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ABSTRACT

Gestational epigenetic aging (GEA) is a novel approach for characterizing associations between
prenatal exposures and postnatal risks. Psychosocial adversity in pregnancy may influence GEA,
but the molecular mechanisms are not well understood. DNA methylation to glucocorticoid
regulation and hypothalamic-pituitary-adrenal (HPA) axis genes are implicated but have not
been fully examined in association with GEA. This study investigated whether a polyepigenetic
glucocorticoid exposure score (PGES) and HPA axis gene (NR3C1, HSD11B2, FKBP5) methylation
were associated with GEA, and whether associations were sex-specific. Participants were from
a prospective cohort of racial/ethnic diverse and socially disadvantaged pregnant women and
infants (n = 200). DNA methylation variables were estimated using umbilical cord blood. PGES was
derived with CpGs shown to be sensitive to synthetic dexamethasone exposure. NR3C1, HSD11B2,
and FKBP5 methylation was summarized via factor analysis. We found that PGES ( = -1.12, SE=
0.47, p=0.02) and several NR3CT and FKBP5 factor scores were associated with decelerated GEA
(all p <0.05). A significant sex interaction was observed for FKBP5 factor score 3 (3 = -0.34, SE=
0.15, p=0.02) suggesting decelerated GEA for males but not females. This study showed that
glucocorticoid regulation-related DNA methylation was associated with a decelerated aging
phenotype at birth that might indicate a neonatal risk.
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Introduction
which biologic age (estimated with DNA methyla-

The gestational environment and developmental
changes occurring during pregnancy can provide
a basis for lifelong health and functioning for the
offspring [1]. The past few decades of
Developmental Origins of Health and Disease
(DOHaD) research has illustrated the sensitivity
of the prenatal milieu, with a range of exposures
in pregnancy contributing to offspring health over
the life course [1-4]. Due to the epigenome’s mal-
leability during gestation, epigenetic changes are
plausible linking mechanisms between prenatal
exposures and offspring phenotype, with support-
ing evidence accumulating from traditional epi-
genome wide association and candidate gene
examinations [3], as well as from newer applica-
tions like epigenetic aging [5,6]. Gestational epige-
netic aging (GEA) is a novel approach for
characterizing impacts of fetal exposures on post-
natal risks, which involves estimating the degree to

tion at subsets of CpGs from birth tissues like
placenta and umbilical cord blood) is accelerated
(older) or decelerated (younger) than expected
given the chronologic age typically measured via
ultrasound [7].

Psychosocial stress during pregnancy may con-
tribute to gestational epigenetic alterations to
hypothalamus-pituitary-adrenal =~ (HPA)  axis
genes like NR3C1, HSD11B2, and FKBP5, which
may in turn influence infant health and neurode-
velopmental risks for the neonate [8-15].
Emerging work similarly suggests that deviations
in GEA may be mechanism linking maternal
stress and depression during pregnancy with off-
spring outcomes. For example, a set of cohort
studies have found depression and psychosocial
adversities during pregnancy to be associated
with gestational epigenetic age deceleration
among infants in independent samples [16-19],
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and one study observed decelerated GEA influ-
enced child behavioral functioning at age 3.7
years [16]. Where accelerated epigenetic aging
may signify older biologic age and health risk
among adults [6], neonatal decelerated epigenetic
aging may indicate a more premature physiology
than would be expected given chronological age
at delivery [20]. Thus, deviations in GEA may
help explain health and developmental risks for
infants related to maternal psychosocial stress in
pregnancy.

While the population-based evidence is accu-
mulating suggesting a link between maternal
depression and stress with GEA, the molecular
determinants of GEA are not well understood. It
is plausible that glucocorticoid and HPA-axis
pathway dysregulation could be involved.
Provencal and  colleagues [21] derived
a polyepigenetic glucocorticoid exposure score
(PGES) that quantifies methylation extent among
a set of CpGs found to be sensitive to exogenous
glucocorticoid exposure and contributed to long-
lasting changes in DNA methylation in progenitor
cells; the PGES also discriminates risk among
pregnant women and children. For example, in
a prospective cohort of 810 pregnancies, prenatal
depression and anxiety were associated with lower
levels of PGES in umbilical cord blood [21]; PGES
at birth in turn was associated with increased
severity of child mental and behavioral problems
at ages 7-10years [22]. To date, only one study
has examined the relationship between PGES and
GEA. In a sample of 83 post-partum women,
higher levels of umbilical cord derived PGES was
associated with decelerated gestational epigenetic
aging among infants, with sex-specific patterning
in GEA suggesting differential susceptibility to
PGES for males and females [23]. While this
small study provides initial evidence that PGES
can influence GEA, replication work in an inde-
pendent sample is warranted. Moreover, while the
PGES includes molecular marks sensitive to exo-
genous glucocorticoid exposure, it does not
include genomic locations related to the HPA-
axis pathway. This is surprising given the large
evidence base linking methylation extent to HPA-
related genes such as NR3CI, HSDI11B2, and
FKBP5 to maternal mental health in pregnancy
and offspring phenotype [8]. Thus, extension of

this initial work into the molecular determinants
of GEA that explicitly considers HPA-axis related
CpG sites is warranted.

