santa Cruz Genomic Institute (UCSC) at URL http://
hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/genes/
hgl9.refGene.gtf.gz. The .gz file was expanded to hgl9.ref-
Gene.gtf before being used. Merging was carried out using cuff-
merge. The cuffmerge-generated “merged.gtf” files were then
used to carry out differential expression analysis on all sam-
ples. Differential gene expression files were subsequently gen-
erated using cuffdiff on the “merged.gtf” file, multiple times,
with each run specifying which samples were to be compared
against each other for differential gene expression analysis. This
procedure generated multiple files, including a tab-delimited
“gene_exp.diff” file, which contained the respective differential
gene expression data, as well as the following fields for each dif-
ferentially expressed gene: test id, gene id, gene locus, sample_1,
sample_2, status, value_1, value_2, log, (fold change), test stat,
p-value, g-value, significant. We applied the default false discov-
ery rate (FDR) for Cuffdiff of 5%. Cuffdiffreports/output included
the gene- and transcript-related attributes, i.e., common name
and location, gene and transcript expression level changes, and
main statistics of fold change (in log, scale), p-value, and g-value
(FDR adjusted p-value; p-FDR). Application of the FDR adjusted
p-value generated the list of differentially expressed genes pass-
ing multiple-test adjustment controlled for false discovery rate.
Thresholds of g-value (p-FDR) <0.05 and of log, fold change of
+1 (fold change of +2) were sequentially applied in order to de-
termine the statistically relevant differentially expressed genes.
Significant differentially expressed genes for each analysis were
ranked on the basis of log, fold change.

The bioinformatic workflow was applied in two stages. In
the first stage, we generated DEG datasets for each of the
five CRISPR deletion clones using the cufflinks pipeline by

50f 18

8518017 SUOWWOD 8AIEa.D 3(gedldde ayy Aq peusenob ae sajolie VO ‘88N JO S9INJ 10j A%eiqiT8UlIUQ AB|IM UO (SUOHIPUOD-PUR-SWURIALIO" A3 1M ARIq U1 |UO//STIY) SUOIPUOD Pue SWwe 1 8y 88S *[9202/T0/ST] uo AkiqiTauluo A1 e JO AIseAIUN Ad H80ZE0YZ0Z [1/960T OT/I0PW00" A8 |1 Afe.d 1 jpul[UO"gesey//Sdny Wo1j papeo|umoqd ‘2T ‘SZ0Z ‘09890EST


http://www.ccb.jhu.edu/software/hisat
http://www.ccb.jhu.edu/software/hisat
http://cole-trapnell-lab.github.io/cufflinks/
http://cole-trapnell-lab.github.io/cufflinks/
http://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/genes/hg19.refGene.gtf.gz
http://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/genes/hg19.refGene.gtf.gz
http://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/genes/hg19.refGene.gtf.gz

comparing each CRISPR deletion clone with the H460 wild
type cells samples set made up of three biological samples
replicates. This approach allowed us to analyze DEGs log,
fold change across the individual deletion clones for each of
the two CRISPR deletions. In the second stage, we generated
DEG datasets for the CRISPR deletion sample set as a whole,
using the cufflinks pipeline. This approach involved gene
expression data comparison between two individual sample
sets. For example, H460-CRISPR ‘Deletion A’ dataset made up
of gene expression data of H460-CRISPR1, H460-CRISPR2,
and H460-CRISPR3 was compared as one dataset, with the
H460-Wild Type sample set made up of gene expression data
of H460-WT1, H460-WT2, and H460-WT3 to generate DEG
dataset ‘H460-WT vs CRISPR Deletion A’. Five DEG datasets
were consequently generated: H460-WT vs. H460-WTSCR;
H460-WT vs. CRISPR Deletion A; H460-WTSCR vs. CRISPR
Deletion A; H460-WT vs. CRISPR Deletion B; H460-WTSCR
vs. CRISPR Deletion B.

Heatmap analysis was applied to the DEG datasets to evaluate
sample data clustering and differential gene expression vari-
ation across the individual samples. Fold changes (log, fold
changes) and p-values (negative logl0-transformed p-values)
were combined to provide a graphical summary of DEGs in
the form of a ‘volcano plot’. Volcano plots were generated
using VolcaNoseR web based tool (https://huygens.science.
uva.nl/VolcaNoseR).

2.10 | Analysis of DEG Datasets

Differentially expressed gene analysis was performed on
the generated DEG datasets. In order to isolate only those
genes which were differentially expressed as a result of the
CRISPR deletions, we compared gene expression across
the different cell populations. Differential gene expression
which occurred between untreated cells, and those trans-
fected with scrambled guide-RNA construct was omitted
from analysis. Furthermore, in order to add robustness to
our analysis, we only considered those genes that were differ-
entially expressed both when comparing CRISPR deleted to
untreated cells, as well as when comparing CRISPR deleted
to CRISPR-scrambled transfected cells. The resultant subset
of genes denoted as ‘region of interest’ genes in the Venn di-
agram (Figure 2) were generated by inputting the respective
lists of differentially expressed genes meeting the differential
expression cutoff criteria (log, fold change <-1 or >+1; g-
value (p-FDR) <0.05) into the tool Venny 2.1.0 available at
https://bioinfogp.cnb.csic.es. This procedure was followed
independently for the ‘Deletion A’ and ‘Deletion B’ datasets.
The Venn Diagram ‘region of interest’ as displayed in the ‘gray
zone’ represents DEGs that are differentially expressed as a
consequence of the CRISPR deletions only, and limits the in-
clusion of DEGs as a consequence of transfection procedure
itself and potential resultant off-target effects on differential
gene expression. This approach applies an additional level of
stringency as it controls for effects other than those due to the
CRISPR deletion itself. Once the genes within the region of
interest were identified, the respective tab separated .diff files
were imported into the Galaxy genomics toolset available at

