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ABSTRACT

The impact of diet during pregnancy on birth outcomes and child health is well established, and epigenetic changes may be one

mechanism underlying such associations, but the role of meal timing (chrono-nutrition) is unclear. We conducted an epigenome-

wide association study (EWAS) of maternal meal timing and placental DNAm (plaDNAm). Data came from 389 pregnant women in

the Barcelona Life Study Cohort (BiSC). Chrono-nutrition and dietary data were collected at 20 weeks of pregnancy, and plaDNAm

at delivery was characterized using the Illumina EPIC array. Linear robust regression models tested associations between five

chrono-nutritional behaviors (time of first and last meal, nighttime fasting duration, number of eating occasions, and eating jetlag)
and plaDNAm. We identified 7 CpGs significantly associated with time of last meal (Bonferroni p < 1E-08) and 63 suggestive CpGs
(p < 1E-05). Hits included cg13147785 (E2F8), linked to placental cell cycle regulation, cgl17665505 (DAP) and cgl18303215 (ABCG5),
associated with smoking and lung diseases in adults. To conclude, maternal chrono-nutrition was associated with some CpGs in

the placenta, particularly time of last meal. Further studies are needed to clarify how meal timing may influence fetal development

and long-term health through epigenetic mechanisms.

1 | Introduction

Circadian rhythms refer to the biological processes that exhibit a
24-h oscillation, directing physiological and behavioral functions
of the body [1]. These rhythms are driven by internal molecular
clock mechanisms, with the superchiasmatic nucleus of the
hypothalamus serving as the master pacemaker [2]. The main

synchronizer of the superchiasmatic nucleus is the natural light-
dark cycle, however, clocks in other organs such as liver or muscle
(peripheral clocks) can respond to other environmental and
behavioral time-givers, including timing of food intake. “Chrono-
nutrition” has emerged as a field of research that studies the
relationship between food intake, the circadian system and health
[3, 4]. Studies have shown that the timing of food intake is
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an important dimension to consider beyond the quantity and
quality of the food consumed [5]. As diet is one of the factors
synchronizing our circadian rhythm, irregular meal timings can
disrupt the alignment of environmental oscillators with the
central pacemaker, leading to adverse health outcomes [6].

Pregnancy is a crucial period for both health of the mother and
fetal development [7]. The placenta is a vital organ for nutrient
transport and hormone production, and acts as an immunologic
barrier [8]. From early- to mid-pregnancy is when the placen-
tal development is mostly active [9]. Disruption in maternal
physiology during this critical period of gestation influences the
placental structure and function, altering nutrient and oxygen
supply, hormone secretion, and the release of signaling molecules
(e.g., cytokines, growth factors) into fetal circulation [10, 11].

Chrono-nutrition behaviors during pregnancy, such as break-
fast skipping, short nighttime fasting, and night eating have
been associated with several maternal and birth outcomes
[12, 13]. Specifically, meal timing and frequency during preg-
nancy have been associated to gestational weigh gain [14,
15], gestational diabetes [16, 17], gestational age at birth [16],
fetal growth [18, 19], and birth weight [13, 20]. The under-
lying biological mechanisms through which meal timing dur-
ing pregnancy may affect maternal-fetal health remain poorly
understood.

Epigenetic modifications, including DNA methylation (DNAm),
are reported to act as potential mediators of environmental influ-
ences such as air pollution [21], maternal physical activity [22]
and maternal stress [23], on fetal development. Alterations in the
maternal diet during pregnancy can have lasting consequences
on offspring health, as shown in historical examples such as
the Dutch famine [24, 25]. DNAm, one of the most studied
epigenetic marks, involves the addition of a methyl group to
cytosine at CpG sites, potentially influencing gene expression.
While most research has focused on the role of malnutrition
and diet quality on DNAm [26, 27] very little is known about
how chrono-nutrition behaviors may affect placental epigenetic
programming and, by extension, fetal development.

To fill this gap in knowledge, we aimed to uncover epigenetic
associations between meal timing during pregnancy and pla-
cental DNAm at delivery by conducting an Epigenome-Wide
Association Study (EWAS).

2 | Methods

2.1 | Study Cohort

This study was conducted in the context of the Barcelona
Life Study Cohort (BiSC), a population-based longitudinal birth
cohort. The details about the BiSC recruitment process, follow-
ups, and data collection procedures have been published else-
where [28]. Briefly, it recruited 1080 pregnant women during
their first routine hospital visit (weeks 11-14 of gestation), in
three tertiary university hospitals (i.e., Hospital Sant Joan de Déu,
Hospital de la Santa Creu i Sant Pau, and Hospital Clinic de
Barcelona) in Barcelona (Spain) between October 2018 and April
2021 [28]. BiSC included pregnant women between 18 years to 45

years old with singleton pregnancy from the general population
who were living in the catchment area of the recruiting hospitals
and were able to communicate in Spanish/Catalan. Of the 1080
recruited pregnant women at baseline, 1032 remained in the
cohort until the time of the delivery with 389 providing placenta
samples for DNAm profiling as well as information on their
dietary intake and meal timing at 20 weeks of gestation, who were
included in this study (Figure S1). Ethics approvals were obtained
from the corresponding authorities in all the participating insti-
tutions and hospitals. Clinical Research Ethics Committee of the
Parc de Salut Mar (2018/8050/1), Medical Research Committee of
the Fundaci6 de Gesti6 Sanitaria del Hospital de la Santa Creu i
Sant Pau de Barcelona (EC/18/206/5272) and Ethics Committee of
the Fundacié Sant Joan de Déu (PIC-27-18).

2.2 | Meal Timing Assessment

A semi-quantitative 114-item food frequency questionnaire (FFQ)
was completed at 20 weeks of gestation (second trimester) to
assess dietary intake since the beginning of pregnancy [29]. The
FFQ included a section on meal time habits, where participants
reported the usual time (in 24-h format) for up to seven possible
eating occasions on both weekdays and weekends, if consumed:
breakfast, mid-morning snack, lunch, afternoon snack, dinner,
night snack, and other (see Supporting Information). All meal
time variables were calculated separately for weekdays and week-
ends and weighted averages were computed [30]. The time of the
first and last meals was defined as the earliest and latest reported
eating occasions, respectively. If breakfast was not consumed, the
next earliest eating occasion was used to define the first meal of
the day in a day.

Eating window (A) was defined as the number of hours between
the first and the last meal of the day. Conversely, nighttime fasting
(B) was the number of hours not eating, from last meal to first
meal the next day [31]. Eating midpoint (C) was the time of the
day at which half of the eating window is achieved. Eating jetlag
(D) was defined as the difference between the eating midpoint
between weekend and weekday, with a positive eating jetlag
meaning a later eating midpoint at the weekend compared to
weekday [32] (Figure 1).

(A) Eating window (h) = Time of last meal—time of first meal

(B) Nighttime fasting (h) = 24 - eating window

(C) Eating midpoint (h) = time of first meal + (eating
window/2)

(D) Eating Jet Lag (h) = Eating midpoint on weekends — eating
midpoint on weekdays.

2.3 | Covariables Assessment

The following covariates were collected at the baseline visit
(11-14 weeks of gestation): maternal age (continuous, in years);
body mass index (BMI), calculated as weight (kg) divided by
height squared (m?), with weight and height measured during
the visit (continuous, in kg/m?); education level, categorized as
university or non-university; and physical activity, assessed as a
continuous variable (MET minutes/day), based on the sum of
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FIGURE 1 |

Schematic representation of chrono-nutritional variables. The figure illustrates the different eating exposures to assess meal timing.

The dots represent meal time, when the first and last one serving as cut offs for determine the eating and the fasting period.

light, moderate, and vigorous activities reported in the Pregnancy
Physical Activity Questionnaire 2 (PPAQ, Supporting Information
S2) [20].

Sleep duration (in hours) was calculated as the difference
between self-reported bedtime and wake-up time. Data on sleep
duration and quality were missing for 117 out of 389 participants.
Sleep quality was assessed using the Pittsburgh Sleep Quality
Index (PSQI) [33], a validated tool that evaluates multiple com-
ponents of sleep, including duration, latency, and disturbances.
The total PSQI score ranges from O to 21, with scores greater than
5 indicating poor sleep quality [34].

