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ABSTRACT

Background: Chronic Obstructive Pulmonary Disease (COPD) results from gene-environment
interactions over the lifetime. These interactions are captured by epigenetic changes, such as
DNA methylation. This systematic review synthesizes evidence from epigenome-wide association

studies (EWAS) related to COPD and lung function.

Methods: A systematic literature search on PubMed, Embase and CINAHL database, identified
1947 articles that investigated epigenetic changes associated with COPD and lung function; 17 of
them met our eligibility criteria from which data was manually extracted. Differentially
methylated positions (DMPs) and/or annotated genes, were considered replicated if identified

by 22 studies with a p<1 x 10-4.

Results: Ten studies profiled DNA methylation changes in blood and 7 in respiratory samples,
including surgically resected lung tissue (n=3), small airways epithelial brushings (n=2),
bronchoalveolar lavage (n=1) and sputum (n=1). Main results showed: (1) high variability in study
design, covariates considered and effect sizes, which prevented a formal meta-analysis; (2) in
blood samples, 51 DMPs were replicated in relation to lung function and 12 related to COPD ; (3)
in respiratory samples, 42 DMPs were replicated in relation to COPD but none in relation lung
function; and, (4) in COPD vs. control studies, 123 genes (2.6% of total) were shared between >1
blood and >1 respiratory samples and associated with chronic inflammation, ion transport and

coagulation.

Conclusions: There is high heterogeneity across published COPD/lung function EWAS studies. A
few genes (n=123; 2.6%) were replicated in blood and respiratory samples, suggesting that blood
can recapitulate some changes in respiratory tissues. These findings have implications for future

research.

Trial registration: Open Science Frameworks (OSF)

Word count 254 (max=250)
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INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) is a major public health problem. COPD is
considered to be the end result of dynamic and cumulative gene-environment interactions across
the lifespan of the individual (1-5) . Epigenetic changes, such as DNA methylation, capture the
resulting pressure dynamics of the exposome in a given individual (2). Over the past few years,
several EWAS studies have assessed the methylome in relation to COPD and lung function. These
studies provided initial evidence that molecular signatures may represent targetable pathways
in COPD (6-8) and identified DNA methylation sites associated with early-life environmental
factors and adult lung function changes (9). In 2017, Machin et al. published a systematic review
of studies investigating blood DNA methylation in the general population in relation to lung
function and COPD (10). Yet, whether epigenetic changes seen in blood correlated with those
occurring in lung tissue was not explored and is currently unknown (11, 12). Further, the
systematic review by Machin et al. could not include studies using the new 850k Illumina array
platform because it was not available at the time. This 850k Illumina array platform doubles the
number of screened CpGs and includes 350,000 additional CpGs located in enhancer regions
identified by the FANTOMS5 project across tissue types (10). A robust synthesis of the evidence
from current EWAS studies can inform potential mechanistic studies aiming to identify plausible

biological pathways and also novel drug targets.

Accordingly, this review sought to: (1) systematically review currently available EWAS studies
(some of them using this new 850k Illlumina array platform) determined in blood and/or in
respiratory tissue samples (surgically resected, airway epithelial brushings, bronchoalveolar
lavage fluid or sputum) in relation to COPD and lung function; (2) investigate the reproducibility
of findings in and between these different tissue samples, considering both differentially
methylated positions (DMPs, i.e. CpGs) and/or annotated genes, and (3) explore potential

mechanistic pathways behind these associations.

METHODS
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Full methods are provided in the online supplement. This systematic review was prospectively
registered in Open Science Frameworks (OSF) and its methodology and reporting adheres to the
PRISMA (13) guidelines for systematic reviews. A search was developed to identify publications
that have investigated the relationship of DNA methylation with COPD and/or lung function using
EWAS.

Search strategy

Two reviewers (SC and NM) independently searched PubMed, Embase and CINAHL online
databases for pertinent original articles using the keywords and MeSH terms listed in Table S1,
bound together with the Boolean operators “OR” and “AND”. The final search was conducted on
August 11, 2023, when PubMed also included searches in preprint databases as BioRxiv. A flow
diagram of the selection procedure is included in Figure 1 and the reasons of the final exclusion
of articles is in Table S2. The overall quality and risk of bias was assessed using the Newcastle-

Ottawa Scale (NOS) (Table S3).