Region of interest

CRISPR vs

untransfected CRISPR vs

WILD scrambled
(CRS/SCR)

(CRS/WLD) '
Scramblyéd“WleI_D;” \
vs

untransfected
WILD

(SCR/WLD)

FIGURE2 | Venndiagram analysis. Venn diagram approach to iden-
tify only those differentially expressed genes which showed consistently
altered expression when compared to untreated/untransfected cells and
to cells transfected with CRISPR plasmids carrying a scrambled guide
RNA sequence.

https://usegalaxy.org/ and filtered using appropriate Query
functions, in order to only isolate the region of interest subset
of genes, with their respective fold change and statistical data.

The resultant DEG datasets were subjected to biological path-
way and network analysis using Qiagen's Ingenuity Pathway
Analysis (IPA) from Ingenuity Systems, Qiagen China Co. Ltd.
IPA core analysis was run on the basis of the following data from
our DEG datasets: gene identifier, log, fold change and corre-
sponding p-FDR value. We defined DEGs as log, fold change
< -1 or >+1; g-value (p-FDR) <0.05. The following filters were
applied in the IPA core analysis: species (Homo Sapiens), organ/
tissue (lung), cut off values for DEGs log, fold change (<-1 or
>+1, as a minimum), and corresponding p-FDR (<0.05). IPA
core analysis was run on the DEGs displayed in the ‘region of
interest’ for ‘Deletion A’ Venn Diagram analysis and ‘Deletion B’
Venn Diagram analysis. IPA core analysis does not take individ-
ual DEG expression levels into account, and is based mainly on
the assumption that transcriptionally altered genes have been
determined using a suitable cut off applied to the measured ex-
pression change, but taking in consideration the direction of
fold change, i.e., whether individual DEGs are upregulated or
downregulated in the DEG dataset [17]. The DEGs in the ‘re-
gion of interest’ originate from two overlapping DEG datasets
(Wild Type vs. CRISPR, and Wild Type Scrambled vs. CRISPR)
with their respective fold change values and statistical data;
however, in consideration of IPA's analytics, IPA core analysis
on the ‘region of interest’ DEGs with statistical data originating
from the two DEG datasets for each CRISPR deletion resulted
in practically the same results. The IPA core analysis presented
were thus referred to as ‘Deletion A’ DEG dataset and ‘Deletion
B’ DEG dataset.

For canonical pathway analysis, the —log (p-value) >1.3 (p-
value <0.05) was taken as the threshold, the Z-score >2 was
defined as the threshold of significant activation, whilst the Z-
score < —2 was defined as the threshold of significant inhibi-
tion. For regulator effects and downstream biological function
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FIGURE3 |

Phenome-wide association study of rs12477314 in UK Biobank participants. Phenotypes are color-coded by category and the direction

of the triangle indicates direction of effect with respect to the minor T allele. The red line shows the FDR threshold of 1%. Statistically associated

phenotypes are labeled.

analysis, consistency scores were calculated, where a high con-
sistency score indicates accurate results for the analysis. For
upstream regulators, the p-value of overlap < 0.05 was set as the
threshold. The algorithm used for calculating the Z scores and
p values of overlap has been described by Kraemer et al. [17].

3 | Results
3.1 | Deep-PheWAS Analysis

Deep-PheWAS analysis plots (Figure 3) show the traits/phe-
notypes resulting from the Phenome-wide association study
of rs12477314 in UK Biobank participants. PheWAS analysis
confirms the association of the minor T allele with respiratory
phenotypes, mainly increased FEV,/FVC ratio, increased FEV,
increased peak expiratory flow, and decreased risk of COPD.
None of the non-respiratory phenotype groups reached statisti-
cal significance in this analysis.

3.2 | Protein Association Analysis and Related
Canonical Pathways

Association of SNV rs12477314 with 2823 proteins measured
in the UK Biobank blood samples (N=54219) using the
OLINK platform resulted in one association reaching FDR

significance. This was advanced glycosylation end product
receptor (AGER) (p-value of 8 x107%, Beta value —0.01596).
At a nominal significance threshold of p-value <0.05, SNV
112477314 associated with 203 proteins. These proteins were
analyzed in IPA to identify enriched canonical pathways and
upstream regulators.