Mothers were considered smokers during pregnancy if they
reported any smoking at either 12 or 32 weeks of gestation.

From the FFQ completed at 20 weeks of gestation, daily intake
of food groups, energy, and macro- and micronutrients was cal-
culated [35]. Energy intake was treated as a continuous variable
(kcal/day). As an indicator of overall diet quality, we calculated
the relative Mediterranean pregnancy diet score (rMEDp) [36],
which includes eight components: cereals, vegetables, fruit,
legumes, fish, meat, dairy, and olive oil (see Table S1). For each
food group, tertiles of intake, expressed as a function of energy
density (g/1000 kcal/day), were calculated. A score of 0, 1, or 2
was assigned to the first, second, or third tertile based on the
389 participants respectively for fruit, vegetables, legumes, cereals
and fish; for meat and dairy, the scoring was inverse. For olive oil,
the following scoring system was used: O for non-consumers, 1 for
those below the median intake (among olive oil consumers), and
2 for those above the median intake [36]. The total score is the
sum of all the components and ranges from 0 (low adherence) to
16 (high adherence).

Pregnancy-related variables included parity (categorized as nul-
liparous or multiparous), gestational age at birth (continuous,
in days), gestational diabetes (yes/no), and gestational weight
gain (in kilograms). Gestational age at birth was calculated
based on the date of the last menstrual period and refined
using estimates from the first ultrasound examination, typically
performed around the 12th week of gestation.

Gestational weight gain was defined as the absolute difference
in maternal weight between the first and third trimester vis-
its, conducted approximately at 12 and 32 weeks of gestation.
Although the exact timing of these visits varied slightly between
participants, the calculation did not account for this variation
and was based solely on the recorded weights at the two time
points.

Atbirth, child sex was recorded as a categorical variable. Ethnicity
was categorized into three groups—European, mixed European-
Latin American, and other—based on self-reported maternal and
paternal ethnic backgrounds.

Given that three hospitals participated in the study, hospital
of recruitment was included in the main models as potential
confounder. In addition, since the confinement period imposed
by the COVID-19 pandemic had documented impacts on partic-
ipants’ daily lives and on sample collection procedures in the
hospitals, whether pregnancy overlapped with the confinement
was also included in the models.

2.4 | Placental DNAm

Placental tissue was collected at delivery from consenting partici-
pants. Biopsies were taken from two opposite quadrants, approxi-
mately 3-4 cm from the umbilical cord insertion site, following
a standardized protocol across hospitals. Methylation profiling
was performed using the Illumina Infinium MethylationEPIC
BeadChip array [37].

Pre-processing of DNAm data was conducted using the PACE-
Analysis R package (v0.1.9) (https://www.epicenteredresearch.
com/). The pipeline included probe- and sample-level qual-
ity control, normalization, batch correction, winsorization of
extreme values, and estimation of placental cell type proportions.
Extreme methylation values were winsorized to the first and
99th percentiles (0.5% on each tail), with percentiles estimated
from the empirical beta distribution. DNAm values are reported
as beta values, ranging from 0 (completely unmethylated) to 1
(fully methylated). In addition, unreliable probes were removed
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FIGURE 2 | Analysis flow diagram. Abbreviations: BMI: body mass index; EWAS: Epigenome-wide association study; eQTLs: expression

quantitative trait loci; PMD: partially methylated regions; gDMR: germline differentially methylated regions; GO: Gene Ontology; KEGG: Kyoto

Encyclopedia of Genes and Genomes; DB: database.

prior to downstream analyses. We excluded 25% of probes from
the initial array due to unreliability, reducing the total from
807 201 to 603 129 CpG sites. Further details on sample collection
and DNAm processing are provided in Supporting Information
S3.

DNA contamination was estimated using the ewastools R package
[38] and defined as the mean log, odds of contamination from
external sources (e.g., maternal DNA or DNA from other par-
ticipants). Proportions of six placental cell types—trophoblasts,
syncytiotrophoblasts, nucleated red blood cells, Hofbauer cells,
endothelial cells, and stromal cells—were estimated using the
third-trimester placenta reference panel implemented in the
planet R package [39]. Both DNA contamination and cell type
proportions (with syncytiotrophoblasts being the most abundant;
see Figure S1) were included as technical covariates in all
statistical models.

2.5 | Statistical Analysis: Models Setup and
Definitions

Workflow of all steps is shown in Figure 2. We investigated
the association between five distinct chrono-nutritional vari-
ables and placental DNAm: time of first meal (h), time of
last meal (h), nighttime fasting duration (h), number of eat-
ing occasions, and eating jetlag (h), all treated as continuous
variables.

To examine these exposures, we adopted two complementary
modeling strategies. In the first strategy, each meal time behavior
was analyzed individually, without adjustment for the other
behaviors. In the second strategy, selected meal time behaviors
were included together in mutually adjusted models, following
recommendations from previous studies [30, 40]. This approach
allowed us to account for potential interdependencies among
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behaviors. For example, nighttime fasting is determined by both
the first and last meal of the day, while the number of eating
occasions can have a direct influence on the eating window
duration. Specifically, time of first meal, last meal, and number of
eating occasions were mutually adjusted, and nighttime fasting
was also adjusted for time of first meal and number of eating
occasions.

In total, we defined seven exposure models: five individuals
(Strategy 1) and two mutually adjusted (Strategy 2). For each
exposure definition, we fitted three nested linear regression
models (a directed acyclic graph (DAG) is shown in Figure S3).
The models were defined as follows:

- Model 1: Adjusted for maternal age, parity, education, smok-
ing during pregnancy, physical activity, energy intake, adher-
ence to the Mediterranean diet (rMEDp), gestational age at
birth, child ethnicity, delivery hospital, and placental cell type
proportions.

- Model 2: Model 1 + maternal BMI in early pregnancy (12
weeks).

- Model 3: Model 2 + maternal sleep duration and sleep quality.

Due to the large number of covariates, we use Model 1 for
interpretation, sensitivity analyses, and downstream functional
annotation.

For sleep duration, missing values were imputed using mul-
tiple imputation by chained equations with predictive mean
matching and five iterations, using the MICE package in R [41].
We additionally examined the correlation between meal timing
variables and gestational weight gain using Pearson’s correlation
coefficients among participants with available data (Table S2).
In the absence of clear associations, and to avoid overadjust-
ment, weight gain was not included as a covariate in the final
models.

This resulted in a total of 21 models (Figure S4).

Statistical analyses were carried out using R version 4.3. All mod-
els were estimated using robust linear regression models rim()
from the MASS package [42]. Effect estimates were expressed
as the change in DNAm beta values per 1-h increase in timing
exposure (or per one additional eating occasion, for that variable).
For each EWAS model, we examined the genomic inflation
factor (1) to assess potential inflation of the test statistics and
used 95% confidence intervals to evaluate the precision of effect
estimates. In cases of inflation (1 > 1.1), we applied the bacon
package, which uses a Bayesian framework to adjust for bias and
inflation by modeling the expected distribution of test statistics
[43]. This approach can reduce inflation while preserving true
signal. To account for multiple hypothesis testing, we used a
Bonferroni correction for 603 129 tests, retaining only CpGs
with a Bonferroni-corrected p < 0.05. We also considered a
suggestive significance threshold of p < 1E-05 for exploratory
findings.

We conducted a series of sensitivity analyses by restricting the
sample to specific subgroups: S1) participants from the largest
ethnic group (European origin, N = 293), S2) mothers without

gestational diabetes (N = 370), S3) pregnancies that did not occur
during the heavy lockdown period in Spain (N = 297). These
sensitivity analyses were performed for model 1. To quantify
the stability of effect estimates across models, we calculated the
absolute difference in methylation (in percentage points) for each
Bonferroni-significant CpG.

2.6 | Functional Annotation Analysis

2.6.1 | Mapping CpG-Genes

To support biological interpretation of the CpG sites associated
with those chrono-nutrition indicators with significant results,
we consulted several publicly available repositories to extract
relevant biological information for each CpG. Annotations were
based on the GRCh37/hgl9 human genome assembly, which
provided genomic coordinates, proximity to transcription start
sites (within 1500 bp), and CpG island context.

