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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   There are statistically significant associations between DNA methylation level and PM2.5 species.

■   Black participants exhibited stronger associations compared to White participants.

■   Gene targets had relevance to pathways to basal cancers, platelet activation, signaling, and aggregation.
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Minorities  experience  a  disproportionate  impact  from  PM2.5 pollution,  and
biological  mechanisms  remain  unclear.  No  studies  have  examined  the
epigenome-wide  association  between  DNA  methylation  level  and  PM2.5

species  using  longitudinal  measurements  of  methylation  among  Blacks.
This  study  aims  to  evaluate  the  relationship  between  exposure  to  PM2.5

species  and  DNA  methylation  as  well  as  assess  possible  race-specific
effects. Genome-wide DNA methylation levels were profiled on 1,081 longi-
tudinally followed participants (432 Black and 649 White adults) using the
Infinium MethylationEPIC array. We examined the association between one-
year  average  PM2.5 species  (black  carbon,  ammonium,  nitrate,  organic
matter, sulfate, soil, and sea salt) exposure prior to exam year (Y)15 (2000-
2001) and methylation at  841,639 CpG sites at  Y15 and Y20 (2005-2006),
respectively.  In the association analysis of PM2.5 species at Y15 with DNA
methylation  at  Y20,  methylation  in  17  and  2  CpG  sites,  respectively,  was
significantly associated with nitrate and ammonium exposure. The magni-
tudes of coefficients of these significant CpG sites at Y20 increased by 2-
to  48-fold  compared  to  the  cross-sectional  association  analysis  of  PM2.5

species exposure prior  to Y15 and DNA methylation at  Y15.  Black partici-
pants had stronger associations than White participants. Gene enrichment
analysis  indicated  gene  targets  might  be  relevant  to  pathways  including
basal  cancers,  platelet  activation,  signaling,  and  aggregation.  This  study
represents  the  first  one  to  investigate  the  association  between  PM2.5

species  exposure  and  DNA  methylation  among  Black  and  White  adults
using longitudinal measurement,  highlighting the significance of consider-
ing  race-specific  epigenetic  regulation  in  relation  to  air  pollution-related
health issues.
 

INTRODUCTION
PM2.5 (particulate matter less than 2.5 micrometers in diameter) is associ-

ated  with  numerous  adverse  health  effects,  including  respiratory  diseases,
cardiovascular disease, neurological disorders, and cancer.1-4 There were 3.2
million deaths worldwide attributed to PM2.5 in 2010, making it the 6th great-
est  premature  death  risk  factor.5 The  U.S.  Environmental  Protection  Agency
(US  EPA)  reported  a  causal  relationship  between  long-term  PM2.5 exposure
and total mortality.4

PM2.5 is  a  dynamic  mixture  of  various  pollutants,  including  ammonium,
nitrate and sea salt. The different chemical compositions of PM2.5 mass play
a crucial role in shaping its association with mortality.4,6,7 PM2.5 mass alone is
not  enough  to  explain  its  adverse  effects  when  its  composition  plays  a  key
role  in  the  association.7,8 Moreover,  recent  studies  suggest  that  exposure  to
PM2.5 might disproportionate  and  adverse  impacts  on  minorities.  A  nation-
wide study in 2019 reported that, for the association between long-term PM2.5

exposure  and  mortality,  the  estimated  hazard  ratio  was  1.05  (95%  CI:  1.03,
1.09) in Black individuals and 1.02 (95% CI: 1.00, 1.05) in White counterparts.4

It is likely that other factors related to social determinants of health along with
race, may explain the observed differences.

The  biological  mechanisms  by  which  PM2.5 causes  adverse  health

outcomes are not yet fully understood. The literature suggests DNA methyla-
tion  (DNAm)  may  be  an  important  mediator  between  PM2.5 exposure  and
adverse  health  events.9-12 DNAm  involves  the  addition  of  a  methyl  group  to
the fifth carbon of cytosine residues,13 which can be driven by environmental
exposures  and  in  turn  alter  gene  expression  and  influence  disease  risks.13