The top 10 enriched canonical pathways are ‘TNF signaling’,
‘Hepatic fibrosis/Hepatic stellate cell activation’, ‘ISGylation
signaling pathway’, ‘Necroptosis signaling pathway’, ‘N-
acetylglucosamine degradation IT’, ‘Irritable bowel syndrome
signaling pathway’, ‘Cachexia signaling pathway’, ‘CGAS-
STING signaling pathway’, ‘Role of hypercytokinemia/hyper-
chemokinemia in the pathogenesis of influenza’, and ‘Role of
PKR in interferon induction and antiviral response’. Table 2
lists the top 10 canonical pathways and corresponding pro-
teins including the —log (p-value) and the Z-score. The top 10
enriched canonical pathways show significant p-values, rang-
ing from 0.0001 for ‘TNF signaling’ to 0.001 for ‘Role of PKR
in interferon induction and antiviral response’. The highest
Z-score magnitude was obtained for the ‘Cachexia signal-
ing pathway’ (negative Z-score: —3.162). Upstream regulator
analysis was also run on IPA. The most significant upstream
regulator based on p-value was the transcription regulator
PFDNS5 (p-value of 8.27 x 107°%). The largest negative Z-score,
indicating significant inhibition, was reported for TNF (Z-
score: —2.426), whereas the largest positive Z-score, indicating
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TABLE 2 | Top 10 canonical pathways and corresponding overlapping proteins.

—log
Ingenuity canonical pathways (p-value) Ratio Z-score Proteins
TNF signaling 4.14 0.0877 —2.236 BAG4, OTUD7B, TAB2, TAX1BP1, XIAP
Hepatic fibrosis/hepatic stellate cell 3.94 0.0417 NA BAX, COL28A1, COL3A1,IL1A,
activation MYH9, PDGFC, SMAD2, TLR4
ISGylation signaling pathway 3.72 0.055 -1.633 EIF2AK2, NFATS5, STAT?2,
TLR4, TRIM25, XIAP
Necroptosis signaling pathway 3.6 0.0432 —2.646 EIF2AK2, PPIF, STAT2, TAB2,
TIMMSA, TLR4, TNIP1
N-Acetylglucosamine degradation II 3.47 NA AMDHD2, NAGK
Irritable bowel syndrome signaling 3.4 0.031 -2.333 ATG16L1, CDHI1, IL17D, IL17RB,
pathway IL1A, IL22, TAB2, TLR4, TNIP1
Cachexia signaling pathway 3.27 0.0272 -3.162 EIF2AK2, EIF2AK3, IL17D, IL1A,
INHBC, PRKAG3, PRKAR2A,
SMAD2, STAT2, TLR4
CGAS-STING signaling pathway 3.18 0.0435 —2.449 ATGI16L1, ATP6V1G1, BAX,
EIF2AK3, IL17D, IL1A
Role of hypercytokinemia/ 3.16 0.0543 -2 EIF2AK2, IFIT3,IL1A, STAT2, TLR4
hyperchemokinemia in the pathogenesis
of influenza
Role of PKR in interferon induction and 3.16 0.0432 —2.236 BAX, EIF2AK2, PDGFC,

antiviral response

STAT2, TAB2, TLR4

Note: Table includes the p-value of the correlation, the ratio of overlap of proteins in the dataset with a number of proteins making up the canonical pathway as in
Ingenuity's knowledge database and Z-score where applicable. Data generated with IPA core analysis based on proteins meeting the statistical significance threshold of

p<0.05.

significant activation was reported for miR-532-3p (Z-score:
3.194).

3.3 | Differentially Expressed Gene Analysis

Volcano plots (Figure 4) show the spread of DEGs for the CRISPR
deletions when compared to wild type or wild type scrambled
cells. A significant number of DEGs (approximately 20% for
‘Deletion A, and 28% for ‘Deletion B’) cluster at the top corners
of the volcano plot, i.e., they achieve statistical significance with
respect to the applied thresholds. The volcano plot representing
the DEG dataset for wild type vs. wild type scrambled compar-
ison showed very few significant changes, suggesting a mini-
mal impact of the transfection procedure on differential gene
expression.

Venn diagram analysis identified 1003 DEGs in the ‘region of
interest’ for CRISPR ‘Deletion A’ and 1451 DEGs in the ‘region
of interest’ for ‘Deletion B’. ‘Deletion A’ DEGs consisted of 672
downregulated genes and 331 upregulated genes. Similarly,
‘Deletion B’ DEGs showed a higher proportion of downreg-
ulated genes: 847 downregulated genes and 604 upregulated
genes (Figure 5A). Comparison of the ‘region of interest’
DEGs from the two CRISPR deletions revealed a significant
DEG overlap between the two CRISPR deletions: 338 common
differentially expressed genes (Figure 5B). Overall, 302 DEGs
(89%) showed the same direction of fold change in both the

CRISPR ‘Deletion A’ and CRISPR ‘Deletion B’ DEG datasets.
The potentially largest contributors to biological function
emerging as a consequence of CRISPR deletions, were ranked
by magnitude of DEG fold change. Table 3 lists the top 20
common differentially expressed genes in CRISPR ‘Deletion
A’ and CRISPR ‘Deletion B’. DEG data shows that the listed
top 20 common DEGs show a remarkable similarity in relative
magnitude of fold change.

The ‘region of interest’” DEGs for the two separate CRISPR de-
letions were analyzed for intra-sample differential expression
variation (Figure 6). Both The CRISPR ‘Deletion A’ and the
CRISPR ‘Deletion B’ heatmaps shows in general consistency in
both direction and magnitude of fold change across the individ-
ual deletion clone samples.