We incorporated chromatin state data from the 15-state model
of the Roadmap Epigenomics Project [44], which classifies
genomic regions into functional categories (e.g., active promoters,
enhancers, repressive states). These states were grouped into
two broader categories for interpretation: active (i.e., promoter,
enhancer, and transcribed) and inactive (i.e., bivalent, repressed,
and quiescent).

2.6.2 | Genetic Regulation

To assess potential genetic regulation of methylation, we exam-
ined whether the CpGs had fetal cis-methylation quantitative
trait loci (mQTLs) [37] (=1 Mb) using data from the BiSC cohort
(n = 408). Linear regression models were applied to each CpG-
single nucleotide polymorphism (SNP) pair, adjusting for sex,
gestational age, ancestry (five principal components (PCs)), and
estimated placental cell-type composition. Fetal genotyping was
performed using the Global Screening Array v3.0 with HRC-
based imputation. Genome-wide significance was defined as p <
5E-08, and analysis was performed using TensorQTL [45]. In addi-
tion, we annotated overlap with known germline differentially
methylated regions [46] and the placental partially methylated
domains [47].

We also examined long-range regulatory interactions using
EpiRaction [48], a placenta-specific enhancer-gene interaction
database, to identify potential gene targets regulated by the CpGs.
We assessed the relation with gene expression by inspecting
previously reported expression quantitative trait methylation
(eQTMs) in placenta [49]. We assessed transcriptional regulation
using the Placenta Transcriptional Regulatory Network (TRN)
[50], which predicts gene-TF interactions relevant to placental
biology.

2.6.3 | Tissue and Cell Enrichment

Tissue and cell-type expression patterns of genes linked to CpGs
were examined using the Human Protein Atlas [50], includ-
ing both bulk tissue and single-cell datasets. We also assessed
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placental gene enrichment using the placentome resource
[51].

2.6.4 | EWAS Databases

Finally, we consulted the EWAS Catalog [52] and EWAS atlas [53]
data to check whether the identified CpGs had been previously
associated with specific exposures or outcomes in other EWASs.
EWAS Catalog gathers reported CpGs with a nominal p-value <
1E-05 and the EWAS atlas < 1E-04.

2.7 | Functional Enrichment Analysis

We performed two functional enrichment analyses to explore
the biological relevance of the findings. First, we used the
missMethyl R package [54], which performs overrepresentation
analysis (ORA) using gene sets from Gene Ontology (GO), the
Kyoto Encyclopedia of Genes and Genomes (KEGG), and the
Molecular Signatures Database (MSigDB), while accounting for
the variable number of CpG sites per gene on the array to
reduce probe-related bias. Second, we used ConsensusPathDB
[55], which integrates pathway data from multiple databases (e.g.,
Wikipathways, Reactome, PharmGKB, BioCarta, HumanCyc,
NetPath, among others). Although ConsensusPathDB does not
correct for probe distribution bias, it provides access to a broader
set of pathway annotations. Both analyses focused on genes
annotated to suggestive meal timing-related CpGs, defined as
those with p-nominal <1E-05. In all cases, we report pathway
terms that met a false discovery rate (FDR) threshold of <0.05.

3 | Results

3.1 | Participants’ Characteristics

Of the 1032 mother-child pairs followed until birth; placental
tissue samples were collected for 611 participants. Of these,
22 samples were excluded due to poor DNA quality, resulting
in 589 samples available for DNAm analysis. From these, 389
mothers had available data for meal timing and diet quality. The
characteristics of the 389 mothers included in the present analysis
are summarized in Table 1. On average, participants were 34.5
years old (SD = 4.42) and had a first-trimester BMI of 24.0 kg/m?
(SD =3.98), with a gestational weight gain of 8.7 kg (SD = 3.49). In
this sample, 5% of mothers reported smoking during pregnancy,
58% were nulliparous, and 87% did not experience any pregnancy
complications. Compared to the broader BiSC cohort, mothers
included in this study were more likely to have higher educational
attainment, engage in physical activity, and were less likely to
smoke (Table S3).

Regarding diet, the mean daily energy intake was 1952 kcal (SD =
549.78). Mothers reported an average of 4.6 eating occasions per
day. The median time of the first meal was 08:38, the last meal at
21:08, and the median nighttime fasting duration was 11 h and 34
min. The median eating jetlag was 45 min, indicating a tendency
for later eating schedules on weekends. The full distribution
of each meal timing variables on weekdays and weekends is
provided in Table S4.

3.2 | Epigenome-Wide Association Studies

We identified seven CpG sites significantly associated with timing
of the last meal after Bonferroni correction (p < 1E-08), shown
in Table 2 and Figure 3. The genomic inflation factor (1) for last
meal timing was approximately 0.77 in the individual model and
0.90 in the mutually adjusted model (Table S5). Of the seven
Bonferroni-significant CpGs, four remained significant in the
mutually adjusted model, which accounted for other meal timing
behaviors. Effect estimates for these CpGs were consistent in both
direction and magnitude across all models, from minimally to
fully adjusted. Suggestive associations (p < 1E-05) were found
for the different chrono-nutritional exposures: 6 with nighttime
fasting, 1 with time of first meal, 21 with number of eating
occasions, 30 with time of last meal, and 5 with eating jetlag
(Tables S7-S9).

Genomic inflation factors (1) for each exposure are presented in
Table S5 and Figures S5-S9. We observed inflation (4 > 1.1) for
the EWAS analyses of time of first meal and number of eating
occasions. Sensitivity analyses showed effects were much weaker
in all subgroups (Figure 4).

3.3 | Functional Annotation Analyses

Functional annotation, shown in Table 3, revealed that five of
the seven CpGs associated with time of last meal were located
at annotated genes, either within the gene body (e.g., E2F8, DAP,
ARTS5, ABCGS5) or near transcription start sites (NRN1). Two CpGs
(cg13147785 and cgl7665505) were associated with known mQTLs,
suggesting that their methylation is partially regulated by genetic
variants. One CpG (cg09476611) was linked to ETFA and ISL2
through enhancer—-promoter interactions, suggesting a potential
role in distal gene regulation. Another (cgl7740417, annotated
to NRN1) overlapped with a partially methylated domain in
placental tissue (chr6:6003664-6491368). No CpGs overlapped
with germline differentially methylated regions.

Annotated genes showed varied tissue expression: for example,
NRNI is enriched in brain, ARTS5 in ovary, skeletal muscle, and
testis, and ABCGS5 in liver and intestine, while DAP exhibited
low tissue specificity. None of the genes demonstrated strong
enrichment in the placenta at the tissue level. However, single-
cell expression data showed that NRN1 is expressed in extravillous
trophoblasts, a key placental cell type. Finally, using the Placental
Transcriptional Regulatory Network (TRN), we found that NRN1
is predicted to be regulated by several transcription factors
implicated in placental biology, including MEOX2, FOXFI, and
HOXAI13 (R* = 0.677), further supporting its potential functional
role in placental development.

3.4 | Functional Enrichment Analyses

Functional enrichment analyses were conducted using CpGs
suggestively associated with time of last meal, resulting in a total
of 26 CpGs were included in this analysis. No enriched pathways
were identified using Gene Ontology (GO), KEGG, or the Molec-
ular Signatures Database (MSigDB) via the missMethyl package.
However, using ConsensusPathDB, we identified six enriched
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TABLE 1 | Descriptive characteristics of the sample included in the EWAS analysis, Barcelona Life Study Cohort (BiSC), N = 389.

Variable name

Mean (SD)/N (%)

Meal timing-related behaviors

Sleep-related behaviors

Mother-related

Child-related

Cohort-specific

Nighttime fasting (h)
Number of daily eating occasions
Time of first meal (h)

Time of last meal (h)
Eating jet lag (h)

Sleep duration (h)?

Sleep midpoint (h)?
Fasting before sleep (h)?
Fasting after sleep (h)?
Pittsburgh Sleep Quality Index (PSQIL)?
Age (years)

BMI (kg/m?)