There  is  growing  evidence  indicating  that  DNAm  is  a  potential  mediator
between air pollution and health outcomes.14 For example, a previous review
provided evidence suggesting that DNAm might contribute as a partial medi-
ator in the association of air  pollution with metabolic syndrome.15 Thus, it  is
important to understand how PM2.5 may affect DNAm and related gene func-
tion. Yet, there are still very few epigenome-wide association studies (EWAS)
on PM2.5 species and DNAm. EWAS is an approach to derive the association
between  epigenetic  variation  and  a  particular  phenotype  by  examining  a
genome-wide  set  of  epigenetic  marks,  such  as  DNAm.16 Previous  studies
have  revealed  that  methylated  regions  associated  with  PM2.5 and  related
genes  were  associated  with  cardiovascular  diseases,  respiratory  diseases,
and  cancer.17-19 An  EWAS  study  has  been  conducted  to  evaluate  the  PM2.5-
associated DNAm among 12 cohorts which contain African American, Euro-
pean  American  and  Hispanic/Latino  American  from  Women’s Health  Initia-
tive (WHI) and the Atherosclerosis Risk in Communities study (ARIC).20,21 They
found  that  2  CpG sites  were  significantly  associated  with  PM2.5.  In  a  recent
EWAS  meta-analysis  of  the  association  between  DNAm  and  prenatal  PM2.5

exposures in newborns and children, 14 CpG sites were reported to be related
to the exposures to PM2.5.

22 Panni et al. conducted an EWAS study of DNAm
and air pollution exposure in 3 study populations consisting of White partici-
pants:  Cooperative  Health  Research  in  the  Region  of  Augsburg  (KORA)  F3,
KORA  F4  and  the  Normative  Aging  Study  (NAS).  12  CpG  sites  were  found
associated with PM2.5.23 A recent EWAS study was performed using the NAS
cohort in the Greater Boston area,24 29 significant CpGs were identified asso-
ciated with PM2.5 species after Bonferroni correction. Although some of these
studies  focused on the  epigenome-wide association between PM2.5 species
and DNAm, to our knowledge, there have been no EWAS studies on specific
PM2.5 species  and  DNAm,  and  data  regarding  specific  associations  by  race
are lacking.

We  sought  to  conduct  an  EWAS  analysis  to  investigate  DNAm  changes
associated with  long-term exposure  which was based on one-year  average
concentrations for PM2.5 mass and species among Black and White adults in
the Coronary Artery Risk Determinants in Young Adults (CARDIA) Study. We
hypothesized  that  PM2.5 species  would  be  significantly  associated  with
specific  DNAm CpG sites  and that  these associations might  differ  for  Black
and White individuals. 

MATERIALS AND METHODS 

CARDIA
This study leverages a prospective multicenter  cohort  study – CARDIA --

with 5,115 young adults. It was designed to explore lifestyle and other poten-
tial  factors  that  influence  the  progress  of  coronary  heart  disease  risk
factors.25 Black  or  White  women  and  men  aged  18-30  years  were  enrolled
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between 1985-1986 (study baseline; Year [Y] 0) with follow-up examinations
at  Y2  (1987-1988),  Y5  (1990-1991),  Y7  (1992-1993),  Y10  (1995-1996),  Y15
(2000-2001),  Y20 (2005-2006),  Y25 (2010-2011),  Y30 (2015-2016),  and Y35
(2021-2022).  At  baseline,  participants  were  balanced  on  race,  gender,  age,
and  education  at  each  of  four  centers  in  Birmingham,  AL;  Chicago,  IL;
Minneapolis, MN; and Oakland, CA. Details of the CARDIA study design have
been previously published.25,26 Participants are contacted at each visit for the
ascertainment  of  information,  e.g.,  self-identified  race,  gender,  smoking
status and the highest degree received, and physical measurements such as
weight and skinfold fat were also used to collect the data at each visit.25 Writ-
ten informed consent was obtained from CARDIA participants at each exam,
and institutional review boards have approved all CARDIA procedures. 

PM2.5 exposure assessment
To evaluate long-term effects of air pollution on DNAm, we used one-year

average  concentrations  for  PM2.5 and  species  (black  carbon,  ammonium,
nitrate, organic matter, sulfate, soil, and sea salt).

The  one-year  average  concentrations  of  exposures  were  estimated  by
calculating  the  means of  the  monthly  values  over  the  past  year  prior  to  the
month  when  the  participants  underwent  examination  at  Y15  according  to
geocoded residential addresses of CARDIA participants at Y15. The monthly
PM2.5 and  species  were  extracted  according  to  the  grid  cell  that  matched
each participant’s residential address from the V4.NA.02. The one-year aver-
age  PM2.5 mass  and  species  exposures  were  calculated  based  on  monthly
PM2.5 and  species  concentrations  prior  to  each  visit  according  to  geocoded
addresses. The concentrations of PM2.5 and its species were estimated using
the  V4.NA.02  product,  developed  by  the  Dalhousie  University  Atmospheric
Composition Analysis Group (DUACAG), with a spatial resolution of 1 km and
monthly values.27 This product was developed using a hybrid model based on
the GEOS-Chem chemical transport model simulation and satellite observa-
tions  of  aerosol  optical  depth  (AOD).  A  geographically  weighted  regression
was applied to integrate these data and calibrated with ground-based obser-
vations.  Through  this  model,  the  concentrations  of  PM2.5 total  mass,  black
carbon,  ammonium,  nitrate,  organic  matter,  sulfate,  soil,  and  sea  salt  were
calculated. The estimated annual PM2.5 concentrations are highly consistent
with the ground-based observations (R2 = 0.70).27
 