The present study has three aims. First, we
endeavored to replicate the association between
PGES and GEA [23] in an independent sample.
As was observed in this prior work, we hypothe-
sized that higher gestational PGES scores would be
associated with decelerated GEA. We tested this
hypothesis among a larger and more diverse study
population than has previously been considered.
Second, we examined whether patterning in gesta-
tional methylation extent to a set of HPA axis
genes would be associated with deviations in
GEA. We considered three genes indicative of
HPA axis and glucocorticoid regulation that prior
research has found to be related to maternal psy-
chosocial adversity and infant risk: NR3ClI,
FKBP5, HSDI11B2. Third, as prior work has
found sex-specific associations [11,23], we exam-
ined whether associations between PGES and
HPA-related DNA methylation with GEA was pat-
terned by infant sex. To our knowledge, this study
is the first to consider whether a range of gluco-
corticoid related DNA methylation markers may
influence epigenetic aging signatures at birth.

Methods
Study population

The Albany Infant and Mother Study (AIMS) is
a prospective cohort study of pregnant people and
their infants born at Albany Medical Center
(Albany, NY, USA) and has been described in
several previous publications [18,24-27]. Briefly,
English speaking individuals who were pregnant
with one baby and between the ages 18-40 years of
age were eligible to participate. Following the
informed consent process, the enrollment visit
(occurring around 28 weeks gestation) included
questionnaire administration and biospecimen
collection to collect pre-pregnancy and gestational
exposure information. At the birth, umbilical cord
blood samples were collected, and infant anthro-
pometry was assessed in the delivery room by
trained clinicians using standard protocols and
instrumentation. After the birth, study physicians
abstracted medical records for information on



pregnancy morbidity, delivery factors, and birth
outcomes. Three-hundred pregnant people were
screened, 272 were eligible and enrolled, and 204
provided umbilical cord blood samples. Three out-
liers (i.e., those whose DNA methylation predicted
gestational age was greater than three standard
deviations from the mean of actual gestational
age) were removed from the sample. Here, we
present a complete case analysis of 200 individuals
who had available epigenetic and covariate data.
The Albany Infant and Mother Study was
approved by Institutional Review Boards at the
University at Albany State University of
New York and Albany Medical Center.

Measures

DNA methylation

DNA from umbilical cord blood samples was
extracted and methylation was assessed via the
Mlumina EPIC Infinium array (Illumina, San
Diego, CA) [28]. As described in our previous
AIMS publications [18,27], we undertook the stan-
dard statistical processing pipeline for analyzing
EPIC array data, and followed established proto-
cols (e.g., extractions from raw files using the minfi
R package [29], functional normalization, Beta
Mixture Quantile Dilation (BMIQ) [30],
ComBAT adjustment [31,32]. This process yielded
B values (a ratio of methylated/unmethylated
probes). We also estimated cell type proportions
[33]. We used this processed DNA methylation
data to derive the gestational epigenetic age clock
metric [7], the glucocorticoid epigenetic score
[23], and the gestational HPA-related methylation
variables [27], each described in turn below.

Gestational epigenetic age deviation. As described
previously [18], and in order to facilitate compar-
isons to other recent research in this area [16-
18,23], we estimated gestational epigenetic age
deviation with the Knight method [7] which was
developed specifically for umbilical cord blood
derived DNA. The Knight clock measure is
a weighted average of methylation extent at 148
CpGs; we calculated GEA with the 141 probes
covered by the EPIC array [18]. Previous research
that has shown that DNA methylation age esti-
mates derived with the EPIC array were robust to
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missing probes compared to other platforms [34].
Sensitivity analyses described previously likewise
showed GEA was robust to the removal of the
seven probes in the original Knight clock that are
not included on the EPIC array [18]. We examined
the GEA residual variable, which represents the
difference between epigenetic gestational age and
clinically estimated gestational age (via ultra-
sound), calculated as the residual from
a regression analysis where the epigenetic age is
regressed against the clinical gestational age.
Positive and negative deviations to residual scores

can indicate acceleration and deceleration
respectively.
Polyepigenetic Glucocorticoid Exposure Score