Weight gain (kg)*
Educational level: university
Physical activity (METs. min/day)
Smoking during pregnancy
Energy intake (kcal/day)
rMEDp
Nulliparous before this pregnancy

Gestational diabetes

Pregnancy overlaps with COVID confinement

Child sex: female
Gestational age at birth (weeks)
Ethnicity
European
Mixed European and Latin-American
Other
Study center
Hospital Sant Joan de Deu
Hospital Sant Pau
Other

11:34 [10:42-12:17]
4.62(0.74)
8:38 [8:08-9:25]

21:08 [20:38-21:38]

0:45 [0:30-1:00]
8:38 [8:06-9:17]
4:19 [4:03-4:38]
1:25 [00:21-1:57]
0:38 [00:10-1:17]
5.35(2.84)
34.45 (4.42)
23.99 (3.98)
8.66 (3.49)
290 (74.6%)
125.67 (84.65)
20 (5.14%)
1952.25 (549.78)
7.50 (2.57)
225 (57.84%)
19 (4.88%)
92 (23.7%)
189 (48.59%)
39.78 (1.41)

293 (75.32%)
82 (21.08%)
14 (3.6%)

185 (47.56%)
196 (50.39%)
8 (2.06%)

Note: Hour-type variables are presented in 24-h format (HH:MM) as medians with 25th and 75th percentiles; continuous variables are shown as medians with
standard deviations (SD); categorical variables are reported as counts and percentages (n [%]). N sleep duration and midpoint = 340, N fasting before and after

sleep = 341; N = weight gain 366, N PSQI = 272.
4Non-imputed mean.

pathways, all related to transcriptional regulation (Table 4).
Table 4 details the total number of genes annotated to each
pathway, the specific count of candidate genes from the input list
that overlap with that pathway, and the statistical significance of
this enrichment (p- and g-values).

Additionally, we performed an exploratory analysis to assess
enrichment among all CpGs suggestively associated with any
chrono-nutritional exposure (p < 1E-05). Using Consensus-
PathDB, this broader set of gene-CpG pairs (Tables S7—S10)
revealed 276 enriched pathways (Table S12 and Figure S10).

4 | Discussion

This is the first study to examine the association between chrono-
nutrition behaviors during pregnancy and placental DNAm. We
identified seven CpGs with differential placental DNAm associ-
ated with the time of last meal, five of them annotated to a gene.
Additionally, overall meal timing was suggestively associated
with methylation at 63 CpG sites at a significance threshold of
1E-05. Sensitivity analyses in restricted subsets showed a great
attenuation of the observed associations, limiting the robustness
of our findings.
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TABLE 4 |
tially methylated CpGs related to time of last meal.

Enriched pathways associated with suggestive differen-

Pathway name Setsize N  p-Value g-Value
Generic transcription 1178 4 0.003 0.013
pathway (0.3%)

RNA polymerase IT 1307 4 0.005 0.013
transcription (0.3%)

Transcriptional 196 2 0.006 0.013
regulation by RUNX1 (1.0%)

Gene expression 1439 4 0.007 0.013
(transcription) (0.3%)

Signaling by nuclear 295 2 0.013 0.019
receptors (0.7%)

Transcriptional 361 2 0.019 0.022
regulation by tumor (0.6%)

suppressor gene
encoding the p53 protein
(TP53)

Note: Set size indicates the number of genes annotated to each pathway; N is
the number of gene-CpG pairs mapped to that pathway. p-Value represents
the nominal significance of enrichment of gene-CpG pairs in a given pathway
before multiple-testing correction, and g-value denotes the FDR-corrected p-
value. All pathways were obtained from the Reactome database.

4.1 | Possible Biological Implications for
Last-Meal Bonferroni Significant CpGs

Most EWASs reported in the EWAS Catalog and EWAS Atlas
were conducted in adult populations using whole blood, limiting
direct comparability with our study in placenta, given that DNA
methylation is tissue specific.

Among the CpGs associated with last meal, only one (cg18303215
annotated to ABCG5) has been previously reported in a study
in fetal tissue, whereas the other reported associations were
all conducted in children, adolescents, or adults. Specifically,
cgl8303215 was hypomethylated in fetal liver compared to adult
liver. Some of the other CpGs we identified may relate to placental
function. For example, cgl13147785, annotated to E2F8, encodes
a transcription factor involved in cell cycle regulation and is
expressed in key placental cell types (e.g., trophoblasts, endothe-
lial cells). E2F8 has been implicated in biological processes such
as angiogenesis, hematopoiesis, and DNA damage response [57],
which are essential for placental development.

The methylation levels at most of the CpGs we identified have
been reported to change significantly from childhood to late
adolescence (67): cg09467508, cg09476611, cgl18303215 (ABCGS),
and cgl7665505 (DAP). DAP encodes a protein involved in
programmed cell death and immune signaling and has also
been linked to lung disease (COPD and lung cancer), alongside
cgl8303215 (ABCG5). ABCG5 encodes a sterol transporter with
high expression in liver and intestine and plays a role in choles-
terol homeostasis [58]. Methylation changes at this CpG have also
been associated with myocardial infarction, maternal smoking,
and cancer-related outcomes. Additionally, cgl7740417 (NRN1)
has been linked to neuritin, a neurotrophic factor involved in
neuronal development and synaptic plasticity [59].

4.2 | Placental Meal Timing-CpGs and Circadian
Gene Clocks

Although no previous studies have directly examined the rela-
tionship between chrono-nutrition and placental DNAm, some
research has linked DNAm patterns of circadian genes, primar-
ily in blood or other tissues, with behavioral or physiological
rhythms in adolescents and adults (Table S13). It was pro-
posed that maternal circadian rhythms entrain rhythms in the
fetus through factors such as glucocorticoids, dopamine, and
melatonin [56]. Notably, the placenta itself expresses key com-
ponents of these regulatory pathways, including glucocorticoid
metabolism (e.g., 115-HSD), melatonin synthesis and dopamine
signaling [60-62]. However, in our study, we did not identify
any differentially methylated CpG sites annotated either to
core circadian clock genes in the placenta or at genes directly
related to these hormonal pathways in association with maternal
chrono-nutrition behavior.

4.3 | Strengths and Limitations

This is the first study to explore the association between meal tim-
ing behaviors and placental DNAm. One of the key strengths of
our study is the well-defined nature of different chrono-nutrition
domains. We had detailed information on meal consumption
and timing variables, separately for weekdays and weekends.
Additionally, the wealth of available data in BiSC allowed us
to performed a wide range of sensitivity analyses to assess the
consistency and robustness of our results. This pioneering study
in its field is laying the groundwork for future research on the
implications and importance of maternal meal timing and other
circadian behavior exposure on placental DNAm.

However, there are also some limitations. The genomic infla-
tion factors (1) for the last-meal-timing EWAS were below the
expected value of 1 (4 = 0.77 in the individual model and 4 = 0.90
after mutual adjustment). This likely suggests a need for a bigger
sample size, an overadjustment model or an over-correction for
technical factors. Although with a low lambda, there is a lower
risk for false positives, it can also lower statistical power and
may have masked weaker methylation signals related to meal
timing. Similar sub-unitary A values have been reported in EWASs
with limited sample size or heavy adjustment [56]. Given that
the effect sizes for such associations (in EWASs in general) tend
to be small, and that the adjustment variables are numerous,
a greater sample size would have been needed. The number
of covariates was likely too high for the sensitivity analyses in
restricted subsets, in which the observed associations did not
hold. Second, the generalizability of our findings may be limited
by the characteristics of the study population. In addition, the
majority of mothers in the cohort are of European ancestry, and
thus the results may not be generalizable to individuals from
other ethnic backgrounds. Third, although the meal timing data
were carefully cleaned, they were self-reported, introducing the
possibility of misclassification and measurement error. Dietary
habits in the first two trimesters of pregnancy might be modified
for a series of reason, including pregnancy-related symptoms
or complications, change in appetite or dietary restrictions. The
FFQ was administered at 20 weeks of pregnancy and asks about
average meal timing since the beginning of the pregnancy. If the
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meal timing during the first trimester was very different (due to
nausea for example) to that of the second trimester, reporting an
average at 20 weeks of pregnancy is challenging and likely carries
measurement error. This might have biased the results. How-
ever, we conducted sensitivity analyses accounting for selected
pregnancy complications potentially related to dietary intake
and DNAm, namely gestational diabetes. We considered two
additional exposures: fasting time between waking up and first
meal, and fasting time between last meal and bedtime. However,
due to missingness in the sleeping time values, the sample size
was of n = 341 and we did not pursue with these exposures.