Blood sample and DNA methylation processing
DNA  was  extracted  from  buffy  coat  fractions  using  the  Puregene  DNA

extraction  kit  (Qiagen,  Venlo,  Netherlands)  and  stored  at −70  °C.  EZ  DNA
Methylation  Kit  (Zymo  Research,  Irvine,  CA)  was  used  to  perform  bisulfite
conversion  to  the  extracted  genomic  DNA.  The  DNA  methylation  data  were
measured  using  the  Illumina  Infinium  MethylationEPIC  BeadChip.  The
detailed methylation data processing pipeline used has been described previ-
ously.28 Briefly,  in  the  quality  control  step,  we  identified  and  excluded  6,209
CpGs  with  a  detection  rate  <95%  and  87  samples  with  >5%  low-quality
methylation  measurements  or  extremely  low  bisulfite  conversion  probe
intensity.  After  removing  low-quality  CpGs  and  samples,  extreme  outlier

samples  were  excluded  using  Tukey's  method  based  on  total  intensity
values.  The  remaining  samples  underwent  preprocessing  with  Enmix,29 a
model-based background correction  method.  Dye  bias  was corrected  using
RELIC,30 and  M  or  U  intensities  for  Infinium  I  or  II  probes  were  separately
quantile-normalized.  Low-quality  methylation  values  and  extreme  β-value
outliers  were  set  as  missing.  The  final  clean  methylation  working  dataset
contained  841,639  autosomal  CpG  sites  (N=1042 from  Y15,  N=957  from
Y20). 

Statistical analysis
Since the PM2.5 species data are only available since Y15, we restricted our

analysis to participants with related DNAm information at Y15 and Y20. There
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Table 1.  Characteristics  of  the  CARDIA  participants  at  Exam  Year  (Y)  15  (2000-
2001; N=1081)

Variables

Age (Years), mean (SDa) 40.2 (3.5)

Body mass index (Kg/m2), mean (SD) 28.5 (6.2)

Education, N (%)

High school 386 (35.7)

Associated degree 132 (12.2)

Bachelor 303 (28.0)

Master 123(11.4)

Doctorate 18 (1.7)

Professional 57 (5.3)

Other 62 (5.7)

Smoking status, N (%)

Never 684 (63.3)

Former 193 (17.9)

Current 204 (18.9)

Sex, N (%)
Male 540 (50.0)

Female 541 (50.0)

Race, N (%)
Black participants 432 (40.0)

White participants 649 (60.0)

Study center, N (%)

Birmingham 256 (23.7)

Chicago 235 (21.7)

Minneapolis 294 (27.2)

Oakland 296 (27.4)

a: Standard deviation.

 

Table 2.  Summary of PM2.5 mass and species and correlation coefficient at Exam Year (Y) 15 (2001-2002; N=1081)

Correlation coefficient

Pollutants Mean ± SDa(μg/m3) IQR(μg/m3) PM2.5 Black carbon Ammonium Nitrate Organic matter Sulfate Soil Sea salt

PM2.5 13.45 ± 3.25 6.06 1 0.65 0.69 -0.03 0.41 0.78 0.73 -0.21

Black carbon 0.95 ± 0.39 0.56 1 0.26 0.09 0.79 0.32 0.47 0.20

Ammonium 1.34 ± 0.54 0.69 1 0.24 -0.20 0.76 0.62 -0.69

Nitrate 2.12 ± 1.02 1.78 1 -0.06 -0.37 -0.20 0.07

Organic matter 4.75 ± 2.25 3.42 1 0.02 0.18 0.60

Sulfate 2.96 ± 1.50 2.78 1 0.79 -0.58

Soil 0.67 ± 0.27 0.44 1 -0.47

Sea salt 0.86 ± 0.86 0.61 1

a: Standard deviation.
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were  1,081  participants  included  in  our  EWAS  analysis,  of  whom  850  have
DNAm data at both Y15 and Y20; 158 and 73 participants have DNAm at Y15
only and Y20 only, respectively. We compared the characteristics of enrolled
participants with those not included in our study at Y15 to check for potential
selection bias.