(PGES). The PGES is a set of 24 CpGs identified
in prior work with fetal hippocampal progenitor
cells and peripheral blood where lasting changes in
DNA methylation were observed in response to
synthetic dexamethasone exposure [21]. This
score was originally derived with weights corre-
sponding to the magnitude of methylation change
at each component CpG [21]. As the weights are
tissue specific [19], unweighted PGES scores have
also been derived and been examined across other
tissues including buccal cells [19] and umbilical
cord blood [23]. Here, using umbilical cord
derived DNA, we calculated an unweighted PGES
score as a simple arithmetic average of methylation
extent across component CpGs [23]. Methylation
information was available at 23 of the 24 gluco-
corticoid sensitive CpGs [19,23] and were included
in this unweighted PGES.

Hypothalamic pituitary adrenal axis epigenetic
scores. We considered DNA methylation for
three HPA axis genes: NR3Cl (85 CpGs),
HSDI11B2 (23 CpGs), and FKBP5 (50 CpGs). All
CpGs for each gene that were measured in the
EPIC array were included in analysis. There was
no overlap in the CpGs for these genes with those
included in the PGES. We used factor analysis to
summarize DNA methylation separately for
NR3C1, HSD11B2, and FKBP5. This approach
helps to reduce the dimensionality of large data,
helps prevent type I error, and is often applied in
gene-expression, and  microarray  analyses
[27,35,36]. As described in our prior work [27],
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we conducted an exploratory factor analysis to
extract factors for each gene, and then conducted
a parallel analysis incorporating a Monte Carlo
simulation to determine the number of factor to
retain [37,38]. The parallel analysis is considered
a best-practice for determining the number of
factors to retain [38]. This process resulted in six
NR3CI factors, and seven factors each for
HSD11B2, and FKBP5. The fit statistics indicated
good model fit for each gene (RMSEAngr3c; = 0.06;
RMSEALsp1182 = 0.05; RMSEA pxpps = 0.06).
Supplemental file 1 lists descriptive data for the
HPA axis epigenetic scores, where loadings largely
demarcated factors by genomic location and
methylation extent. Proportion of variance
explained for each factor was moderate, ranging
from 0.36 to 0.07. For each retained factor, DNA
methylation was averaged for the all the CpGs that
loaded on that factor.

Covariates. Demographic, maternal health, and
infant factors were controlled for in analysis.
Demographics were self-reported maternal age,
race/ethnicity (white and not-Hispanic; Black/
Hispanic/other) and education attainment (<high
school degree/GED; >high school degree).
Maternal health factors were assessed via self-
report at the pregnancy enrollment visit and
from medical records. Self-reported factors
included pre-pregnancy body mass index (kg/m
[2], smoked during pregnancy (yes/no), depressive
symptoms, and diet. The Edinburgh Postnatal
Depression Scale (EPDS; a=0.87) [39] measured
depressive symptoms in pregnancy. Diet was mea-
sured with an abbreviated Food Frequency
Questionnaire [40,41], and a western dietary pat-
tern score was calculated indicating the frequency
of eating western-type foods (i.e., red/processed
meats, high-fat dairy, refined/processed grains,
soda) [25-27]. Medical record sourced covariates
included parity (nulliparous/not nulliparous),
pregnancy complications, and infant attributes.
Pregnancy complications was a count of the fol-
lowing conditions during the focal pregnancy:
gestational diabetes, preeclampsia, eclampsia, pla-
cental abnormalities (abruption, previa, accreta,
marginal bleed), bacterial infections (Group
B Streptococcus,  Chorioamnionitis),  and
PPROM. Infant covariate data was sex (male/

female) and gestational age at delivery (weeks;
abstracted from medical records; estimated from
ultrasound during prenatal care visits).