Data extraction

The following data were extracted from each article: first author, publishing date, size and age
of samples, clinical characteristics, number of differentially methylated sites detected, statistical
threshold used and methylation platform (Table 1 and Table S4). Specific details on DMPs used
for the reproducibility analysis are described in the online supplement and Table S5. For
comparison across studies a p value cutoff p-value<1 x 10-4, was used, because it approximately

corresponds to the significant threshold of the Illumina 27k platform (FDR<0.05).

RESULTS

Literature search and study selection
Our search strategy identified 2657 potential articles, 1947 after duplicated articles were

excluded (Figure 1). After screening titles and abstracts, 35 articles underwent full text review,
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from which 17 studies analyzing more than 30,000 individuals were included in this systematic
review. Table 1 provides the list of these 17 included studies, with their participant profiles, year
of publication, tissue studied, outcomes considered and main results. Tables S4-5 present

detailed information on each study.

Tissue studied and study design

No study investigated epigenetic changes in blood and respiratory samples obtained
simultaneously in the same individual.

Blood

As shown in Table 1, ten studies profiled whole blood DNA; of these: (1) two compared COPD
patients with controls cross-sectionally (14, 15); (2) three investigated the association of DNA
methylation with FEV; and/or FEV1/FVC (16-18). One of them was cross-sectional(18), while two
considered temporal changes (16, 17); and (3) five studies contrasted COPD vs. controls and

investigated the association with FEV1and/or FEV1/FVC cross-sectionally (19-23).

Respiratory tissues samples

Three different studies (24-26) compared lung tissue biopsies in COPD vs. controls (Table 1), and
one of them (25) also evaluated the association with the severity of the disease as determined
by FEV1 % predicted. Two COPD vs. control studies profiled small airway epithelia (27, 28) with
the first one also reporting the association with FEV1 % predicted. Finally, we included one COPD

vs controls study using sputum (29) and one using bronchoalveolar lavage (30).

Study participant characteristics

As detailed in Table 1, 15 studies compared the methylation of patients with COPD to that of
controls. Yet the definition of COPD varied across studies: (1) six used pre-bronchodilator
FEV1/FVC<0.7 (14, 16, 18, 22, 23, 28); (2) five used post-bronchodilator FEV1/FVC<0.7 (15, 19, 21,
25, 30); and (3) six did not specify whether pre- or post-bronchodilator values were used (17, 20,
24, 26, 27, 29).
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The severity of airflow limitation in COPD patients included in these studies also varied, and in
some cases specific FEV1 information from this group of patients was not available. COPD was:
(1) mild to moderate (FEV1 66.1 + 8.6 % ref.) in five studies (21, 25, 27, 28, 30); (2) severe-very
severe (FEV1 28.7 £ 7.2 % predicted) in three studies,(15, 24, 26); (3) FEV1 was only presented in
liters (not as % predicted) in five studies (16-18, 22, 23); (4) one study only specified that seven
from 10 COPD patients were GOLD2 (moderate) and three were GOLD3 (severe) (29); (5) three

studies presented the mean FEV1 % predicted for all individuals (cases and controls) (14, 19, 20).

COPD cases and controls had similar ages in six studies (21, 23-25, 27, 30), but age profiles were
not reported in five studies (14, 16-18, 20, 22), while four studies (15, 19, 21, 28, 29) included
younger controls, and in one study the COPD patients were younger (26). All studies included
males and females except Carmona et al. who included males only (17). Only four studies

included non-Caucasian populations (15, 21, 22, 24).

The studies varied in inclusion of participants according to smoking status: (1) seven included
never- and ever-smokers (16, 17, 19, 21-23, 28); (2) three studies restricted to ever-smokers only
(15, 20, 30); (3) two studies included former smokers only (24, 27); (4) two studies investigated
never and current smokers (14, 26); (5) one study comprised never-smokers only (18); and (6)
two studies were conducted in never and former smokers (25, 29). Eleven studies adjusted their
results by smoking history: (1) four for smoking status and pack years (19, 21-23); (2) three for
pack years only (14, 15, 24) ; (3) one for smoking status only (28); (4) one for pack years and years
from quitting (27), (5) one for pack years and smoking intensity (30); and (6) two studies
presented the results before and after adjusting for smoking (by status and cumulative exposure)

(17, 20) (Table 1).