We applied linear regression models on each CpG site while setting DNAm
levels  as  our  dependent  variable  and  the  exposure  as  independent  variable.
We  conducted  models  for  exposure  to  PM2.5 mass  concentrations  and
species separately. Since the DNAm at Y15 may not immediately reflect the
influence of the exposures at Y15, our primary model examined the longitudi-
nal association by considering exposures at Y15 and DNAm at Y20. We also
modeled  cross-sectional  exposures  at  Y15  with  DNAm  at  Y15  to  examine
whether  there  were  changes  in  associations  over  time.  The  model  is
described below, 

E(Y) = β0+β1*Spceies+β2*PM2.5+ · · ·+ ε, (1)

where  Y  is  the  methylation  level  of  observation  at  a  selected  visit  (Y15  or

PM2.5

N(0,σ2)

Y20), and species and  represent the one-year average values of PM2.5

species  and PM2.5 total  mass prior  to  the  examination  date  at  Y15.  ε  is  the
error term with Gaussian distribution .

We  adjusted  for  the  following  covariates  in  our  model:  age,  body  mass
index (BMI), race (Black and White participants), gender (male, female), center
(Birmingham,  Chicago,  Minneapolis,  Oakland),  smoking  status  (Never,
Former, Current),  highest  degree  the  participant  earned  (high  school,  asso-
ciate,  bachelor,  master,  doctorate,  professional,  or  other  degree).  We  also
adjusted  for  DNAm-based  blood  subtype  proportion  (CD4+ T  lymphocytes,
CD8+ T lymphocytes, natural killer cells, B cells, monocytes, and granulocytes)
estimated using Houseman’s method,31 and eight surrogate variables derived
from  intensity  data  for  non-negative  internal  control  probes  using  principal
components  analysis.28,29 Also,  in  order  to  assess  the  effect  differences  of
PM2.5 species  exposures  on  DNAm  from  Y15  to  Y20,  we  compared  the
magnitude of the coefficients of the same CpG sites at Y15 and Y20 with Y15
exposure to evaluate the changes.

To  validate  the  identified  CpG,  we  performed  bootstrap  with 1000 repli-
cates  for  the  identified  CpG  sites.  In  each  bootstrap  replicate,  we  got  t1,  t2,
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Figure 1.  Epigenome-wide associations of Ammonium species at Y15 (2000-2001) with DNA methylation at Y20 (2005-2006), displayed by Manhattan plots The horizontal
line represents the significance threshold with Bonferroni correction (P-value < 8.5e-09).
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represents the significance threshold with Bonferroni correction (P-value < 8.5e-09).
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t3,  …, tn, where ti is the t-statistic computed on the ith bootstrap sample, and
where  each  bootstrap  sample  is  sampled  from  the  null  distribution.  Let  t0,
which  is  the  t-statistic  we  got  in  original  sample,  be  the  test  statistic.  We
calculated  the  bootstrap  p-value  as  p  =  (1+sum (t  >=  t0))/(N+1),  where  N  is
the replicate number.

Given that our analysis involved a large number of statistical tests across
many  CpG site  and  seven  PM2.5 species,  Bonferroni  correction  was  used  to
account  for  multiple  testing  and  p-value  <  8.5e-09  (i.e.,  0.05/  (841,639  *7))
was set as the study-wise significance level. Since our study included a bira-
cial  cohort  with  40.0%  (n  =  432)  Black  participants,  we  further  performed
subgroup  analyses  for  the  PM2.5-DNAm  pairs  identified  from  the  primary
analyses  and  assessed  how  these  associations  may  differ  between  Black
and White participants.  We evaluated the significant  CpG sites derived from
the  overall  models  by  race  groups  and  compared  how  the  coefficients  of
these  sites  differed.  R  4.1.0  was  applied  to  perform  all  the  analyses  of  this
study.32
 

Bioinformatics analysis
We  matched  unique  gene  symbols  associated  with  the  differentially

methylated CpG sites to proximal genes based on the UCSC RefSeq annota-
tion  database.  We  further  conducted  pathway  enrichment  analysis  on  the
annotated  genes.  Molecular  function  (MF)  and  biological  process  (BP)  of
Gene Ontology (GO) enrichment analysis, Reactome pathway analysis, KEGG
pathway  analysis,  and  Disease  gene  network  were  all  used  in  our  study  to
understand  the  biological  function  and  relevance  of  those  genes.33-37 The
enrichment  p-values  were  calculated  and  adjusted  using  the
Benjamini–Hochberg false discovery rate (BH-FDR) procedure.38
 