Analysis plan

First, we calculated descriptive statistics for study
variables for the full sample and according to
infant sex. Independent ¢ and x> tests considered
sex differences for continuous and dichotomous
variables respectively. Then, we examined
Pearson’s correlations among all epigenetic vari-
ables (GEA, PGES, and the HPA methylation
scores), while controlling for cell type proportions.
These correlations illustrated the degree to which
the epigenetic predictors were independent from
one another, as well as highlighted the bivariate
associations with GEA. While the GEA was not
correlated with cell type proportions, PGES and
some HPA methylation scores were correlated
with cell type (data not shown); therefore, we
controlled for cell type heterogeneity in analysis.
Next, we fit a set of multivariable linear regression
models testing the main effect associations
between PGES and each HPA methylation score
with GEA, while controlling for cell type propor-
tions and study covariates. Sex differences were
assessed in two ways. The multivariate models
were stratified by infant sex to determine if asso-
ciations for PGES and HPA methylation scores
with GEA were different for males and females.
For sex-specific associations that were significant
in stratified analyses, additional models were built
that included a multiplicative interaction term for
that epigenetic predictor with infant sex and
examined in association with GEA, controlled for
study covariates. For the multivariate models,
PGES and HPA methylation scores were standar-
dized (mean = 0, standard deviation = 1) for inter-
pretability. Statistical significance was determined
by p-values less than 0.05.

Results

Table 1 lists participant characteristics. Overall,
women were on average 29 years old during preg-
nancy, 41% were from a racial/ethnic minority
group, and 34% reported high school or less as
the highest level of education attained.
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Table 1. Albany infant and mother study participant characteristics*.

Full sample (n =200) Males (n=99) Females (n=101) p
Maternal characteristics
Race, white/not Hispanic, % (n) 59.00 (118) 60.61 (60) 57.43 (58) 0.65
Race, not white and/or Hispanic, % (n) 41.00 (82) 39.39 (39) 42.57 (43)
Education, high school or less, % (n) 34.50 (69) 37.37 (37) 31.68 (32) 0.40
Education, more than high school, %, (n) 65.50 (131) 62.30 (62) 68.32 (69)
Smoked during pregnancy, yes, % (n) 11.00 (22) 15.15 (15) 6.93 (7) 0.06
Smoking during pregnancy, no, % (n) 89.00 (178) 84.85 (84) 93.07 (94)
Nulliparous, yes, % (n) 25.50 (51) 26.26 (26) 24.75 (24) 0.80
Nulliparous, no, % (n) 74.50 (149) 73.37 (73) 75.25 (76)
Age, years, 28.63 (5.51) 28.62 (5.72) 28.65 (5.33) 0.48
Depressive symptoms, sum score 8.70 (5.33) 9.10 (5.26) 8.30 (5.41) 0.29
Pre-pregnancy BMI 29.02 (8.53) 28.62 (7.86) 29.42 (9.17) 0.51
Pregnancy complications, index 0.72 (0.97) 0.65 (0.96) 0.78 (0.99) 0.33
Western diet, sum score 39.70 (14.60) 40.98 (13.97) 38.47 (15.16) 0.22
Gestational age at delivery, weeks 39.04 (1.65) 39.04 (1.55) 39.04 (1.74) 0.99
Epigenetic characteristics™*
DNAm gestational age, weeks 39.82 (1.66) 39.68 (1.46) 39.95 (1.83) 0.25
GEA, residual —0.09 (1.03) —0.18 (1.08) 0.01 (0.98) 0.19
PGES 0.35 (0.05) 0.35 (0.04) 0.35 (0.06) 0.98
NR3CT — 1 0.72 (0.02) 0.72 (0.02) 0.72 (0.02) 0.85
NR3CT — 2 0.75 (0.01) 0.74 (0.02) 0.75 (0.01) 0.08
NR3CT -3 0.06 (0.003) 0.06 (0.003) 0.06 (0.003) 0.07
NR3C1 — 4 0.68 (0.02) 0.68 (0.02) 0.68 (0.02) 0.31
NR3C1 -5 0.58 (0.02) 0.58 (0.02) 0.57 (0.02) 0.06
NR3C1 - 6 0.61 (0.02) 0.61 (0.02) 0.61 (0.02) 0.86
HSD11B2 — 1 0.02 (0.002) 0.02 (0.002) 0.02 (0.002) 0.49
HSD11B2 — 2 0.63 (0.04) 0.63 (0.04) 0.63 (0.04) 0.63
HSD11B2 — 3 0.59 (0.02) 0.58 (0.02) 0.60 (0.02) <0.001
HSD11B2 — 4 0.39 (0.01) 0.38 (0.01) 0.39 (0.01) 0.06
HSD11B2 — 5 0.04 (0.01) 0.04 (0.01) 0.04 (0.01) 0.87
HSD11B2 — 6 0.01 (0.001) 0.01 (0.001) 0.01 (0.002) 0.29
HSD11B2 — 7 0.90 (0.01) 0.90 (0.01) 0.89 (0.01) 0.06
FKBP5 — 1 0.84 (0.02) 0.84 (0.02) 0.84 (0.02) 0.97
FKBP5 — 2 0.39 (0.05) 0.39 (0.04) 0.39 (0.06) 0.51
FKBP5 — 3 0.52 (0.02) 0.52 (0.02) 0.52 (0.02) 0.23
FKBP5 — 4 0.02 (0.002) 0.01 (0.002) 0.02 (0.002) 0.10
FKBP5 — 5 0.39 (0.07) 0.39 (0.08) 0.39 (0.07) 0.98
FKBP5 — 6 0.82 (0.02) 0.82 (0.01) 0.81 (0.02) 0.14
FKBP5 — 7 0.48 (0.01) 0.48 (0.01) 0.48 (0.01) 0.37