DNA methylation assessment platform
All studies performed EWAS using microarrays (14-22, 24-30) (Table 1). Three lllumina BeadChip
platforms were used: (1) three studies used the ‘Infinium HumanMethylation27 BeadChip array’

(15, 20, 27); (2) seven studies used the ‘Infinium HumanMethylation450 BeadChip array’ (14, 16-
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18, 21, 24, 26, 29); (3) five used the ‘Infinium HumanMethylationEPIC BeadChip array’ (19, 23,
25, 28, 30), and (4) 2 used both ‘Infinium HumanMethylation450 BeadChip array’ and ‘Infinium
HumanMethylationEPIC BeadChip array’ (16, 22).

Cell populations adjustment

Cell populations adjustment is an important source of variability on DNA methylation analyses.
In blood, cell-type deconvolution has been widely studied since 2012 (31), but in tissues a DNA
methylation atlas enabling the decomposition of different human tissue cell-types has just been
recently introduced (32). Deconvoluted cell-type composition was included as a covariate in the
analysis of 8 blood studies (14-18, 21-23). In four of them (15, 17, 21, 22) they used cell type
deconvolution using Houseman et al. methodology (31), in Bermingham et al (19), and Imboden
et al. (16) studies the ‘estimateCellCounts’ function in minfi which implements Jaffe and
Irizarry's(33) modified version of Houseman's algorithm(31) was used, Domingo-relloso et al.
(23)used the package FlowSorted.Blood. EPIC based in samples assayed by Brock Christensen and
colleagues (34) and Vries et al. (14, 18) used measured cell counts. Qiu et al. (20) is the only blood
study that was not adjusted for cell composition. For the studies on respiratory tissues, only the
Strom et al. study (30) performed on bronchoalveolar lavage samples was adjusted for measured
cell type count, and the Groth et al study (29) on Sputum estimated cell type-specific molecular

profiles with a regression by quadratic programming based on sputum differential cell counts.

Risk of bias assessment

For the selection of controls and cases 94% of the studies used an adequate definition for COPD,
but 65% presented a potential for selection biases or the representativeness was not stated.
Among the COPD-control studies, only 53% of the studies used community controls, while the
rest used hospital controls or the selection was not clear. 65% used controls with no history of
disease. Furthermore, confounding factors were considered in 88% of studies.

Bias due to baseline confounding or lack of investigation for effect-modification was a major issue
as the adjustment of smoking varied across studies. Individual study bias scores are provided in

Table S3.
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DNA methylation findings

Due to the heterogeneity of study designs and the lack of estimates for some of the associations
reported, a formal meta-analysis of EWAS results was not possible. So, to compare their findings,
we classified the 17 studies analyzed here by the type of biological sample used (blood or
respiratory tissues samples) and by their design (i.e. COPD vs control studies, cross-sectional or
longitudinal association with lung function (FEV1 and/or FEV1/FVC). For analysis we only used
differentially methylated CpG positions (DMPs) found in the discovery cohorts, filtered by p<1 x
10-4 threshold. We did it this way because: (1) not all studies performed validation, (2) some
used as validation published discovery cohorts which are also included in this analysis (Table 1),
and (3) significance thresholds used in each study were different. The protocol used to select
CpGs from each study to be analyzed in this systematic review is described in the online
supplement (Table S4). Also, in Table S6 we show the number of significant DMPs and genes, in
each study, for each outcome, using different p-value thresholds. Blood studies present a lower
number of DMPs and less variability depending on the threshold since these DMPs present high
significant p-values. Instead, Respiratory tissue studies present a higher number of significant

DMPs but only some of them with high significant p-values.

COPD v control studies of blood DNA methylation

Table S7 list the DMPs and genes described in the discovery cohort of each study. Briefly:

(1) Vries et al.(14) in never or current smokers, using a genome-wide p value cut-off (p<1.19 x
10-7) did not identify DMPs associated with COPD but reported that the highest associations
were those with ¢g14972228 (annotated to SIPAL3, at p=5.66x10-6) in never smokers, and with
cg08282037 (annotated to EPS8L1, at p=1.45x10-5) in current smokers; (2) Bermingham et al.
(19), who excluded GOLD1 COPD patients, reported 28 DMPs (p < 3.6E-08) from 26 annotated
genes significantly associated with FEVi1, FVC, FEVi/FVC and/or COPD after adjusting for
confounders (Table 1, S3); (3) Qiu et al. (20) not adjusting for confounders identified 3,565 DMPs
at FDR < 0.05 in COPD, of them 349 overlapped also for association with FEV1 and FEV1/FVC; (4)
Busch et al. (15) found 5 DMPs at FDR< 0.05 and 7 additional DMPs at FDR<0.1 associated with
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COPD among smoker African-Americans from the PA-SCOPE cohort; (5) Lee et al. (21) reported
no significant differentially methylated probes associated with COPD at p< 1.2 x 10-7; (6) in the
meta-analysis performed by Lee et al.(22) 323 DMPs were identified at pl<0.05 overlapping for
COPD and FEV; or FEV1/FVC or FVC; and finally, (7) Domingo-Relloso et al. (23) using an elastic
net model found 1118 DMPs associated with presence of airflow limitation, 36 of them

overlapping with level of with FEV; association and 143 DMPs with the FEV1/FVC association.

Table S8 lists the 12 DMPs (and 14 genes) with a p value < 1 x 10-4 described in 22 blood studies.
Of these, 11 DMPs were shared by two studies (Qiu (20) and Busch (15)), both profiled patients
with reduced FEV1 and used the same lllumina platform (27k). Figure 2A and Table S9, show the
ontologies associated with these 14 genes, as erythrocyte differentiation and inorganic anion

transmembrane transport.

Cross- sectional association between blood DNA methylation and lung function

Tables S10 and S11 include all DMPs and genes described in these studies. Briefly: (1) Vries et al.
(18) did not find any DMP associated with FEV1/FVC in never-smokers at p <1.19 x 10-7; (2)
Bermingham et al. (19) reported 17 DMPs associated with FEV1, 3 with FEV1/FVC, and 7 with FVC
at p < 3.6E-08, after adjusting for confounders; (3) Qiu et al. (20) described 4,798 DMPs
associated with FEV1/FVC, and 4,899 associated with FEV1 at FDR < 0.05, without adjustment for
confounders; (4) Lee et al. (21) found one DMP (cg03559389 (DIP2C)) and nine suggestive
associations (p< 1 x 10-5) with FEV1/FVC, but none for FEV; or FVC at p < 1.2 x 10-7; (5) Imboden
et al. (16) identified 111 DMPs associated with either FEV;, FVC or FEV1/FVC at p<5 x 10-7; (6)
Carmonaetal. (17) found 2 DMPs, cg05575921 (annotated to AHRR) and cg06126421 (annotated
to IER3), associated with FEV; but these results varied when they adjusted for smoking; (7) Lee
et al. (22) reported 1267 DMPs associated to any of the pulmonary function parameters (FEV1,
FEV1/FVC, FVC) at FDR< 0.025, and specifically, 1118 DMPs associated with FEV1 % predicted and
finally, (8) Domingo-Relloso et al. (23), using an elastic net model, found 838 DMPs associated
with FEV1, 762 DMPs with FVC and 545 DMPs with FEV1/FVC. In summary, Table S12 shows that

51 DMPs and 69 genes were associated with FEV; with a p < 1 x 10-4 in 22 studies. Figure 2B

10



281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308

shows the associated ontologies to these genes, with the predominant ones being the regulation
of the CD4 and T-helper cell activation, immune response, and cytokine production. Table S13

show the full list of these ontologies.

Finally, Table S14 shows that 11 DMPs (and 12 genes) were associated with FEV1/FVC with a p<1
x 10-4 in 22 studies. Comparing Tables S8, S12 and S14, we found that in blood, four genes (F2RL3,
AHRR, GFI1, GPR15) were associated with both FEV1 % predicted and FEV1/FVC, and one (AHRR)

with COPD as well as these spirometric parameters.

Longitudinal studies of Blood DNA methylation and lung function changes over time

Two studies investigated potential associations between changes of lung function over time and
DNA methylation: (1) Imboden et al. (16) identified six DMPs (5 genes) associated with changes
in FEV1/FVC, 20 DMPs (13 genes) with changes in FEV1 and 4 DMPs (4 genes) with changes in FVC
(p < 5 x 10-7); and, (2) Carmona et al. (17) found 12 DMPs (9 genes) associated FEV1 or FVC
changes (FDR<0.01). The RUNX3 gene was replicated in both studies, but with changes in FEV1 in

the former and changes in FVC in the latter (Table S15).