RESULTS
Table 1 provides a descriptive summary of the 1,081 CARDIA participants

included in this study at Y15; 540 (50.0%) were males, and 432 (40.0%) self-
identified  as  Black  participants.  The  average  age  at  the  baseline  (Y0)  was
25.2 years [standard deviation (SD) = 3.5], and 34.8% participants’ education
levels were less than or equal to high school. For smoking status, 684 partici-
pants  (63.3%)  never  smoked,  193  (17.9%)  were  former  smokers. Table  S1
presents the race-stratified summary statistics of  the 1,081 CARDIA partici-
pants  included  in  this  study  at  Y15. Table  S2 shows  characteristics  of  the
1,081 CARDIA participants stratified by study center at Y15.

In  this  paper,  we  consider  complete  case  analyses.  There  were 4034
CARDIA participants at Y15 not enrolled in the study due to DNAm data not
being measured. Table S3 in the supplement presents the characteristics of
the CARDIA participants at Y15 not included in our study. We found that the
participants without DNAm measures were similar at Y15 across most of the
demographic  variables.  However,  there  were  some  differences  in  race  and
sex: 2205 individuals (54.7%) were Black participants, and 1787 (44.3%) were
males.

Table 2 summarizes PM2.5 mass and species and correlation statistics at
Y15. The one-year average of PM2.5 mass exposure at Y15 was 13.45 μg/m3

(SD=3.25).  Among  all  the  correlations  between  PM2.5 mass  and  species
which  ranged from -0.69  to  0.79,  the  correlation  between black  carbon and
organic  matter  was  the  strongest  (r=0.79),  followed  by  sulfate  and  PM2.5

mass, sulfate and ammonium.
Table 3 shows the top hits of epigenome-wide associations between PM2.5

species at Y15 and DNAm at Y20 (Y15-Y20 model). After Bonferroni adjust-
ment, there were two significant CpG sites associated with ammonium expo-
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Table 3.  Genome-wide associations of PM2.5 species at Y15 (2000-2001) with DNA methylation at Y20 (2005-2006): CpGs with Bonferroni-corrected statistical significance
(P-value < 8.5e-09)

Species CpG Chra Gene Location Coefb SEc P-value Bootstrap P-valued

Ammonium cg07782767 13 DLEU1 Body 0.019 0.003 2.01E-09 0.001

cg10777178 7 GIMAP4 TSS200 0.025 0.004 6.24E-09 0.001

Nitrate cg06635351 1 -0.020 0.003 2.96E-10 0.001

cg06391325 19 GRAMD1A Body 0.008 0.001 1.27E-09 0.001

cg04202267 2 LASS6 Body -0.011 0.002 1.47E-09 0.001

cg18817487 12 HAL TSS200 -0.010 0.002 2.05E-09 0.001

cg15083386 2 STARD7 Body -0.016 0.003 2.22E-09 0.001

cg25119406 13 UBAC2 Body 0.012 0.002 3.20E-09 0.001

cg11919271 3 MED12L; P2RY12 Body; TSS1500 -0.020 0.003 4.07E-09 0.001

cg03953749 3 -0.017 0.003 4.61E-09 0.001

cg22358291 4 WDR1 Body 0.013 0.002 5.38E-09 0.001

cg25491402 21 PDE9A Body;5'UTR 0.010 0.002 5.47E-09 0.001

cg14431020 7 ELMO1 Body -0.023 0.004 6.01E-09 0.001

cg25090121 17 -0.009 0.002 7.20E-09 0.001

cg19930065 9 IFT74 Body -0.010 0.002 7.73E-09 0.001

cg20813589 11 RNH1 5'UTR -0.016 0.003 7.79E-09 0.001

cg25990696 13 -0.016 0.003 7.88E-09 0.001

cg14180696 3 LRRC15 5'UTR 0.011 0.002 8.09E-09 0.001

cg21953769 12 0.009 0.002 8.13E-09 0.001

a: Chromosome. b: Regression coefficients in linear models controlled for PM2.5 mass, blood subtype proportion (CD4+ T lymphocytes, CD8+ T lymphocytes,
natural killer cells, B cells, monocytes, granulocytes), age, BMI, race, gender, center, smoking status, education, and technical bias. c: Standard errors of the
coefficients. d: To validate the identified CpG, we performed bootstrap with 1000 replicates for the identified CpG sites. The bootstrap p-value as p =
(1+sum (t >= t0))/(N+1), where t is the t-statistics at each replicate, t0 is the t-statistics at original sample, and N is the replicate number. The statistical
significance p-value level is 0.05.
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sure and 17 significant CpG sites for nitrate exposure. For other species, there
were no significant CpG sites found. There was no significant CpG site in the
cross-sectional  model  of  PM2.5 species at  Y15 and DNAm at  Y15 (Y15-Y15
model, data not shown).