Future studies with more detailed information on meal timing at
different key stages of pregnancy, using for example repeated 24 h
dietary recalls and sleep diaries across the pregnancy would be
ideal to accurately characterize chrono-nutritional and circadian
patterns during pregnancy and their health consequences.

Fourth, we did not explore CpG sites involved in specific cell-
cell interactions or regulatory networks, which may play a role
in meal timing-related epigenetic regulation. Finally, the array
platform used captures less than 5% of the methylome, limiting
coverage, although the EPIC array remains among the most
comprehensive methods currently available.

5 | Conclusions

This is the first study to explore the relationship between mater-
nal chrono-nutrition and placental DNA methylation, identifying
the timing of the last meal as the most consistently associated
behavior. These results, though limited, provide a first step toward
understanding how maternal meal timing may influence placen-
tal function and fetal development through epigenetic pathways.
Future research should aim to replicate these findings in larger,
more diverse populations, explore additional chrono-nutrition
dimensions (e.g., eating windows, regularity, or chronotype align-
ment), and incorporate other omics layers to capture a more
comprehensive view of how eating patterns during pregnancy
might shape placental function and long-term offspring health.

Acknowledgments

We would like to thank all the participants and their families for their
generous collaboration. We are also very grateful to all the former and
current BiSC team members (https://projectebisc.org/en/team) for their
enormous contributions to this cohort.

Funding

Joana Llauradé-Pont has received support from the European Union—
NextGenerationEU and the Spanish government, under the Investigo
Programme (grant ID: 2022 INV-1 00046). Camille Lassale is sup-
ported by a Ramon y Cajal Fellowship RYC2020-029599 and Marta
Cosin-Tomas by a Ramon y Cajal Fellowship RYC2023-044292-1 funded
by MICIU/AEI/10.13039/501100011033 and the European Social Fund
“Invest in Your Future.” Elisa Gallo is supported by a Juan de la Cierva fel-
lowship JDC2024-055407-1 funded by MICIU/AEI/10.13039/501100011033
and the European Social Fund “Invest in Your Future.” BiSC cohort has
received funding from the European Research Council (ERC) under the
European Union’s Horizon 2020 research and innovation programme
(785994 - AirNB project), from the European Union’s Horizon 2020

research and innovation programme—EU.3.1.2. (874583 - ATHLETE
project) and H2020-EU.3.1.1. (GA964827 — AURORA project), from AXA
Research Fund (MOOD-COVID project), from Agence natioenale de
sécurité sanitaire de l'alimentation, de I'environnement et du travail
(ANSES) (2019/01/039 - HyPAXE project), from the AGAUR-Agencia
de Gestié d’Ajuts Universitaris de Recerca (2017 SGR 826 - Population
Neuroscience group; 2021 SGR 00806 - Estil de Vida, Salut i Esport,
2021 SGR-, 2021 SGR 01017 -Psiquiatria Clinico-Biologica i Psicologia),
from the Centro de Investigacion Biomédica en Red de Epidemiologia
y Salud Publica (CIBERESP) (CB06/02/0041), from the Instituto de
Salud Carlos III (ISCIII) and the European Regional Development
Fund (ERDF)—Maternal and Child Health and Development Network
(SAMID) (RD16/0022/0014 and RD16/0022/0015), and from the Instituto
de Salud Carlos III (ISCIII) and the European Union Next Generation
EU—Primary Care Interventions to Prevent Maternal and Child Chronic
Diseases of Perinatal and Developmental Origin Network (RICORS-
SAMID) (RD21/0012/0001 and RD21/0012/0003). Placental DNA methy-
lation was funded by the Instituto de Salud Carlos III (ISCIII) and
co-funded by the European Union (ERDF) “A way to make Europe”
(P120/00190 — ALMA project), and from the European Joint Programming
Initiative “A Healthy Diet for a Healthy Life” (JPI HDHL and Instituto
de Salud Carlos IIT) (AC18/00006 — NutriPROGRAM project). Genome-
wide genotyping data was funded by the Instituto de Salud Carlos III
(ISCIII) and co-funded by the European Union (ERDF) “A way to make
Europe” (P120/01116 - ENTENTE project) and the Centro Nacional de
Genotipado-CEGEN (PRB2-ISCIII). We acknowledge support from the
grant CEX2023-0001290-S funded by MCIN/AEI/10.13039/501100011033,
and support from the Generalitat de Catalunya through the CERCA
Program.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Code for the data processing and statistical analysis is accessible at
the GitHub repository: https://github.com/joanall/CHRONO_plaEWAS.
Data available upon request on the BiSC website (https://projectebisc.org/
en/bisc-project/publish-with-us/).

References

1. S. Panda, J. B. Hogenesch, and S. A. Kay, “Circadian Rhythms from
Flies to Human,” Nature 417 (2002): 329-335, https://doi.org/10.1038/
417329A;KWRD=SCIENCE.

2. F. Fagiani, D. Di Marino, A. Romagnoli, et al., “Molecular Regulations
of Circadian Rhythm and Implications for Physiology and Diseases,”
Signal Transduction and Targeted Therapy 7 (2022): 41, https://doi.org/10.
1038/541392-022-00899-y.

3.Y. Tahara and S. Shibata, “Chronobiology and Nutrition,” Neu-
roscience 253 (2013): 78-88, https://doi.org/10.1016/J.NEUROSCIENCE.
2013.08.049.

4. M. Kogevinas, A. Espinosa, A. Castello, et al., “Effect of Mistimed
Eating Patterns on Breast and Prostate Cancer Risk (MCC-Spain Study),”
International Journal of Cancer 143 (2018): 2380-2389, https://doi.org/10.
1002/1JC.31649.

5. S.Kaur, C. M. Ng, S. Y. Tang, and E. Y. Kok, “Weight Status of Working
Adults: the Effects of Eating Misalignment, Chronotype, and Eating Jetlag
During Mandatory Confinement,” Chronobiology International 40 (2023):
406-415, https://doi.org/10.1080/07420528.2023.2186120.

6. M. Franzago, E. Alessandrelli, S. Notarangelo, L. Stuppia, and E.
Vitacolonna, “Chrono-Nutrition: Circadian Rhythm and Personalized
Nutrition,” International Journal of Molecular Sciences 24 (2023): 2571,
https://doi.org/10.3390/ijms24032571.

7. N. E. Marshall, B. Abrams, L. A. Barbour, et al., “The Importance of
Nutrition in Pregnancy and Lactation: Lifelong Consequences,” American

Molecular Nutrition & Food Research, 2026

13 of 16


https://projectebisc.org/en/team
https://github.com/joanall/CHRONO_plaEWAS
https://projectebisc.org/en/bisc-project/publish-with-us/
https://doi.org/10.1038/417329A;KWRD=SCIENCE
https://doi.org/10.1038/s41392-022-00899-y
https://doi.org/10.1016/J.NEUROSCIENCE.2013.08.049
https://doi.org/10.1002/IJC.31649
https://doi.org/10.1080/07420528.2023.2186120
https://doi.org/10.3390/ijms24032571

Journal of Obstetrics and Gynecology 226 (2022): 607-632, https://doi.org/
10.1016/j.ajog.2021.12.035.

8. K. M. Thakali, Y. Zhong, M. Cleves, A. Andres, and K. Shankar,
“Associations Between Maternal Body Mass Index and Diet Composition
With Placental DNA Methylation at Term,” Placenta 93 (2020): 74-82,
https://doi.org/10.1016/j.placenta.2020.02.018.

9.E. P. Davis and A. J. Narayan, “Pregnancy as a Period of Risk,
Adaptation, and Resilience for Mothers and Infants,” Development
and Psychopathology 32 (2020): 1625-1639, https://doi.org/10.1017/
S0954579420001121.

10. N. Jansson, F. J. Rosario, F. Gaccioli, et al., “Activation of Placental
mTOR Signaling and Amino Acid Transporters in Obese Women Giving
Birth to Large Babies,” Journal of Clinical Endocrinology & Metabolism 98
(2013): 105-113, https://doi.org/10.1210/jc.2012-2667.