COPD v control studies of DNA methylation in respiratory tissues

Four COPD vs control studies profiled lung tissue, one sputum, two small airway epithelia (SAE)
and one bronchoalveolar lavage (BAL) (Table 1). Table S16 lists the DMPs and genes identified in

these four studies:

Lung tissue: (1) Morrow et al. (24) identified 2,456 DMPs associated with severe to very severe
COPD at FDR< 0.05, and in 535 of them (21.7%) with >5% fold difference in methylation
between COPD and controls >5%; (2) Casas-Recasens et al.(25) found 139 DMPs at p <1 x 10-8
(and 2,007 at FDR< 0.05) associated with COPD. In this study, associations with the severity of
airflow limitation were also investigated reporting 36 DMPs at p <1 x 10-8 in patients with mild

to moderate COPD and 99 DMPs at p <10-8 in those with severe COPD; (3) Sundar et al. (26)

11
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identified 280 DMPs associated with COPD (vs. never-smokers) at raw p< 0.001, and 1,961
DMPs at raw p<0.01.

On the other hand, in sputum, Groth et al. (29) found 7,300 DMPs associated with COPD using a
Benjamini Hochberg (BH) adjusted p < 0.05 and delta beta > 0.1. In small airway epithelia, Vucic
et al. (27) and Hernandez et al. (28) detected 1,120 genes (1,260 DMPs) and 2,744 DMPs
associated to COPD, respectively, both with FDR p <0.05. Finally in BAL, Strom et al. (30) found
1,155 DMPs associated with COPD (at a p < 6.74 x 10-8). Table S17 lists the 42 DMPs (and 662
genes) with a p value < 1 x 10-4 described in >2 respiratory tissue studies. Figure 2C shows the
significant ontology association to those genes: axonogenesis, regulation of cell morphogenesis,

regulation of cell adhesion, and of ATPs. Table S18 shows the full list of these ontologies.

Figure 3 compares the results of COPD-control lung studies stratified by tissue type, filtered by a
p < 1 x 10-4 and shows that: (1) 11 genes (0.21%) were associated with COPD in all lung tissue
types; and (2) from the 1,410 genes found to be associated with COPD in lung biopsies, 257 genes
(18%) were also found associated with COPD in airway epithelia, 129 genes (9.1%) in sputum and

103 genes (7.3%) in BAL.

Cross-sectional associations of DNA methylation with airflow limitation severity in respiratory

samples

The association of DNA methylation with the severity of airflow limitation (FEV1% predicted) was
reported in lung tissue of one COPD vs control study (25) (Table S19A), identifying two DMPs
(cg01333650 and cg05796331) at p < 1 x 10-8, and in one of small airway epithelia (27),
identifying 62 DMPs and genes (Table S19B) at BH-adjusted p < 0.05 with a delta beta of 0.1. No
DMPs or genes were found common between both studies once filtered by a p < 1 x 10-4

significance threshold.

Shared DMPs and genes between blood and lung studies

12
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Panel A of Figure 4 compares the results at p < 1 x 10-4 of COPD-control studies both in blood
and respiratory tissues, showing that 123 genes (2.6% of total) were commonly shared between
at least one blood and one respiratory tissue study (Table S20). Figure 4A shows the ontologies
associated to these genes: chronic inflammatory responses, neutrophil activation, apoptosis,
among other biological processes (enrichment score is provided in Table S21). Next we explored
the evidence of lung and blood expression of these genes using the GTEx platform (35), and found
for most (n=98) similar reads per kilobase of transcript per million reads (RPKM) in both tissues
(Figure S1) (35). We also explored the transcriptomic data provided by some of the studies and
we identified 33 of the 123 genes with reported expression (Table S23).

Finally, Figure 4 Panel B shows that 26 genes (1.7% of total genes reported) were associated with
the severity of the airflow limitation both in blood and lung tissue (Table S22), and they were

associated to ontologies related to cell cycle and chromosome organization (Table S24).

Relationship between risk of bias and review findings

Looking at CpGs and genes found associated with the different outcomes in the different tissues
we saw that: (1) studies done in blood presenting a replication of CpGs and genes associated with
FEV1, FEV1/FVC or COPD (15-20, 22, 23), were mainly the ones with a higher score (score >4),
except Qiu et al. study (score = 3) (20), on the risk of bias assessment; (2) on the other hand, all
studies done in respiratory tissues presented some replication of CpGs and genes associated with
COPD, but all of them (24-30) presented medium (score = 4) or low (score<3) scores on the risk

of bias assessment.