Among  the  significant  sites  identified  in  the  longitudinal  Y15-Y20  model,
we compared the magnitude of these associations to the corresponding ones
from  the  Y15-Y15  model  and  found  that  the  coefficients  of  significant  CpG
sites  of  the  Y15-Y20  model  increased  by  2- to  48-fold  (Table  S4 in  the
Supplemental  Document). Figures  1-2 provide  the  distribution  of  841,639
CpG sites of the epigenome-wide association for ammonium and nitrate. The
points above the horizontal line indicate the significant CpG sites.

Table 4 shows results for the longitudinal Y15-Y20 model stratified by race,
and Table S5 presents the results of the interaction test of the EWAS model
with an interaction term between PM2.5 species and race;  Black participants
were  the  reference  group  in  those  significant  CpG  sites.  We  found  that
several interaction terms were significant which indicated the race difference
in those sites was significant. For example, the significant interaction term of
site  cg07782767  for  ammonium  was -0.011  (SE=0.004);  We  conducted  a
further stratified model by race, revealing that the coefficient of the same site
is  0.028  (SE=0.006)  in  Black  participants  and  0.013  (SE=0.004)  in  White
participants. The negative values of significant interaction term indicated that
the magnitudes of the coefficients of the relation between PM2.5 species and
DNAm were statistically lower among White participants compared to Black
participants.  The  situation  is  similar  for  nitrate.  The  significant  interaction
term of site cg07782767 for nitrate was -0.006 (SE=0.004); Our further strati-
fied  model  by  race  shows  that  the  coefficient  of  the  same  site  is  0.015
(SE=0.003) in Black participants and 0.007 (SE=0.002) in White participants.

Figures 3-4 signify the potential pathways involved in the DNAm associa-
tions. We annotated the differentially methylated CpG sites to genes based on

the UCSC RefSeq annotation database. All the significant CpG sites for nitrate
and  ammonium  were  included  in  the  pathway  enrichment  analysis.  The
results of the disease gene network pathway analysis for nitrate showed that
the  identified  pathways  were  associated  with  basal  cell  cancer,  cerebral
aneurysm,  and  diseases  of  blood  vessels.39 The results  of  Reactome  path-
way  analysis  identified  the  pathways  linked  to  platelet  activation,  signaling,
aggregation  and  guanosine  3’,5’-cyclic  monophosphate  effect,  and  these
pathways were related to heart attack and stroke.40
 

DISCUSSION
To the best of our knowledge, this study represents the first examination of

the  effects  of  long-term exposure  to  PM2.5 species  on  DNAm specifically  in
Black  participants  using  repeated  DNAm  measurements.  We  evaluated
epigenome-wide  associations  between  PM2.5 species  and  DNAm  in  a  large
biracial  cohort  of  young  adults.  We  found  that  there  were  two  CpG  sites
significantly  associated  with  ammonium  exposure  and  17  sites  with  nitrate
exposure.  Moreover,  the  subgroup  analyses  of  the  associations  between
PM2.5 species and  these  top  DNAm  identified  suggested  that  the  associa-
tions  were  stronger  among  Black  participants  than  White  participants,  and
the interaction test of PM2.5 species and race indicated that race differences
were significant among 3 CpG sites. The 17 CpG sites identified were associ-
ated with  gene pathways of  basal  cancers,  platelet  activation,  signaling and
aggregation, and cGMP effect related to cognitive disorders.

Our  EWAS  analysis  supports  the  association  between  PM2.5 species  and
epigenome-wide DNAm. Furthermore,  by  leveraging bioinformatics  analysis,
we have gained valuable insights into the gene-level pathways that establish
a  potential  link  between  exposure  to  PM2.5 and  its  associated  health
outcomes. Both analyses provide robust evidence highlighting the significant
role of DNAm in mediating the path between exposure to PM2.5 and adverse

 

Table 4.  The estimated coefficients of significant CpG sites for overall model in subgroup of Black and White participants