3.4 | Biological Pathway and Network Analysis
of DEGs

An integrated view of gene expression patterns for both differen-
tial expression gene datasets originating from the two separate
CRISPR deletions was obtained by running Ingenuity Pathway
(Ingenuity Systems; Qiagen China Co. Ltd.) core analysis, over-
laying DEG data to the Ingenuity knowledge database to gen-
erate canonical pathways, information on potential upstream
regulators, and downstream networks leading to biological
functions and diseases.
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FIGURE 4 | Volcano plots of the DEG datasets. Diagram shows volcano plots of the five DEG datasets: H460-Wild Type vs. CRISPR ‘Deletion A’
(WT vs ‘Deletion A’), H460-Wild Type Scrambled vs. CRISPR ‘Deletion A’ (SCR vs CRISPR ‘Deletion A”), H460-Wild Type vs. CRISPR ‘Deletion B’
(WTvs ‘Deletion B”), H460-Wild Type Scrambled vs. CRISPR ‘Deletion B’ (SCR vs CRISPR ‘Deletion B’), and H460-Wild Type vs. H460-WT Scrambled
(WT vs SCR). Plot displays the -logl0 p value vs. log2-fold change in expression. The p value cutoff (equivalent to pFDR <0.05 in our datasets) is

noted with the horizontal dashed line, whereas the log, (fold change) cutoff of <—1 and > 1 is noted with the vertical dashed line. DEGs meeting the

significance thresholds of g value (pFDR) <0.05 and log, (fold change) of < -1 and > 1 are displayed as colored dots: Blue dots represent downregu-
lated DEGs, whereas red dots represent upregulated DEGs. Volcano plots generated with VolcaNoseR web based tool (https://huygens.science.uva.

nl/VolcaNoseR).

Figure 7 lists (starting from the most significant) the canoni-
cal pathways that were enriched for in both ‘Deletion A’ and
‘Deletion B’ DEG datasets. For ‘Deletion A, the top six enriched
canonical pathways are ‘Hepatic fibrosis/Hepatic stellate cell
activation’, ‘Axonal guidance signaling’, ‘Atherosclerosis sig-
naling’, ‘Role of macrophages, fibroblasts and endothelial
cells in Rheumatoid arthritis’, ‘Airway pathology in COPD’,
and ‘Human embryonic stem cell pluripotency’. Table 4A
lists the top six canonical pathways and corresponding DEGs

including the —log (p-value) and the Z-score. The top six en-
riched canonical pathways show highly significant p-values,
ranging from 0.000001 for ‘Hepatic fibrosis/Hepatic stellate
cell activation’ to 0.00089 for ‘Human embryonic stem cell
pluripotency’; ‘Airway pathology in COPD’ was enriched for
with a p-value of 0.00085. The highest Z-score magnitude for
‘Deletion A’ was obtained for the PPAR signaling pathway as
indicated by the color saturation in bar graph (negative Z-
score: —1.897). For ‘Deletion B’, the top six enriched canonical
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FIGURE 5 | Venn diagram presentation of DEGs. (A) The ‘gray zone’ represents DEGs that are differentially expressed as a consequence of
the CRISPR deletions. Data shown for ‘Deletion A’ incorporating DEG datasets H460-Wild Type vs. H460-WTScrambled, H460-Wild Type vs.
CRISPR ‘Deletion A’, H460-Wild Type Scrambled vs. CRISPR ‘Deletion A’; and ‘Deletion B’ incorporating DEG datasets H460-Wild Type vs. H460-
‘WTScrambled, H460-Wild Type vs. CRISPR ‘Deletion B’, H460-Wild Type Scrambled vs. ‘Deletion B’. (B) Venn diagram presentation compares DEGs
between the ‘region of interest’ DEGs of the two CRISPR deletion experiments and shows that three hundred and thirty eight genes overlap between

the two datasets, i.e., are commonly differentially expressed. DEGs meet the statistical significance criteria: q value (pFDR) threshold of <0.05 and
log, (fold change) threshold of <—1 and > 1. Venn diagram generated using Venny2.1 (http://bioinfogp.cnb.csic.es/ttols/venny/index.html).

pathways are ‘Atherosclerosis signaling’, ‘Hepatic fibrosis/
Hepatic stellate cell activation’, “Th1 and Th2 activation path-
way’, “Th1 pathway’, ‘Axonal guidance signaling’, and ‘Airway
pathology in COPD’. Table 4B lists the top six canonical path-
ways and corresponding DEGs including the —log (p-value)
and the Z-score. Highly significant p-values were also ob-
tained for the top six enriched canonical pathways ranging
from 0.00016 for ‘Atherosclerosis signaling’ to 0.004 ‘Airway
pathology in COPD’. The highest Z-score magnitude for
‘Deletion B’ was obtained for the ‘oxidative phosphorylation’
pathway (negative Z-score: —2.828).

Upstream regulator analysis was also run on IPA for both
‘Deletion A’ and ‘Deletion B’ DEG datasets. The goal of this anal-
ysis is to identify molecules upstream of the genes in the datasets
that potentially explain the observed gene expression changes.