DISCUSSION

The main results of this systematic review are that: (1) there is substantial heterogeneity in study
population, design, and analytical criteria across the 17 EWAS studies included, which prevented
formal meta-analysis; (2) differences in the study populations and in smoking exposure may have
confounded the associations of identified DMPs and/or annotated genes with COPD and lung
function; (3) COPD DMPs replicated in blood are involved in to inorganic ion transport, while

those of respiratory samples are involved in axonogenesis and cell morphogenesis; (4) COPD

13
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genes shared between 21 blood and respiratory tissue studies were associated to chronic

inflammation, ion transport and coagulation.

Blood DNA methylation

COPD

Eleven out of twelve COPD associated blood DMPs (92%) found to be replicated, were present in
the studies by Qiu et al. and Busch et al. (15, 20). These two studies profiled a similar group of
severe COPD patients recruited from specialized respiratory clinics and used the same
methylation platform, likely explaining the very high reproducibility of their findings. Additionally,
Bermingham et al. (19) and Lee et al. (22) reported that a DMP annotated to aryl hydrocarbon
receptor repressor gene (AHRR), a well-known smoking related gene, was associated with COPD.
Of note, both studies adjusted for smoking status and pack/years, supporting an additional role

of AHRR in the pathogenesis of COPD.

Lung function

Fifty-one DMPs (and 69 genes) were reproducibly associated with FEV1 in 22 blood studies, most
of them (n=45) described previously (16, 19, 22). Five of them (cg05575921, cg03636183,
€g21566642, cg01940273 and cg19859270) were also associated with FEV1/FVC, two of which
(cg05575921 (AHRR) and cg03636183 (F2RL3, Factor Il receptor-like 3 gene)) are known smoking
associated DMPs (26, 36-39).

Only two studies (16, 17) analyzed lung function changes over time and identified that
methylation of the RUNX3 gene was associated with temporal changes in either FEV; (16) or FVC
(17). RUNX3 is a member of the Runt family related, among other things, to immune regulation,
lung development and pulmonary angiogenesis (40). An important conclusion is that studies
investigating methylation changes and lung function trajectories over the lifetime are clearly

needed (41).

DNA methylation in respiratory samples
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Studies profiling respiratory samples identified 662 replicated genes associated with COPD (Table
S17). However, only 11 genes (of the total 4,511; 0.2%) were shared across the different types of
respiratory samples investigated (lung parenchyma, small airway epithelia, bronchoalveolar
lavage fluid, and sputum) (Figure 2). Interestingly, the insulin-like growth factor gene (IGF1R) was
one of them. IGF1R is related to regulation of cell growth, adhesion, migration, metabolism and
senescence (42), and plays an important role in lung development (43). Epithelial mesenchymal
transition (EMT) has been highly implicated in COPD airway pathogenesis (44), which would fit
with this. Further, and again in line with this concept, the highest methylation reproducibility
across respiratory tissues was found between lung biopsies and small airway epithelia (18%,

Figure 2), likely due to the presence of epithelial cells in both.

Shared CpGs and genes in blood and respiratory samples

We identified 123 genes associated with COPD in 21 blood and 21 respiratory sample study (Table
S20). Interestingly, these genes were enriched in 20 gene ontologies related to chronic
inflammatory responses, coagulation and cardiac muscle cell membrane repolarization. All these
pathways have been previously associated with the pathobiology of COPD. On the other hand,
we found 26 genes shared between blood and lung in relation to lung function (FEV1) (Table S22).
These genes were significantly enriched by ontologies related to chromosome organization but,
also some of them have been associated with smoking, COPD, epithelial injury (NOTCH4) (45),
emphysema severity (SERPINF1) (46), chronic inflammation (PIK3R5, CPNE5) and lung
development (AMPD3) (47). Collectively, these findings indicate that blood can be used to

identify biomarkers of some biological processes occurring in the lung itself.