Black participants White participants

Species CpG Chra Gene Location Coefb SE* P-value Coefb SEc P-value

Ammonium cg07782767 13 DLEU1 Body 0.028 0.006 9.98E-07 0.013 0.004 5.49E-04

cg10777178 7 GIMAP4 TSS200 0.031 0.007 1.28E-05 0.020 0.005 1.83E-04

Nitrate cg06635351 1 -0.027 0.006 9.79E-07 -0.017 0.004 1.38E-05

cg06391325 19 GRAMD1A Body 0.009 0.002 1.42E-05 0.007 0.002 3.45E-06

cg04202267 2 LASS6 Body -0.014 0.003 1.24E-05 -0.008 0.002 7.59E-05

cg18817487 12 HAL TSS200 -0.014 0.003 1.44E-06 -0.008 0.002 2.90E-04

cg15083386 2 STARD7 Body -0.018 0.004 6.95E-05 -0.015 0.003 5.67E-06

cg25119406 13 UBAC2 Body 0.018 0.004 1.21E-06 0.009 0.002 4.77E-04

cg11919271 3 MED12L; P2RY12 Body; TSS1500 -0.025 0.005 5.05E-06 -0.018 0.004 5.64E-05

cg03953749 3 -0.023 0.005 3.69E-06 -0.015 0.004 3.28E-05

cg22358291 4 WDR1 Body 0.020 0.004 1.22E-07 0.009 0.003 8.92E-04

cg25491402 21 PDE9A Body;5'UTR 0.015 0.003 2.85E-07 0.007 0.002 3.97E-04

cg14431020 7 ELMO1 Body -0.027 0.006 3.76E-05 -0.021 0.005 1.20E-05

cg25090121 17 -0.013 0.003 3.13E-07 -0.005 0.002 6.56E-03

cg19930065 9 IFT74 Body -0.012 0.003 3.32E-05 -0.009 0.002 4.83E-05

cg20813589 11 RNH1 5'UTR -0.023 0.004 3.82E-07 -0.011 0.004 2.37E-03

cg25990696 13 -0.023 0.004 4.23E-07 -0.012 0.003 6.28E-04

cg14180696 3 LRRC15 5'UTR 0.015 0.003 7.45E-07 0.008 0.002 5.94E-04

cg21953769 12 0.013 0.003 4.17E-07 0.006 0.002 9.37E-04

a: Chromosome. b: Regression coefficients in linear models controlled for PM2.5 mass, blood subtype proportion (CD4+ T lymphocytes, CD8+ T lymphocytes,
natural killer cells, B cells, monocytes, granulocytes), age, BMI, race, gender, center, smoking status, education, and technical bias. c: Standard errors of the
coefficients.
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health outcomes.
To our knowledge, to date, there have been only limited studies focused on

the epigenome-wide association between PM2.5 species and DNAm. A recent
EWAS on DNAm and PM2.5 species in a 450K platform by Dai et al. indicated
that 29 CpG sites were identified at a Bonferroni adjusted significance level.24

DNAm at Schlafen Family Member 11 (SLFN11) cg10911913 was positively
associated PM2.5 species Fe, Ni, and V. Nevertheless, our study did not share
the same CpG sites with theirs. The reason we have different results may be
caused  by  the  different  PM2.5 species  we  considered  and  the  differences  in
the targeted populations. Compared to their study that used the following 11
species:  Al,  Ca,  Cu,  Fe,  K,  Na,  Ni,  S,  Si,  V,  and  Zn,  we  used  black  carbon,
ammonium,  nitrate,  organic  matter,  sulfate,  soil,  and  sea  salt.  Compared  to
that  investigation  in  the  Normative  Aging  Study  (NAS),  our  CARDIA  cohort
also has a larger sample size (1,081 vs. 657). In addition, their study primarily
consisted  of  elderly  White  men,24 where  we  have  measurements  among
Black  participants.  Moreover,  the  participants  of  our  study  were  from  four
different urban sites in the US, where NAS only has the participants in Greater
Boston Area.

One of the findings of our study was the positive association between the
methylation at GRAMD1A (cg06391325) with the concentration of  the PM2.5

species nitrate. GRAM Domain Containing 1A (GRAMD1A) gene is localized to
the endoplasmic reticulum.41 The role of GRAMD family genes is to transport
the  phosphatidylinositol  monophosphate  from  plasma  membrane  to  the
endoplasmic reticulum. During the transport process, GRAMD1A enrichment
occurs  and  connect  to  the  autophagy  inhibitors  autogramin-1  and  2,  which

are  required  for  autophagosome  biogenesis.42,43 Current  research  suggests
that expansion of hepatocellular carcinoma (HCC) stem cells and hepatocel-
lular  carcinoma  tumor  growth  are  promoted  by  overexpression  of
GRAMD1A.44 Our  finding of  a  positive  epigenome-wide association between
nitrate  PM2.5 exposure  and  DNAm  suggests  that  higher  exposure  to  nitrate
may  induce  hypermethylation  of  CpGs  within GRAMD1A.  The  hypothesis  is
consistent  with  the  recent  research  showing  an  association  between
concentration of PM2.5 air pollution and hepatocellular carcinoma incidence in
the United States.45