We prioritized resulting upstream regulators that are known
transcriptional regulators and that are themselves differentially
expressed in our DEG datasets. For ‘Deletion A’, the most signifi-
cant upstream regulators/transcription factors based on p-value
were JUN (p-value of 3.3x107%), EGR1 (p-value of 2.0x1077),
and SMAD3 (p-value of 3.0x107%). As reflected by a positive
significant Z-score, EGRI and SMAD3 were activated in the
‘Deletion A’ DEG dataset. The transcriptional repressor PER2
located on 2q37.3 and the closest DEG to the deleted regions was
also identified as a transcriptional regulator (p-value of 0.01)
for the ‘Deletion A’ DEG dataset. For ‘Deletion B’, the most sig-
nificant upstream regulators/transcription factors based on p-
value were SMARCA4 (p-value of 5.1 x 1071%), NFxBI (p-value of
2.5%x107%), PRDM1I (p-value of 8.1x107%), and EPASI (p-value
of 1.8 x107°). Z-score values indicated PRDM1 in an inhibited
state, whereas EPASI is activated.
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TABLE 3 | Top 20 common differentially regulated genes in ‘Deletion A’ and ‘Deletion B’ datasets, ranked by log, (fold change) magnitude.

CRISPR Deletion A CRISPR Deletion B
Gene Locus log, (fold change) q Value log, (fold change) q Value
LUM chr12:91439108-91505274 —9.38415 0.00077 —8.88461 0.0009
PCSK2 chr20:17206751-17465222 —4.54477 0.00077 —9.80508 0.0020
SHH chr7:155592590-155605157 —5.1648 0.00077 —7.79277 0.0009
CDH18 chr5:19470867-20575822 —7.26571 0.00077 —5.08624 0.0009
LRATD1 chr2:14772840-14792040 —5.28939 0.00077 —6.64472 0.0195
MIR331, MIR3685 chr12:95701557-95704389 —4.69583 0.00077 —7.19665 0.0009
FMOD chr1:203309755-203320250 —3.44904 0.00077 —7.27492 0.0278
GALNT17 chr7:70596322-71178584 —4.25044 0.00077 —6.22291 0.0009
BMP2 chr20:6748332-6760893 -5.67 0.00077 —4.49277 0.0009
STS chrX:6966960-7272851 —4.23516 0.00077 —5.37764 0.0009
MYOM1 chr18:3066804-3219966 —3.34288 0.00077 —6.17861 0.0057
CELF4 chr18:34823007-35145812 —5.01455 0.00077 —4.18206 0.0009
CAMKI1D chr10:12391545-12877545 —2.80766 0.00077 —6.20127 0.0165
PAX7 chr1:18957339-19075360 4.76259 0.00077 4.23791 0.0062
RNF150 chr4:141780960-142054623 —4.25622 0.00077 —4.66029 0.0041
NPYI1R chr4:164245113-164253748 —-4.19671 0.00077 —4.39221 0.0062
CPNE4 chr3:131252403-131758450 —3.24008 0.00077 —4.85496 0.0161
EGR1 chr5:137801167-137804992 2.48365 0.00077 5.58241 0.0009
TMEM132E chr17:32906503-32966496 —4.42234 0.00077 —3.58186 0.0009
GABBR2 chr9:101050377-101471473 —3.50807 0.00077 —4.43562 0.0009

Note: DEG statistics (log, fold change and q value) as obtained in CRISPR ‘Deletion A’ DEG dataset (Wild Type vs. CRISPR ‘Deletion A’) and CRISPR ‘Deletion B’
DEG dataset (Wild Type vs. CRISPR ‘Deletion B’). The listed genes meet the statistical significance criteria of log, (fold change) threshold of <1 and >1, and q
value (pFDR) threshold of <0.05. Log, (fold change) values prefixed with a minus sign indicates gene downregulation, as compared to no sign which indicates gene

upregulation.

The DEG dataset was also evaluated using Ingenuity Regulator
effects analysis, integrating the upstream regulator results
with downstream effects including biological functions, dis-
eases, and phenotypic or functional outcomes, with the aim of
identifying those biological processes and functions that are
likely to be causally affected by up- and downregulated genes,
as well as predict whether these same processes are increased
or decreased. A consistency score is applied to generated net-
works based on consistency with the predicted state of the reg-
ulator, recorded direction of DEG, and the expected impact on
disease or biological function. Figure 8 shows the downstream
regulators as identified in the DEG datasets for ‘Deletion A’
and ‘Deletion B’ and the resultant corresponding expected
downstream effects. For the ‘Deletion A* DEG dataset, anal-
ysis returned the following downstream biological functions/
diseases: chemotaxis, damage of bone, concentration of pros-
taglandins, and differentiation of bone cells. For ‘Deletion B’
DEG dataset analysis, the following were the downstream bi-
ological functions/diseases: accumulation of neutrophils, re-
cruitment of cells, activation of granulocytes, metabolism of
eicosanoid, synthesis of fatty acid, proliferation of bone cells,
and growth of bone tissue.

4 | Discussion and Conclusions

The main aim of the studies presented here was to gain insight
into possible mechanisms underlying the observed association
signal between variants at the rs12477314 locus and lung func-
tion. Figure 9 summarizes the hypothetical mechanisms based
on the findings of this study.