*Cell entries are means (standard deviations) unless otherwise specified. *Epigenetic characteristics GEA, PGES, NR3C1, HSD11B2, and FKBP5 scores
represent proportion methylated. " p-value corresponds to independent t- and x? tests for continuous and categorical variables respectively.
Abbreviations: DNAm=DNA methylation; GEA=Gestational epigenetic aging; PGES=Polygenetic glucocorticoid exposure score.

Eleven percent of women smoked during preg-
nancy, 25.5% were nulliparous, the average pre-
pregnancy BMI was 29.02 (SD =8.53), and the
depressive symptoms score was 8.70 (SD =5.33).
Women experienced on average less than one
pregnancy complication (range 1-4; each condi-
tion was < 10% prevalence) and had western diet
scores of 39.70 (SD =14.60). Infants were largely
born at term (M = 39.04 weeks, SD =1.65). There
was an even split of male and female infants in the
sample. There were no significant differences in
maternal characteristics according to infant sex (all
p >0.05), though smoking during pregnancy was
marginally more prevalent among participants
with male (15.15%) as compared to female infants
(6.93%; p = 0.06).

The average DNA methylation predicted gesta-
tional age was 39.82 weeks (SD = 1.66), and mea-
sured gestational age was 39.04 weeks (SD = 1.65).
There was a significant positive correlation
between gestational epigenetic age and clinically
assessed gestational age (r=0.73, p<0.001). The
mean residualized GEA in the analytic sample was
—0.09 (SD =1.03). The CpGs comprising the PGES
were on average 35% methylated (range 21-53%).
For NR3C1, HSDI11B2, and FKBP5, each variable
showed different degrees of methylation extent;
most showed a moderate degree of methylation,
though a few scores had very low (e.g., HSDI11B2-
6) and very high methylation extent (e.g.,
HSD11B2-7). Males had significantly lower methy-
lation to CpGs on HSDIIB2-3 compared to
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females (0.58 vs 0.60 respectively, p < 0.001). There
were no other significant differences according to
infant sex for GEA, PGES, NR3CI, FKBP5, or
other HSD11B2 scores.

Supplemental Tables S1-S3 list genomic loca-
tion and methylation extent per CpG for each
HPA-axis DNA methylation factor score.
NR3C1-1 and NR3CI1-2 CpGs were highly methy-
lated largely located in the gene body and 5’UTR
regions. NR3C1-3 CpGs were low methylated and
located in TSS1500. NR3C1-5 and NR3CI1-6 CpGs
with the highest loadings were located in the gene
body and 5'UTR respectively. For HSDI11B2,
scores largely differentiated according to TSS and
gene body locations, and most were low methy-
lated. For FKBP5-1, CpGs were largely located in
5'UTR and the gene body (highly methylated), and
FKBP5-2 CpGs were located in gene body, 5’UTR,
and TSS locations (moderately methylated). Both
FKBP5-3 and FKBP5-4 had CpGs located in
5UTR and TSS locations, with high (factor 3)
and low (factor 4) methylation extents. FKBP5-5
included moderately methylated CpGs in the gene
body. FKBP5-6 and FKBP5-7 both included a mix
of CpGs from 5UTR, body, and TSS locations,
and were differentiated by methylation extent (fac-
tor 6 high; factor 7 low).

Table 2 shows the correlations among the epi-
genetic variables, adjusted for cell type propor-
tions. Significant correlations were observed for
GEA with PGES (r=-0.14, p=0.04) and several
HPA methylation scores including NR3CI-3 (r=
0.18, p=0.01), NR3Cl-4 (r=-0.21, p=0.004),
NR3CI-5 (r=-0.17, p=0.02), and HSD11B2-3 (r
=0.18, p=0.01), and FKBP5-3 (r=-020, p=
0.01). PGES was significantly correlated with
some HPA methylation scores, including NR3CI-
1 (r=0.43, p<0.001), NR3CI-6 (r=0.38, p<
0.001), HSD11B2-3 (r=0.32, p <0.001),
HSDI1B2-7 (r=0.43, p<0.001), FKBP5-1 (r=
0.43, p<0.001), and FKBP5-7 (r=0.19, p=0.01).
The other 14 HPA scores were not correlated with
PGES. Within and across HPA genes, some but
not all methylation scores were significantly corre-
lated with each other. The CpG sites that comprise
the GEA, PGES, and HPA methylation scores are
distinct and do not overlap (Supplemental file 1).