11. 1. Aye, F. J. Rosario, T. L. Powell, and T. Jansson, “Adiponectin
Supplementation in Pregnant Mice Prevents the Adverse Effects of
Maternal Obesity on Placental Function and Fetal Growth,” Proceedings
of the National Academy of Sciences 112 (2015): 12858-12863, https://doi.
org/10.1073/pnas.1515484112.

12.S. L. Loy, R. S. X. Loo, K. M. Godfrey, et al., “Chrono-Nutrition
During Pregnancy: a Review on Maternal Night-Time Eating,” Nutrients
12 (2020): 2783, https://doi.org/10.3390/NU12092783.

13.Y. E. Chen, S. L. Loy, and L. W. Chen, “Chrononutrition During
Pregnancy and Its Association With Maternal and Offspring Outcomes:
a Systematic Review and Meta-Analysis of Ramadan and Non-Ramadan
Studies,” Nutrients 15 (2023): 756, https://doi.org/10.3390/NU15030756/
S1.

14. C. A. Gontijo, L. C. T. Balieiro, G. P. Teixeira, W. M. Fahmy, C. A.
Crispim, and Y. Maia, “Effects of Timing of Food Intake on Eating Pat-
terns, Diet Quality and Weight Gain during Pregnancy,” British Journal of
Nutrition 123 (2020): 922-933, https://doi.org/10.1017/S0007114519003398.

15. W. Xiong, S. Cui, J. Dong, et al., “Effect of Circadian Distribution
of Energy and Macronutrients on Gestational Weight Gain in Chinese
Pregnant Women,” Nutrients 15 (2023): 2106, https://doi.org/10.3390/
nul5092106.

16. A. Messika, Y. Toledano, E. Hadar, et al.,, “Relationship among
Chrononutrition, Sleep, and Glycemic Control in Women With Ges-
tational Diabetes Mellitus: a Randomized Controlled Trial,” American
Journal of Obstetrics & Gynecology MFM 4 (2022): 100660, https://doi.org/
10.1016/J.AJOGMF.2022.100660.

17. J.-Y. Dong, S. Ikehara, T. Kimura, et al., “Skipping Breakfast Before
and During Early Pregnancy and Incidence of Gestational Diabetes Mel-
litus: the Japan Environment and Children’s Study,” American Journal
of Clinical Nutrition 111 (2020): 829-834, https://doi.org/10.1093/ajcn/
nqaa014.

18. M. N. Sakar, H. Gultekin, B. Demir, et al., “Ramadan Fasting and
Pregnancy: Implications for Fetal Development in Summer Season,”
Journal of Perinatal Medicine 43 (2015): 319-323, https://doi.org/10.1515/
JPM-2013-0289.

19. S. L. Loy, J. K. Y. Chan, P. H. Wee, et al., “Maternal Circadian Eating
Time and Frequency are Associated With Blood Glucose Concentrations
During Pregnancy,” Journal of Nutrition 147 (2017): 70-77, https://doi.org/
10.3945/JN.116.239392.

20. I. Coll-Risco, D. Camiletti-Moir6n, P. Acosta-Manzano, and V. A.
Aparicio, “Translation and Cross-Cultural Adaptation of the Preg-
nancy Physical Activity Questionnaire (PPAQ) into Spanish,” Journal of
Maternal-Fetal & Neonatal Medicine 32 (2019): 3954-3961, https://doi.org/
10.1080/14767058.2018.1479849.

21. G. Parikh and B. Patel, “Epigenetic Reprogramming by Air Pollution:
Linking Prenatal Exposures to Birth Outcomes,” Molecular and Cellular
Biochemistry 480 (2025): 5585-5601, https://doi.org/10.1007/s11010-025-
05345-5.

22. A. Panagiotidou, C. Chatzakis, A. Ververi, M. Eleftheriades, and A.
Sotiriadis, “The Effect of Maternal Diet and Physical Activity on the

Epigenome of the Offspring,” Genes 15 (2024): 76, https://doi.org/10.3390/
genes15010076.

23. L. Dieckmann and D. Czamara, “Epigenetics of Prenatal Stress in
Humans: the Current Research Landscape,” Clinical Epigenetics 16 (2024):
20, https://doi.org/10.1186/s13148-024-01635-9.

24. B. T. Heijmans, E. W. Tobi, A. D. Stein, et al., “Persistent Epigenetic
Differences Associated With Prenatal Exposure to Famine in Humans,”
Proceedings of the National Academy of Sciences 105 (2008): 17046-17049,
https://doi.org/10.1073/PNAS.0806560105.

25.J. F. Felix and C. A. M. Cecil, “Population DNA Methylation Studies in
the Developmental Origins of Health and Disease (DOHaD) Framework,”
Journal of Developmental Origins of Health and Disease 10 (2019): 306-313,
https://doi.org/10.1017/S2040174418000442.

26. I. Peral-Sanchez, B. Hojeij, and D. A. Ojeda, “Epigenetics in the
Uterine Environment: How Maternal Diet and ART May Influence the
Epigenome in the Offspring with Long-Term Health Consequences,”
Genes 13 (2021): 31, https://doi.org/10.3390/genes13010031.

27. H.-S. Lee, “Impact of Maternal Diet on the Epigenome During in
Utero Life and the Developmental Programming of Diseases in Childhood
and Adulthood,” Nutrients 7 (2015): 9492-9507, https://doi.org/10.3390/
nu7115467.

28. P. Dadvand, M. Gascon, M. Bustamante, et al., “Cohort Profile:
Barcelona Life Study Cohort (BiSC),” International Journal of Epidemi-
ology 53 (2024): dyae063, https://doi.org/10.1093/ije/dyaec063.

29. J. Vioque, E.-M. Navarrete-Mufioz, D. Gimenez-Monzo, et al., “Repro-
ducibility and Validity of a Food Frequency Questionnaire Among
Pregnant Women in a Mediterranean Area,” Nutrition Journal 12 (2013):
26, https://doi.org/10.1186/1475-2891-12-26.

30. A. Palomar-Cros, B. Srour, V. A. Andreeva, et al., “Associations of Meal
Timing, Number of Eating Occasions and Night-Time Fasting Duration
With Incidence of Type 2 Diabetes in the NutriNet-Santé Cohort,”
International Journal of Epidemiology 52 (2023): 1486-1497, https://doi.
org/10.1093/ije/dyad08]1.

31. A. Palomar-Cros, A. Espinosa, K. Straif, et al., “The Association of
Nighttime Fasting Duration and Prostate Cancer Risk: Results from the
Multicase-Control (MCC) Study in Spain,” Nutrients 13 (2021): 2662,
https://doi.org/10.3390/nu13082662.

32. M. F. Zer6n-Rugerio, A. Hernéez, A. P. Porras-Loaiza, T. Cambras, and
M. Izquierdo-Pulido, “Eating Jet Lag: a Marker of the Variability in Meal
Timing and Its Association With Body Mass Index,” Nutrients 11 (2019):
2980, https://doi.org/10.3390/nu11122980.

33. S. Sikdar, R. Joehanes, B. R. Joubert, et al., “Comparison of Smoking-
Related DNA Methylation Between Newborns From Prenatal Exposure
and Adults From Personal Smoking,” Epigenomics 11 (2019): 1487-1500,
https://doi.org/10.2217/EPI-2019-0066.

34.D. J. Buysse, C. F. Reynolds, T. H. Monk, S. R. Berman, and D.
J. Kupfer, “The Pittsburgh Sleep Quality Index: a New Instrument for
Psychiatric Practice and Research,” Psychiatry Research 28 (1989): 193-213,
https://doi.org/10.1016/0165-1781(89)90047-4.

35. S. Warkentin, S. Marquez, H. Vespalcova, et al., “Dietary Patterns
and Exposure to Non-Persistent Endocrine-Disrupting Chemicals During
Pregnancy,” Environment International 202 (2025): 109612, https://doi.
0rg/10.1016/j.envint.2025.109612.

36. L. K. Kiipers, S. Fernandez-Barrés, A. Nounu, et al., “Maternal
Mediterranean Diet in Pregnancy and Newborn DNA Methylation: a
Meta-Analysis in the PACE Consortium,” Epigenetics 17 (2022): 1419-1431,
https://doi.org/10.1080/15592294.2022.2038412.