Phe-WAS analysis applied to UK Biobank participants con-
firmed the association of the minor T allele with respiratory phe-
notypes, including increased FEV /FVC ratio, and indicating a
decreased risk of COPD. Protein analysis of rs12477314 in the
UK biobank blood samples resulted in a significant association
(negative correlation) with AGER. AGER is a pro-inflammatory
pattern recognition receptor that has been implicated in nu-
merous inflammatory diseases, including COPD and inter-
stitial lung disease, mainly pulmonary fibrosis [18]. In COPD,
enhanced expression of AGER and its ligands contributes to
the chronic inflammatory response in emphysematous COPD
[19, 20]. In contrast, AGER expression is downregulated in
pulmonary fibrosis [21]. In order to gain further mechanistic
insight in the association of rs12477314 with proteins meeting
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FIGURE 6 | CRISPR ‘Deletion A’ and ‘Deletion B’ clones DEGs Heatmaps. Diagram shows the two heatmaps labeled A and B, for CRISPR

‘Deletion A’ clones and CRISPR ‘Deletion B’ clones, respectively. Heatmaps represent the log,-fold change magnitude and direction of detected DEGs
(on the y-axis) for each of the individual deletion clones, labeled ‘CR1’-‘CR5’, representing H460-CRISPR1—H460-CRISPRS5, respectively on the x-
axis. The color scale ranges from intense red for downregulated DEGs with log,-fold change <—10, to black for log,-fold change of 0 (no differential
expression), to intense green for upregulated DEGs with log,-fold change >10. DEGs generated using Cuffdiff, by comparing each CRISPR deletion
clone sample with the H460 Wild Type SCR dataset consisting of combined three biological replicates. Heatmaps were generated with a Heatmapper

web-based tool (https://www.heatmapper.ca).

a nominal significance threshold of p-value <0.05, biological
pathway analysis was performed. Three of the top enriched
canonical pathways, i.e., ‘TNF signaling’, ‘Hepatic fibrosis/
Hepatic stellate cell activation’, and ‘Necroptosis signaling path-
way’ are inflammatory pathways. Both TNF signaling and the
necroptosis signaling pathway have been associated with the
progression of COPD [22, 23]. Both the latter mentioned sig-
naling pathways were significantly inhibited in our biological
pathway analysis. This appears to support the association of the
sentinel SNV with decreased risk of COPD as emerging from our
Phe-WAS analysis.

After using a bioinformatic approach to identify the most likely
regulatory regions underlying the association, we used a tar-
geted CRISPR approach in an airway epithelial cell system to
explore differential gene expression patterns caused by deletions
of the key regions. The level of perturbation in terms of differ-
ential expression seen after CRISPR deletion of putative regu-
latory regions indicates that our deleted regions harbor active
enhancers. Interestingly, the DEG datasets derived from the two
genomic deletions show a remarkable similarity in terms of both
identity of differentially expressed genes and also in their direc-
tion of fold change. This suggests that the two putative enhancer

regions are co-acting enhancers regulating similar or overlap-
ping gene expression patterns.

Interestingly, the expression levels of the two closest genes to
this region, HDAC4 and TWIST2, were not altered significantly
in cells where these putative enhancers had been deleted. This
is perhaps surprising given that one of the genetic variants in
this region, rs34177861, is a known eQTL for TWIST?2, albeit in
lung tissue rather than epithelial cells per se. However, we did
identify a large number of other DEGs, indicating this region
is actively involved in gene regulation. The observation that
there was marked overlap between the DEGs seen following
both CRISPR-targeted deletions and the lack of identification of
DEGs in the control experiments is strong evidence that the ob-
served changes in gene expression are due to altered regulation
driven by these two regulatory regions rather than off-target ef-
fects of the CRISPR approach.

Biological pathway analysis of the gene expression changes
caused by the two deletions also shows significant similarity.
The top six enriched canonical pathways for both deletions show
four canonical pathways in common: ‘Atherosclerosis signal-
ing’, ‘Hepatic fibrosis/Hepatic stellate cell activation’, ‘Axonal
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guidance signaling’, and ‘Airway pathology in COPD’. All the top
canonical pathways are potentially involved in inflammatory
and immunological responses. Hepatic fibrosis, atherosclerosis,
as well as other top canonical pathways including rheumatoid
arthritis, and Thl and Th2 activation pathways have been as-
sociated to a systemic inflammatory phenotype [24-26]. In the
case of ‘Axonal guidance signaling’, neural guidance proteins
have been reported to play a role in the immune system [27].
The ‘hepatic fibrosis/hepatic stellate cell activation’ pathway
was also enriched for in our protein association analysis. Thus,
enrichment for this pathway following the two deletions can be
considered as further evidence of the involvement of the hepatic
fibrosis pathway.

Our DEG analysis returned ‘Airway pathology in COPD’ as one
of the top canonical pathways for both deletions. The following
DEGs overlapped with ‘Airway pathology in COPD: CXCL2,
CXCLS, IL6, CXCL3, IL1A, IL1B, L1F, FGF2, IL18, CCL20, LIF,
TGFB1, MMPI. A key role in airway inflammation has been de-
scribed in the literature for the latter mentioned DEGs. CXCL2
expression correlates with airway neutrophilic recruitment and
inflammation [28]. CXCL2 binds with CXCR2, which is in turn
markedlyupregulated in airway epithelial cells of COPD patients,
leading to neutrophil infiltration and airway inflammation [29].

Similar to CXCL2, CXCL8 and CXCL3 are involved in airway
neutrophilic recruitment in COPD through the CXCLs-CXCR2
axis [29-31]. CXCLS increase is also reported to be closely as-
sociated with simultaneous increase of IL6 through oxidant
mechanisms that include activation of transcription factor NF-
xB [31]. As for IL1A, IL1B, TGF 1, FGF2, and IL18, mounting
evidence also indicates a central role in airway inflammation,
with increase in transcription correlating with COPD pathogen-
esis [32-35]. Of significance to our study, the majority of men-
tioned DEGs (i.e., CXCL2, CXCLS, IL6, CXCL3, IL1A, IL1B, L1F,
FGF2, LIF, and TGFBI) exhibited an increase in transcription
(fold change range of 4 to 17) across both deletions, thus correlat-
ing with a heightened inflammatory response.