Strengths and potential limitations

To our knowledge, this is the first systematic review of studies examining associations of DNA
methylation profiles and including: (1) use of cutting-edge EWAS platforms in different tissue
samples, with COPD, lung function and lung function changes over time; and (2) a critical
appraisal enabling a systematic evaluation of the quality of evidence, which shows that blood

studies present a lower risk of bias (higher assessment scores) compared to studies done on
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respiratory tissues, and that studies with the lowest risk of bias present a better replication of
the results. However, we acknowledge several potential limitations. First, the lack of consistency
in the reporting practices, adjustment of confounders and arrays employed in the different
studies identified, preclude us from performing a formal meta-analysis of results. We would
strongly advocate for some consensus for future epigenetic studies which can eventually

facilitate a meta-analysis of available data.

Reporting practices to ensure comparability of future studies

We highlight below a few key aspects, to enable the comparison of results across studies.
Additionally, we recommend following the TRIPOD statement for prediction modelling. To ensure
comparability and potential for meta-analysis, studies should provide: (1) A clear outcome
definition, including all relevant scales, thresholding and cut-point details. (2) Participant
selection criteria and FAIR metadata description, and a data access statement. (3) Use a
prediction/training and a test/validation population. Avoid systematic differences between these
populations (i.e. age or sex, genetic ancestry). (4) Report the quality control steps performed, the
number of CpG finally analyzed, and the package/software and version used. (5) Describe the
rationale for model selection, ensuring the specific model prerequisites. (6) Describe the
covariates included in the model, and the cell decomposition method used. In general adjustment
by age, pack/years, smoking status, BMI and cell counts should be explored. It would be desirable
to provide the adjusted and unadjusted results. (7) For each analysis, provide the CpG, the effect

size, the raw p value and the adjusted p value.

Conclusions

This systematic review illustrates the significant lack of harmonization and associated difficulties
in comparing the information currently available in the field of epigenetics in relation to COPD
and lung function. Yet, the identification of some shared differentially methylated genes between
blood-respiratory samples, in the immune response ontologies, suggest that blood could be used
to identify circulating biomarkers associated with biologic processes in the lungs. Even with the

limitations highlighted, some plausible pathogenic mechanisms do emerge from the analysis.
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453  Additionally, this systematic review identifies methylation changes and lung function changes
454  over time as a clear and critical research gap. Overall, this systematic review provides some clear
455  directions for future research in this field.

456

457
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FIGURE LEGENDS
Figure 1: PRISMA 2009, flow-diagram illustrating the study selection process; i.e. number of

articles that were retrieved in each step, and the number of excluded articles.

Figure 2: Panel A: REVIGO diagram with a visual summary of the enriched ontologies from the
genes found in 22 COPD association blood studies. Panel B: REVIGO diagram with a visual
summary of the enriched ontologies from the genes found =2 FEV1 association blood studies.
Panel C: REVIGO diagram with a visual summary of the enriched ontologies from the the >2

COPD association studies in respiratory tissues.

Figure 3: Venn diagram showing the genes differentially methylated in the COPD analysis of
airways by profiled tissue (lung, sputum, bronchoalveolar lavage, small airway epithelia). In
each tissue type, all the identified genes have been pooled and used for the comparison. The
% of the common genes are presented and the names of the 11 genes found common in all

respiratory tissue studies are listed.

Figure 4: Panel A: Venn diagram showing the genes differentially methylated in the COPD
analysis comparing blood versus airways (lung, sputum, bronchoalveolar lavage, small airway
epithelia). REVIGO diagram with a visual summary of the ontologies found enriched in the
common genes.

Panel B: Venn diagram showing the genes differentially methylated in the FEV1 analysis
comparing blood versus lung tissue. REVIGO diagram with a visual summary of the ontologies

found enriched in the common genes.
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ONLINE SUPPLEMENT

EPIGENOME-WIDE ASSOCIATION STUDIES OF COPD AND LUNG FUNCTION:
A SYSTEMATIC REVIEW

Sandra Casas-Recasens?*, Raisa Cassim>*, Nuria Mendoza'?, Alvar Agusti">*>, Caroline
Lodge?, Shuai Li®”#2, Dinh Bui3, David Martino'®%, Shyamali C Dharmage3*, Rosa

Fanerl2512+4

SUPPLEMENTARY METHODS

Eligibility Criteria

For inclusion in this systematic review, publications must have investigated the relationship
of DNA methylation with COPD and/or, lung function using EWAS. The outcomes of interest
were: (1) presence of COPD, as defined by either GOLD (FEV1/FVC<0.7) or by FEV1/FVC lower
than the lower limit of normal (LLN) of the corresponding reference values; and (2) lung
function values (FEV1 % predicted, FVC % predicted or FEV1/FVC (%)) or their decline over

time.