We  also  observed  that UBAC2 (cg25119406)  was  positively  associated
with  the  exposure  of  nitrate.  This  gene  can  negatively  regulate  the  Wnt
signaling  pathway  and  retrograde  protein  transport,45 acting  upstream  of  or
within  protein  localization to  endoplasmic reticulum.46 These pathways may
facilitate venous thrombosis and pulmonary embolism.47

In addition, we also found that exposure to nitrate is positively associated
with the methylation of cg25491402 in gene PDE9A. The protein encoded by
this gene catalyzes the hydrolysis of cAMP and cGMP to their corresponding
monophosphates,  and  plays  a  role  in  signal  transduction  by  regulating  the
intracellular concentration of these cyclic nucleotides, which has been shown
to link with cognitive disorders.48

The present study is one of the largest investigations to date of epigenome-
wide association between the PM2.5 species and DNAm, which suggests that
exposure to air  pollution can induce change of methylation of  certain genes
which  are  related  to  inflammation,  cancer,  and  biosynthesis  in  cells.49 Our
study  has  several  strengths.  First,  we  conducted  a  comparative  analysis  of
the  coefficients  of  epigenome-wide  association  between  DNAm at  Y20  and
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CpGs in the overall model.
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DNAm at  Y15,  which  provided insights  into  the  dynamics  of  these  associa-
tions.  Second,  we  included seven  PM2.5 species  in  the  study,  which  allowed
us  to  investigate  the  species-specific  associations  between  the  exposures
and  DNAm.  Third,  the  cohort  we  chose  included  participants  from  four
geographically  distinct  urban  areas  across  the  US.  The  exposure  to  PM2.5

mass and species can be influenced by measurement sites.20 We were able
to evaluate these associations across a wide range of  PM2.5 concentrations
and  species,  which  strengthened  the  robustness  and  generalizability  of  our
findings. Fourth, the DNAm profiles were obtained during middle age, which is
a  crucial  stage  of  life  where  DNAm  may  reflect  cumulative  environmental
exposures from the past, as well as when the risks of certain diseases begin
to  emerge.  Finally,  since  we  included  different  race  ethnicity  groups  in  our
analysis,  we  were  able  assess  associations  between  DNAm  and  PM2.5

species in diverse sociodemographic groups, and shed light on disparity in air
pollution-related  health  issues.  Since  race  is  a  social  construct,  it  is  highly
likely that  the  disparities  observed  in  this  study  may  reflect  other  environ-
mental exposures or factors related to social determinants of health that are
also associated with race.

While our findings provide insights into the potential associations between
PM2.5 species and methylation patterns, it is important to acknowledge some
limitations. Though we conducted EWAS for  Y15 exposure  to  Y15 methyla-
tion and Y15 exposure to Y20 methylation, we cannot definitively establish a
cause-and-effect  relationship  between  PM2.5 species  and  DNAm  changes.
PM2.5 species data were available only at Y15,  which restricted our ability to
assess the time lag required for the observed effects on methylation to mani-
fest. In addition, though we found that the associations were stronger among
Black participants, there were only a few CpG sites that had significant inter-
action  terms  for  PM2.5 species and  race.  Further  research  on  racial  differ-
ences in associations between PM2.5 species and DNAm is needed on larger
cohorts, and should focus on other environmental exposures that may differ
by  race,  socioeconomic  status,  or  other  factors.  Moreover,  this  is  only  one
level  of  gene  regulation,  whereas  other  forms of “epigenetic” regulation,  like
non-coding  RNA,  are  likely  to  be  relevant.  In  addition,  the  gene  annotation
here is mainly based on proximity in the genomic locations, although DNAm
influences mostly local genes in nearby genomic regions, assessing the long-
range regulation will be of interest for future studies to provide more compre-
hensive understanding of the associations found in this study. 

CONCLUSION
In  summary,  this  study  provides  important  evidence  for  the  epigenome-

wide association between PM2.5 species and DNAm in a longitudinal  cohort,
which  highlights  the  importance  of  epigenetic  regulation  in  air  pollution-
related health problems. Future studies may help further elucidate the role of
specific DNAm markers, together with other epigenetic mechanisms such as
histone acetylation, for PM2.5 induced adverse health effects.
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