Table 3 lists the multivariable linear regression
models for the associations between PGES and

HPA methylation scores with GEA for the full
sample and also stratified by infant sex. In the
full sample, we found that PGES was associated
with gestational epigenetic age deceleration (P=-
1.12, SE =0.047, p = 0.02), controlling for cell type
and other covariates. Similarly, NR3CI scores 1, 4,
5, and also FKBP5 scores 1 and 3 were each nega-
tively associated with GEA (all p <0.05). NR3CI-3
was positively associated with GEA (3 =0.22, SE =
0.08, p=0.004). Non-significant positive trends
were observed for HSDIIB2-3 (B=0.16, SE=
0.08, p=0.06) and FKBP5-1 (B =0.14, SE=0.08,
p=0.09) with GEA.

When stratifying by infant sex, higher levels of
methylation on NR3CI-5 (p=-0.45 SE=0.19, p=
0.02) and FKBP5-3 (p=-0.45, SE =0.15, p = 0.007)
were negatively associated with GEA among male
but not female infants. A non-significant trend
suggested FKBP5-7 May also be associated with
decelerated aging among males (B =-0.20, SE =
0.11, p =0.06) and not females. For females, higher
NR3C1-4 scores were significantly associated with
decelerated aging (B=-0.37, SE =0.17, p =0.04).

For the epigenetic factors that demonstrated
significant sex-specific associations (p < 0.05) with
GEA in stratified models (NR3CI-5, NR3Cl-4,
and FKBP5-3), we fit additional models for GEA
that considered the statistical interaction between
that predictor with infant sex (Figure 1). Also, in
an effort to replicate prior work where sex-specific
patterning in PGES and GEA associations was
observed [23], we tested for interaction effect for
PGES and GEA despite observing no sex pattern-
ing in our stratified models. Of these, the interac-
tion effect was significant for FKBP5-3 (p =-0.34,
SE =0.15, p=0.02), whereby the GEA slope was
relatively flat for females and decelerated for
males. No interaction effect was observed for
PGES (B=0.03, SE=0.16, p=0.87); the PGES
slopes were parallel and nearly coincident for
male and females. No significant interaction effects
were observed for NR3CI-4 or NR3CI-5, though
the plots suggest the possibility of differential pat-
terning in GEA by sex.

Discussion

DOHaD research has revealed the sensitivity of the
fetal epigenome to gestational exposures, including
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Table 3. Multivariable linear regression associations between the polyepigenetic glucocorticoid exposure score, hpa-
axis DNA methylation scores, and gestational epigenetic age deviation*.

Full sample Males Females
B (SE) p B (SE) p B (SE) p
PGES -1.12 (0.47) 0.02 —0.91 (0.67) 0.18 -1.11 (0.71) 0.12
NR3C1 -1 —-0.35 (0.14) 0.01 —0.23 (0.24) 0.34 —0.28 (0.21) 0.19
NR3CT -2 0.26 (0.18) 0.14 0.37 (0.37) 0.31 —0.10 (0.26) 0.70
NR3C1 -3 0.22 (0.08) 0.004 0.21 (0.13) 0.10 0.13 (0.11) 0.27
NR3C1 — 4 —-0.28 (0.12) 0.02 —0.20 (0.19) 0.33 —-0.37 (0.17) 0.04
NR3C1 -5 —-0.28 (0.14) 0.04 —0.45 (0.19) 0.02 0.15 (0.25) 0.55
NR3C1 - 6 0.18 (0.13) 0.16 0.05 (0.24) 0.84 0.19 (0.19) 0.32
HSD11B2 — 1 —-0.11 (0.08) 0.17 —-0.15 (0.12) 0.22 —-0.01 (0.12) 0.91
HSD11B2 — 2 0.07 (0.08) 0.39 0.01 (0.13) 0.90 0.08 (0.11) 0.46
HSD11B2 — 3 0.16 (0.08) 0.06 0.17 (0.12) 0.14 0.18 (0.13) 0.18
HSD11B2 — 4 0.01 (0.08) 0.93 0.22 (0.13) 0.10 —-0.14 (0.11) 0.19
HSD11B2 — 5 0.01 (0.08) 0.91 0.15 (0.12) 0.23 -0.16 (0.11) 0.14
HSD11B2 — 6 —0.04 (0.08) 0.59 —0.10 (0.14) 0.48 -0.02 (0.11) 0.88
HSD11B2 — 7 —0.06 (0.08) 0.39 0.16 (0.13) 0.22 —-0.16 (0.10) 0.12
FKBP5 — 1 0.14 (0.08) 0.09 0.06 (0.12) 0.65 0.20 (0.14) 0.15
FKBP5 — 2 0.26 (0.18) 0.13 0.41 (0.30) 0.17 0.14 (0.23) 0.54
FKBP5 — 3 —0.28 (0.08) 0.004 —0.45 (0.15) 0.007 —-0.17 (0.11) 0.14
FKBP5 — 4 —-0.12 (0.07) 0.10 —0.11 (0.13) 0.39 —-0.09 (0.10) 0.34
FKBP5 — 5 0.03 (0.07) 0.70 0.02 (0.10) 0.81 0.08 (0.13) 0.54
FKBP5 — 6 —0.08 (0.15) 0.62 —0.14 (0.25) 0.57 —-0.10 (0.22) 0.66
FKBP5 — 7 —0.16 (0.08) 0.04 —0.20 (0.11) 0.06 —-0.12 (0.14) 0.41