Selection of included articles

Titles and abstracts of articles were screened by two reviewers and only articles assessing the
association of DNA methylation with outcomes of interest were reviewed. The reference list
of all studies reviewed was screened to identify further potentially relevant studies. Articles
without an abstract in English were excluded. Papers with no statistical measure of the

relationship between methylation and outcomes were excluded, as were studies that did not



measure DNA methylation genome wide. Further, reviews, comments, case-series and

conference abstracts were all excluded too.

Critical appraisal

We performed a critical appraisal of all the studies using a modified version of The Newcastle-
Ottawa Scale (NOS) (1). This enabled an unbiased systematic evaluation of the quality of

evidence from each study ( Table S2).

Data extraction

Identification data (author, date, title and PubMed ID), study design details (study setting,
study and control groups, population demographics), methods used (tissue type, method of
measurement, statistical analysis, correction methods), results (B coefficients, P values) were
extracted into a standardized template (Table S3). To compare studies, we: (1) extracted the
lists of DMPs and p values (raw p values whenever is possible (Tables S3 and S4) (with the less
restrictive adjustment when adjustments were provided) from the discovery cohort of each
study; (2) considered only the DMPs with a raw p<10* (where available); (3) re-annotated all
the DMPs/CpG from all studies to genes using the lllumina database (EPIC Genome build 37
(HG19)); and (4) identified the DMPs or genes reported in > 2 studies with the same outcome

and/or tissue.

Enrichment analysis

To identify over-represented pathways in the genes annotated to DMPs of interest, we used
hypergeometric tests in the R Bioconductor package GeneAnswers (2) or clusterProfiler (3).

Significant enrichment was defined as FDR< 0.05, with five or more genes associated to the



term. To evaluate the term overlap and obtain a visual summary we used R Bioconductor
package rrvgo (4).

GTEx expression data

To check the expression of the genes annotated to DMPs of interest, we used The Genotype-

Tissue Expression (GTEx) which was supported by the Common Fund of the Office of the
Director of the National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and
NINDS. Figures were obtained from: the GTEx Portal on 08/14/23

(https://www.gtexportal.org/home/multiGeneQueryPage).

SUPPLEMENTARY TABLES

Table S1: Pubmed Keyword search for the systematic review.

Table S2: Comments, and scores for the Critical appraisal.

Table S3: Additional details of the selected studies.

Table S4: Methodology of DMP extraction for the analisis in the systematic review.

Table S5: A) DMPs in blood COPD-control studies. B) Genes in blood COPD-control studies.
Table S6: DMPs and genes differentially methylated > 2 different COPD-control studies in
blood.

Table S7: A) DMPs in blood FEV1 studies. B) Genes in blood FEV1 studies.

Table S8: A) DMPs in blood FEV1/FVC studies. B) Genes in blood FEV1/FVC studies.

Table S9: DMPs and genes differentially methylated > 2 different FEV1 association studies in
blood.

Table $10: DMPs and genes differentially methylated > 2 different FEV1/FVC association

studies in blood.


http://commonfund.nih.gov/GTEx

Table S11: A) DMPs in blood change in lung function studies. B) Genes in blood change in lung
function studies.

Table S12: A) DMPs in respiratory tissues COPD-control studies. B) Genes in respiratory
tissues COPD-control studies.

Table S13: A) DMPs at p <10E-4 in 22 respiratory tissue COPD-control studies. B) Genes at p
<10E-4 in 22 respiratory tissue COPD-control studies.

Table S14: A) DMPs at p <10E-4 in respiratory tissue FEV1 studies. B) Genes at p <10E-4 in
respiratory tissue FEV1 studies.

Table S15: Genes associated with COPD commonly shared between at least one blood and
one respiratory tissue study.

Table S16: Biological ontologies enriched on the 108 genes found common in the COPD-
control analysis between blood and respiratory tissues studies.

Table S17: Genes associated with FEV1 commonly shared between at least one blood and one

lung tissue study.

SUPPLEMENTARY FIGURES

Figure S1: Heatmap showing the list of genes from the 108 genes found common in the COPD-
control analysis between blood and respiratory tissues studies, that present evidences of lung
and blood expression on GTEx platform (33). Colours indicate the amount reads per kilobase

of transcript per million reads (TPM).
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