37. S. Moran, C. Arribas, and M. Esteller, “Validation of a DNA Methyla-
tion Microarray for 850,000 CpG Sites of the Human Genome Enriched
in Enhancer Sequences,” Epigenomics 8 (2016): 389-399, https://doi.org/
10.2217/epi.15.114.

38.J. A. Heiss and A. C. Just, “Identifying Mislabeled and Contaminated
DNA Methylation Microarray Data: an Extended Quality Control Toolset

14 of 16

Molecular Nutrition & Food Research, 2026


https://doi.org/10.1016/j.ajog.2021.12.035
https://doi.org/10.1016/j.placenta.2020.02.018
https://doi.org/10.1017/S0954579420001121
https://doi.org/10.1210/jc.2012-2667
https://doi.org/10.1073/pnas.1515484112
https://doi.org/10.3390/NU12092783
https://doi.org/10.3390/NU15030756/S1
https://doi.org/10.1017/S0007114519003398
https://doi.org/10.3390/nu15092106
https://doi.org/10.1016/J.AJOGMF.2022.100660
https://doi.org/10.1093/ajcn/nqaa014
https://doi.org/10.1515/JPM-2013-0289
https://doi.org/10.3945/JN.116.239392
https://doi.org/10.1080/14767058.2018.1479849
https://doi.org/10.1007/s11010-025-05345-5
https://doi.org/10.3390/genes15010076
https://doi.org/10.1186/s13148-024-01635-9
https://doi.org/10.1073/PNAS.0806560105
https://doi.org/10.1017/S2040174418000442
https://doi.org/10.3390/genes13010031
https://doi.org/10.3390/nu7115467
https://doi.org/10.1093/ije/dyae063
https://doi.org/10.1186/1475-2891-12-26
https://doi.org/10.1093/ije/dyad081
https://doi.org/10.3390/nu13082662
https://doi.org/10.3390/nu11122980
https://doi.org/10.2217/EPI-2019-0066
https://doi.org/10.1016/0165-1781(89)90047-4
https://doi.org/10.1016/j.envint.2025.109612
https://doi.org/10.1080/15592294.2022.2038412
https://doi.org/10.2217/epi.15.114

With Examples From GEO,” Clinical Epigenetics 10 (2018): 1-9, https://
doi.org/10.1186/S13148-018-0504-1/FIGURES/5.

39. W. E. Johnson, C. Li, and A. Rabinovic, “Adjusting Batch Effects
in Microarray Expression Data Using Empirical Bayes Methods,” Bio-
statistics (Oxford, England) 8 (2007): 118-127, https://doi.org/10.1093/
BIOSTATISTICS/KXJ037.

40. L. Pons-Muzzo, R. de Cid, M. Obon-Santacana, et al., “Sex-Specific
Chrono-Nutritional Patterns and Association With Body Weight in a
General Population in Spain (GCAT study),” International Journal of
Behavioral Nutrition and Physical Activity 21 (2024): 102, https://doi.org/
10.1186/512966-024-01639-X.

41. S. van Buuren and K. Groothuis-Oudshoorn, “Mice: Multivariate
Imputation by Chained Equations in R,” Journal of Statistical Software
45 (2011): 1-67, https://doi.org/10.18637/JSS.V045.103.

42. W. N. Venables and B. D. Ripley, Modern Applied Statistics with S, 4th
ed. (Springer, 2002).

43. M. van Iterson, E. W. van Zwet, and B. T. Heijmans, “Controlling
Bias and Inflation in Epigenome- and Transcriptome-Wide Association
Studies Using the Empirical Null Distribution,” Genome Biology 18 (2017):
1-13, https://doi.org/10.1186/S13059-016-1131-9/TABLES/4.

44. A. Kundaje, W. Meuleman, J. Ernst, et al., “Integrative Analysis of 111
Reference Human Epigenomes,” Nature 518 (2015): 317-330, https://doi.
org/10.1038/naturel4248.

45. A. N. Taylor-Weiner, F. Aguet, N. Haradhvala, et al., “Abstract 2473:
Scaling Computational Genomics to Millions of Individuals With GPUs,”
Cancer Research 79 (2019): 2473-2473, https://doi.org/10.1158/1538-7445.
SABCS18-2473.

46. H. Hamada, H. Okae, H. Toh, et al., “Allele-Specific Methylome and
Transcriptome Analysis Reveals Widespread Imprinting in the Human
Placenta,” American Journal of Human Genetics 99 (2016): 1045-1058,
https://doi.org/10.1016/J.ATHG.2016.08.021.

47. D. 1. Schroeder, J. D. Blair, P. Lott, et al., “The Human Placenta
Methylome,” Proceedings of the National Academy of Sciences 110 (2013):
6037-6042, https://doi.org/10.1073/pnas.1215145110.

48. A. R. Gschwind, K. S. Mualim, A. Karbalayghareh, et al., “An
Encyclopedia of Enhancer-Gene Regulatory Interactions in the
Human Genome,” BioRxiv 17 (2023), https://doi.org/10.1101/2023.11.09.
563812.

49. F. Delahaye, C. Do, Y. Kong, et al., “Genetic Variants Influence on the
Placenta Regulatory Landscape,” PLoS Genetics 14 (2018): 1007785, https://
doi.org/10.1371/JOURNAL.PGEN.1007785.

50. A. Paquette, K. Ahuna, Y. M. Hwang, et al, “A Genome
Scale Transcriptional Regulatory Model of the Human Placenta,”
Science Advances 10 (2024): adf3411, https://doi.org/10.1126/sciadv.
adf3411.

51. S. Gong, F. Gaccioli, J. Dopierala, et al., “The RNA Landscape of
the Human Placenta in Health and Disease,” Nature Communications 12
(2021): 1-17, https://doi.org/10.1038/s41467-021-22695-y.

52. T. Battram, P. Yousefi, G. Crawford, et al., “The EWAS Catalog:
a Database of Epigenome-Wide Association Studies,” Wellcome Open
Research 7 (2022): 41, https://doi.org/10.12688/ WELLCOMEOPENRES.
17598.2/DOL.

53. M. Li, D. Zou, Z. Li, et al., “EWAS Atlas: a Curated Knowledgebase of
Epigenome-Wide Association Studies,” Nucleic Acids Research 47 (2019):
D983-D988, https://doi.org/10.1093/NAR/GKY1027.

54. B. Phipson, J. Maksimovic, and A. Oshlack, “missMethyl: an R
Package for Analyzing Data from Illumina’s HumanMethylation450
Platform,” Bioinformatics 32 (2016): 286-288, https://doi.org/10.1093/
BIOINFORMATICS/BTV560.

55.A. Kamburov, C. Wierling, H. Lehrach, and R. Herwig,
“ConsensusPathDB—A Database for Integrating Human Functional
Interaction Networks,” Nucleic Acids Research 37 (2009): D623-D628,
https://doi.org/10.1093/NAR/GKN698.

56. A. Saffari, M. J. Silver, P. Zavattari, et al., “Estimation of a Sig-
nificance Threshold for Epigenome-Wide Association Studies,” Genetic
Epidemiology 42 (2018): 20-33, https://doi.org/10.1002/gepi.22086.

57. M. Mizuno, R. Miki, Y. Moriyama, et al., “The Role of E2F8 in the
human Placenta,” Molecular Medicine Reports 19 (2018): 293-301, https://
doi.org/10.3892/mmr.2018.9617.

58. ABCG5 ATP binding cassette subfamily G member 5 [Homo sapiens
(human)]—Gene—NCBI, https://www.ncbi.nlm.nih.gov/gene/64240.
Accessed 25 Feb 2025.

59.S. Zhou and Z. J. Neuritin, “Neuritin, a Neurotrophic Factor in
Nervous System Physiology,” Current Medicinal Chemistry 21 (2014):
1212-1219, https://doi.org/10.2174/0929867321666131218093327.

60. A. Ozmen, G. Unek, and E. T. Korgun, “Effect of Glucocorticoids
on Mechanisms of Placental Angiogenesis,” Placenta 52 (2017): 41-43,
https://doi.org/10.1016/j.placenta.2017.02.015.