The identification of the ‘atherosclerosis signaling’ pathway in
our DEG analysis is also of interest. Atherosclerosis is a chronic
and progressive inflammatory disease of the intimal layer of
arteries, arising from an imbalance in lipid metabolism and
maladaptive immune response [36-38]. The following DEGs
overlapped with ‘atherosclerosis signaling CLU, CXCLS8, F3,
IL18, ILIa, IL1B, IL6, MMPI1, PDGFA, PDGFC, PLA2G4A,
PLA2G7, PLA2R1, TGFBI, TNFRSFI14, and CD40. The role of
IL1a, IL1B, IL6, CXCLS8, and IL18 in the sustained inflammatory
process within the atherosclerotic plaque is well documented
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TABLE 4 | Top six canonical pathways and corresponding overlapping DEGs for (A) ‘Deletion A’ and (B) ‘Deletion B’ DEG datasets.

—log
(p- z-
Deletion A Ingenuity canonical pathways value) Ratio score DEGs
Hepatic fibrosis/hepatic stellate cell activation 5.95 0.17 NA CD14, COL22A1, COL4A1, COL4A2,
COL5A1, CXCL3, CXCL8, ECE1, EDNRB,
FGF2, FLT4, IGFBP3, IGFBP4, IL10RA,
IL1A,IL1B, IL6, MMP1, PDGFA,
PDGFC, PDGFRB, SMAD3, TGFA
Axonal guidance signaling 4.94 0.118 NA ADAM19, ADAMTS9, ARHGEF6, BMP2,
BMP5, EFNA1, EPHA4, EPHBI, FYN,
FZD3, ITGB4, LIMK2, MMP1, NFATC3,
NRP1, NRP2, NTN1, NTNG2, PDGFA,
PDGFC, PIK3R1, PLXNDI1, PPP3CA,
PRKCB, PRKD3, ROBO1, SDCBP, SEMA3A,
SEMA3D, SEMA3E, SEMASA, SEMAGA,
SHH, TUBB2B, WIPF1, WNT5A
Atherosclerosis signaling 3.69 0.173 NA CLU, CXCLS, F3,1L18, IL1A, IL1B,
1L6, MMP1, PDGFA, PDGFC,
PLA2G4A, PLA2G7, PLA2R1
Role of macrophages, fibroblasts and 3.59 0.118 NA C5AR1, CAMK2B, CREBS5, CXCL8, DKK3,
endothelial cells in rheumatoid arthritis FGF2,FZD3,1L18,IL1A, IL1B, IL6, JUN,
MMP1, MYC, MYDS88, NFATC3, PDGFA,
PDGFC, PIK3R1, PPP3CA, PRKCB,
PRKD3, TCF4, TCF7L2, WNT5A
Airway pathology in chronic obstructive 3.07 0.179 NA CXCL2, CCL20, CXCL3, CXCLS8, FGF2,
pulmonary disease 1L18,IL1A, IL1B, IL6, LIF, MMP1
Human embryonic stem cell pluripotency 3.05 0.149 NA BMP2, BMP5, FGF2, FZD3, PDGFA,
PDGFC, PDGFRB, PIK3R1, SMAD3,
SMADG6, TCF4, TCF7L2, WNT5A
Deletion B Ingenuity —log
canonical pathways (p-value) Ratio Z-score DEGs
Atherosclerosis signaling 3.8 0.16 NA CD40, CLU, CXCLS, IL18, IL1A, IL6, ITGB2,
PDGFA, PLA2G7, PLA2R1, TGFB1, TNFRSF14
Hepatic fibrosis/hepatic stellate 3.79 0.126 NA CCN2, CD40, COL22A1, COL4A4, COL5A1,
cell activation COL6A1, COL8A1, CXCLS8, EDN1, FGF2, FLT4,
IL10RA, IL1A, IL6, PDGFA, TGFB1, TGFBR1
Th1 and Th2 activation 2.92 0.123 NA CD274, CD40, HLA-B, IL10RA, IL18, IL6, ITGB2,
pathway JAG1, NFATC4, NFIL3, PIK3R1, TGFB1, TGFBR1
Th1 pathway 2.82 0.141 0.378 CD274, CD40, HLA-B, IL10RA, IL18, IL6,
ITGB2, NFATC4, NFIL3, PIK3R1
Axonal guidance signaling 2.39 0.082 NA ADAM19, ADAMS, ADAMTS9, ARHGEF6,
BMP2, EFNA1, EPHA2, EPHBI, FYN, ITGB2,
NFATC4, NRP1, NRP2, NTN1, PDGFA,
PIK3R1, PLCD4, PLXNB1, PRKAR2B, PRKCB,
SEMA3A, SEMA3C, SEMAS5A, SHH, TUBB4A
Airway pathology in chronic 2.39 0.143 NA CXCL2, CCL20, CXCLS8, FGF2,

obstructive pulmonary disease

IL18,IL1A, IL6, LIF, TGFB1

Note: Table includes the p-value of the correlation, the ratio of overlap of DEGs in dataset with number of genes making up the canonical pathway as in Ingenuity's
knowledge database, and Z-score where applicable. Data generated with IPA core analysis based on DEGs with statistical significance threshold of log, fold change