*All models were adjusted for maternal age, race/ethnicity, education, pre-pregnancy BMI, parity, pregnancy conditions, smoking,
diet, depressive symptoms, and cell type proportions (Bcell, CD4T, CD8T, Gran, Mono, NK, nRBC). Analyses among the full sample
additionally adjust for infant sex.

HPA=Hypothalamic pituitary adrenal; PGES=Polyepigenetic glucocorticoid exposure score.
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Figure 1. Interaction plots for the association between PGES and DNA methylation factor scores with gestational epigenetic aging
according to infant sex. Slopes for males appear in Blue; slopes for females appear in red. P-values list the significance level for the
interaction effect.



for GEA. This study focused on elucidating mole-
cular mechanisms that may help explain how psy-
chosocial adversity during pregnancy might
influence epigenetic processes in utero. We found
that gestational DNA methylation to glucocorti-
coid sensitive CpGs and HPA-axis genes were
associated with deviations in GEA. We replicated
the association between PGES and decelerated
GEA in an independent sample, as well as identi-
tied a novel set of NR3C1 and FKBP5 markers that
were similarly associated with GEA. Some sex-
specific patterning observed in these associations.
This study provides new insights into how mole-
cular markers of glucocorticoid regulation and
psychosocial adversity during pregnancy may con-
tribute to gestational epigenetic aging signatures at
birth.

Euclydes et al [23]. demonstrated that PGES was
negatively associated with GEA in sample of 83
mother and infant pairs from Brazil. We similarly
observed decelerated GEA in association with
higher PGES scores. This replication is notable,
as we tested study hypotheses in a larger and
independent sample in the United States, with
broader racial, ethnic, and socioeconomic diver-
sity. In addition, we identified novel sets of CpGs
for NR3C1 (factors 4 and 5) and FKBP5 (factors 3
and 7) where higher levels of DNA methylation
were similarly negatively associated with GEA. For
NR3CI (factors 4 and 5), CpGs were moderately to
highly methylated and located in both promoter
and gene body locations. For FKBP5, CpGs were
had either moderate (factor 3) or low degrees of
methylation extent (factor 7) and were largely
located in 5’UTR regions. These findings suggest
that patterning in methylation extent in these
regions may influence dysregulation of the devel-
oping fetal HPA axis system, possibly through
transcriptional silencing and modulation of gene
expression, which in turn may negatively influ-
ences GEA at birth. The only set of CpG sites
positively associated with GEA were for NR3CI
factor 3, where CpGs were unmethylated at TSS
start sites. These associations are consistent with
work from other cohorts showing maternal adver-
sity can influence HPA axis gene methylation
extent [10] and deviations in GEA at birth [16-
19]. Thus, our findings suggest that decelerated
GEA at birth may be attributable in part to
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methylation extent of glucocorticoid sensitive
CpG sites and HPA axis genes.