<—1or>+1 and corresponding q value (pFDR) <0.05.
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FIGURE 8 | Downstream regulators and biological processes/diseases of (A) ‘Deletion A’ and (B) ‘Deletion B’ DEG datasets. Analysis integrates
upstream regulators with downstream regulators and predicts the expected biological functions/diseases. Upstream regulators: Blue for ‘inhibited’

and orange for ‘activated’. Downstream regulators: Red scale for ‘Upregulated’ and green scale for ‘Downregulated’. The downstream effect repre-

sented by the connecting lines: Orange for ‘Leads to activation’, blue for ‘Leads to Inhibition’, and yellow for ‘inconsistent findings with downstream

node prediction/expression. Data generated with IPA core analysis based on DEGs with statistical significance threshold of log, fold change < -1 or

> +1 and corresponding q value (pFDR) <0.05.

in the literature [39-46]. Of note is that for all mentioned pro-
inflammatory genes in our atherosclerosis dataset, except for
IL18, the direction of fold change correlates with a heightened
inflammatory response typical of the atherosclerosis process.
Similarly, for the blood coagulation genes F3, PDGFA, and
PDGF, which are typically highly expressed in the developing
atherosclerotic plaque [47-49], the direction of fold change
as recorded in our RNA-Seq analysis correlates with a pro-
atherogenic phenotype.

Our results emerging from canonical pathway analysis suggest
that genomic region tagged by SNV rs12477314 constitutes a
regulatory region responsible for regulating biological pathways
conducive to a systemic inflammatory phenotype. Regulator
effects analysis of our DEG datasets also yielded results which

aligned with this pro-inflammatory phenotype hypothesis. For
‘Deletion A, the cluster of networks with the highest consistency
score included ‘concentration of prostaglandin E2’ and ‘chemo-
taxis’. Chemotaxis of leukocytes and lymphocytes is a main
biological process contributing to inflammatory disease includ-
ing COPD, atherosclerosis and rheumatoid arthritis [50-52].
‘Deletion B’ showed a remarkable similarity in downstream bi-
ological processes with the highest consistency score networks
including ‘accumulation of neutrophils’, ‘recruitment of cells’,
‘activation of granulocytes’ and ‘metabolism of eicosanoid’, all
of which are synonymous with a pro-inflammatory phenotype.

The airway epithelium plays a key role in regulating air-
way responses in both health and disease. Our targeted dele-
tion of the enhancer regions using CRISPR/Cas9 attempts to
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experimentally simulate the dysregulation of the enhancer re-
gions under investigation. In vivo, organismal aging and con-
sequent increased risk of multiple age-related diseases have
been reported to strongly correlate with changes in dynamic
DNA methylation [53, 54]. Global hypomethylation and region-
specific hypermethylation are two main general mechanisms
resulting in age-dependent changes in DNA methylation [55].
In turn, age-dependent DNA methylation can also be modi-
fied by extrinsic risk factors such as smoking and obesity [56].
Interestingly, the most significant canonical pathways emerging
from our study, i.e., related to COPD, atherosclerosis, hepatic fi-
brosis, and rheumatoid arthritis, are all considered common dis-
eases of aging [57-60]. The specific role of age-associated DNA
methylation changes in the pathological process of COPD and
in abnormal tissue repair in COPD is, however, to date unclear
due to a lack of solid data [58]. The term inflammaging has been
coined to describe chronic and systemic low-grade inflamma-
tion that develops with age and correlates with biological aging
and worsening of age-related diseases. This process has been de-
scribed by the age-induced activation of the innate immune sys-
tem resulting in increased levels of pro-inflammatory cytokines,
with concomitant decline of the adaptive immune system, lead-
ing to the development of low-grade systemic inflammation [61].

The extent of perturbation in gene expression as observed in
our DEG datasets indicates that the majority of gene dysregu-
lation is likely due to indirect secondary effects of the deletion.
In line with the cis-acting tendency of enhancers, chromosome
two resulted as the most dysregulated chromosome in terms of

; Risk of COPD

T FEV,/FVC ratio

Hepatic Fibrosis

| Hypothetical mechanisms underlying the observed association signal between variants at the rs12477314 locus and lung function.

the number of DEGs. As discussed above, the genes immediately
proximal to the deleted regions, i.e., HDAC4 (downstream) and
FLJ43879 and TWIST2 (upstream) were not dysregulated. The
closest DEG to the putative enhancers is PER2 located on 2q37.3
at circa 680Kb upstream of ‘Deletion A’. PER?2 is transcription-
ally upregulated in both our DEG datasets with fold changes of
4.9 for ‘Deletion A’ and 2.8 for ‘Deletion B’. PER2 is a transcrip-
tional repressor that forms a core component of the circadian
clock and whose dysregulation has been implicated in various
human pathologies including cancer, cardiovascular disease,
and COPD and lung function decline [62-66]. We postulate
PER?2 as a potential master regulator that could explain at least
in part the differential gene expression reported in our study.

In conclusion, our study suggests that the observed association
seen in GWAS of lung function/COPD for the region tagged by
rs12477314 may be due to altered gene expression patterns as a
consequence of regulation by 2 enhancer regions at this locus.
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