We observed sex patterning in GEA across a set
of NR3CI and FKBP5 factors. The most robust
association was observed for FKBP5 factor 3,
where a negative association with GEA was
observed for males but not females in stratified
models and when testing for an interaction effect.
This pattern is consistent with the DOHaD frame-
work that underscores sex differences in develop-
mental programming [42], and also consistent
with empirical work showing sex specific associa-
tions in gestational epigenetic alterations to gluco-
corticoid response genes (including FKPB5), GEA,
and neurobehavioral problems for males exposed
to psychosocial risks in utero [11,16]. However, we
observed no sex-specific patterning in PGES and
GEA, which is in contrast to Euclydes et al [23]
that showed significant associations for female
infants. Methodological differences between the
two studies could account for this discrepancy in
findings, including controlling for different sets of
maternal health and behavioral covariates and
lower power to detect effects among males in
Euclydes (n=37 male infants) relative to AIMS
(n=99 male infants). Male and female fetuses
may respond differently to prenatal psychosocial
exposures, due in part to differences in hormonal
environments, maternal behavioral factors, and
health conditions that together may influence
GEA signatures [43]. As our study provides partial
support for sex-specific patterning in glucocorti-
coid regulation related DNA methylation and
GEA, we encourage future work to continue to
evaluate this possibility.

It was surprising that HSDIIB2 methylation
scores were not significantly associated with GEA
in any model, as prior work has linked gestational
HSDI11B2 methylation extent to prenatal psycho-
social adversity [12,44], and to infant neurobeha-
vioral outcomes [13]. Low methylation extent was
observed for 16 of the 23 CpGs (70%), and this
constrained variability could have led to null or
underestimated associations with GEA in our
models. An alternative interpretation of the null
findings could be related to the function of the
HSD11B2 gene and its adaptive process in HPA
axis development during gestation. The HSD11B2
gene encodes the 1l-beta hydroxysteroid
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dehydrogenase enzyme, which is responsible for
the inactivation of maternal cortisol thereby pro-
tecting the developing fetus from over exposure to
stress hormones during development [45]. In the
absence of significant methylation extent to its
CpGs, HSD11B2 may be functioning optimally
and thus would not be expected to contribute to
a risky GEA phenotype like decelerated aging. As
we did not measure gene expression and cannot
test this possibility explicitly, we encourage future
work to examine this association and consider the
role of HSD11B2 expression in gestational epige-
netic aging.

This study had some limitations. First, we used the
Knight [7] clock to estimate GEA which while vali-
dated for use in cord blood, has been critiqued for its
precision [46] relative to other GEA measures
including a metric derived with EPIC array data
[47]. We acknowledge the estimates we present
here may be imprecise. We used the Knight clock
in order to facilitate comparisons to our prior GEA
work in this sample [18] and with other recent GEA
studies focused on prenatal exposures from major
birth cohorts [16,17,48,49]. We encourage future
work replicate this study and incorporate additional
and measures of GEA to enhance the precision of the
estimates. Also, participants missing umbilical cord
blood samples and methylation information were
excluded from analysis. These participants were
more likely to be racial and ethnic minorities and
low socioeconomic status, which in turn may have
constrained variability in methylation extent and led
to underestimated associations. Finally, as we did not
test whether the PGES, HPA-related DNA methyla-
tion, and GEA was associated with infant outcomes,
it is not known whether associations reported in this
analysis indicate child health risk. We encourage
future research to examine these methylation vari-
ables in relation to infant phenotypes.

This study also had strengths. First, we used
a multimodal design that integrated information
from umbilical cord blood derived DNA methyla-
tion with questionnaire and hospital medical
records. Also, we took steps to reduce the risk of
type 1 error though applying a data reduction
technique to reduce the dimensionality of the
DNA methylation information into a smaller set
of variables. Moreover, there was no overlap or
duplication in CpGs across the PGES and the

HPA axis factor scores, and correlations among
the methylation variables were low. This indicates
that PGES, NR3C1, and FKBP5 methylation scores
each explained unique variability in GEA. Finally,
our multivariate models had robust confounding
control as we included a critical set of demo-
graphic factors, maternal health, and behavioral
factors.

Gestational epigenetic aging is a
approach for characterizing the potential impacts
of prenatal exposures and researchers are just
beginning to understand its determinants and
implications for postnatal life. In this study, we
found that methylation extent to a set of CpGs
sensitive synthetic dexamethasone exposure and
to genes involved in glucocorticoid regulation
was associated with GEA signatures at birth,
including decelerated aging that might indicate
a neonatal risk phenotype. As the field of epige-
netic aging continues to mature, we encourage
researchers to link population-based exposures
and DNA methylation mechanisms with GEA to
fully understand how GEA might influence post-
natal health. Doing so may yield new insights on
the molecular and developmental origins of
health and disease, and also offer novel perspec-
tives for interdisciplinary intervention efforts for
pregnant women and infants.
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