61. T. T. Joseph, V. Schuch, D. J. Hossack, R. Chakraborty, and E. L.
Johnson, “Melatonin: the Placental Antioxidant and Anti-Inflammatory,”
Frontiers in Immunology 15 (2024): 1339304, https://doi.org/10.3389/
FIMMU.2024.1339304.

62. H. Horackova, R. Karahoda, V. Vachalova, H. Turkova, C. Abad, and
F. Staud, “Functional Characterization of Dopamine and Norepinephrine
Transport Across the Apical and Basal Plasma Membranes of the Human
Placental Syncytiotrophoblast,” Scientific Reports 12 (2022): 1-12, https://
doi.org/10.1038/541598-022-15790-7;SUBIMETA =163,2587,378,631,692.

63. S. A. Islam, S. J. Goodman, J. L. Maclsaac, et al., “Integration of DNA
Methylation Patterns and Genetic Variation in Human Pediatric Tissues
Help Inform EWAS Design and Interpretation,” Epigenetics & Chromatin
12 (2019): 1, https://doi.org/10.1186/s13072-018-0245-6.

64. A.S. Gabriel, F. M. Lafta, E. C. Schwalbe, et al., “Epigenetic Landscape
Correlates With Genetic Subtype But Does Not Predict Outcome in Child-
hood Acute Lymphoblastic Leukemia,” Epigenetics 10 (2015): 717-726,
https://doi.org/10.1080/15592294.2015.1061174.

65. F. Tekola-Ayele, X. Zeng, M. Ouidir, et al., “DNA Methylation Loci in
Placenta Associated With Birthweight and Expression of Genes Relevant
for Early Development and Adult Diseases,” Clinical Epigenetics 12 (2020):
1-14, https://doi.org/10.1186/S13148-020-00873-X/FIGURES/4.

66. X. Liao, R. Lin, Z. Zhang, et al., “Genome-Wide DNA Methylation
and Transcriptomic Patterns of Precancerous Gastric Cardia Lesions,”
Journal of the National Cancer Institute 116 (2024): 681-693, https://doi.
0rg/10.1093/INCI/DJAD244.

67. R. H. Mulder, A. Neumann, C. A. M. Cecil, et al., “Epigenome-Wide
Change and Variation in DNA Methylation in Childhood: Trajectories
From Birth to Late Adolescence,” Human Molecular Genetics 30 (2021):
119-134, https://doi.org/10.1093/hmg/ddaa280.

68. S. Parashar, D. Cheishvili, N. Mahmood, et al., “DNA Methylation
Signatures of Breast Cancer in Peripheral T-Cells,” BMC Cancer 18 (2018):
1-9, https://doi.org/10.1186/S12885-018-4482-7/FIGURES/4.

69. Y. Liu, M. J. Aryee, L. Padyukov, et al., “Epigenome-Wide Association
Data Implicate DNA Methylation as an Intermediary of Genetic Risk in
Rheumatoid Arthritis,” Nature Biotechnology 31 (2013): 142-147, https://
doi.org/10.1038/nbt.2487.

70. R. F. Hillary, H. K. Ng, D. L. McCartney, et al., “Blood-Based
Epigenome-Wide Analyses of Chronic Low-Grade Inflammation Across
Diverse Population Cohorts,” Cell Genomics 4 (2024): 100544, https://doi.
0rg/10.1016/j.xgen.2024.100544.

71. T. T. Hoang, Y. Lee, D. L. McCartney, et al., “Comprehensive Evalua-
tion of Smoking Exposures and Their Interactions on DNA Methylation,”
EBioMedicine 100 (2024): 104956, https://doi.org/10.1016/j.ebiom.2023.
104956.

72.N. Zhao, M. Ruan, D. C. Koestler, et al., “Epigenome-Wide Scan
Identifies Differentially Methylated Regions for Lung Cancer Using Pre-
Diagnostic Peripheral Blood,” Epigenetics 17 (2022): 460-472, https://doi.
0rg/10.1080/15592294.2021.1923615.

Molecular Nutrition & Food Research, 2026

15 of 16


https://doi.org/10.1186/S13148-018-0504-1/FIGURES/5
https://doi.org/10.1093/BIOSTATISTICS/KXJ037
https://doi.org/10.1186/s12966-024-01639-x
https://doi.org/10.18637/JSS.V045.I03
https://doi.org/10.1186/S13059-016-1131-9/TABLES/4
https://doi.org/10.1038/nature14248
https://doi.org/10.1158/1538-7445.SABCS18-2473
https://doi.org/10.1016/J.AJHG.2016.08.021
https://doi.org/10.1073/pnas.1215145110
https://doi.org/10.1101/2023.11.09.563812
https://doi.org/10.1371/JOURNAL.PGEN.1007785
https://doi.org/10.1126/sciadv.adf3411
https://doi.org/10.1038/s41467-021-22695-y
https://doi.org/10.12688/WELLCOMEOPENRES.17598.2/DOI
https://doi.org/10.1093/NAR/GKY1027
https://doi.org/10.1093/BIOINFORMATICS/BTV560
https://doi.org/10.1093/NAR/GKN698
https://doi.org/10.1002/gepi.22086
https://doi.org/10.3892/mmr.2018.9617
https://doi.org/10.2174/0929867321666131218093327
https://doi.org/10.1016/j.placenta.2017.02.015
https://doi.org/10.3389/FIMMU.2024.1339304
https://doi.org/10.1038/S41598-022-15790-7;SUBJMETA=163,2587,378,631,692
https://doi.org/10.1186/s13072-018-0245-6
https://doi.org/10.1080/15592294.2015.1061174
https://doi.org/10.1186/S13148-020-00873-X/FIGURES/4
https://doi.org/10.1093/JNCI/DJAD244
https://doi.org/10.1093/hmg/ddaa280
https://doi.org/10.1186/S12885-018-4482-7/FIGURES/4
https://doi.org/10.1038/nbt.2487
https://doi.org/10.1016/j.xgen.2024.100544
https://doi.org/10.1016/j.ebiom.2023.104956
https://doi.org/10.1080/15592294.2021.1923615

73. E. Hannon, E. L. Dempster, G. Mansell, et al., “DNA Methylation
Meta-Analysis Reveals Cellular Alterations in Psychosis and Markers of
Treatment-Resistant Schizophrenia,” Elife 10 (2021): 1-53, https://doi.org/
10.7554/eLife.58430.

74. R. F. Hillary, D. L. McCartney, H. M. Smith, et al., “Blood-Based
Epigenome-Wide Analyses of 19 Common Disease States: A Longitudinal,
Population-Based Linked Cohort Study of 18,413 Scottish Individuals,”
PLOS Medicine 20 (7) 2023: e1004247, https://doi.org/10.1371/journal.

75.D. A. Gadd, R. F. Hillary, D. L. McCartney, et al., “Integrated
Methylome and Phenome Study of the Circulating Proteome Reveals
Markers Pertinent to Brain Health,” Nature Communications 13 (2022):
4670, https://doi.org/10.1038/S41467-022-32319-8.

76. K. N. Chitrala, D. G. Hernandez, M. A. Nalls, et al., “Race-Specific
Alterations in DNA Methylation Among Middle-Aged African Americans
and Whites With Metabolic Syndrome,” Epigenetics 15 (2020): 462-482,
https://doi.org/10.1080/15592294.2019.1695340.

77. M. Rask-Andersen, D. Martinsson, M. Ahsan, et al., “Epigenome-Wide
Association Study Reveals Differential DNA Methylation in Individuals
With a History of Myocardial Infarction,” Human Molecular Genetics 25
(2016): 4739-47438, https://doi.org/10.1093/HMG/DDW302.

78. S. Khongsti, F. A. Lamare, N. B. Shunyu, S. Ghosh, A. Maitra, and S.
Ghosh, “Whole Genome DNA Methylation Profiling of Oral Cancer in
Ethnic Population of Meghalaya, North East India Reveals Novel Genes,”
Genomics 110 (2018): 112-123, https://doi.org/10.1016/j.ygeno.2017.09.002.

79. M. J. Bonder, S. Kasela, M. Kals, et al., “Genetic and Epigenetic
Regulation of Gene Expression in Fetal and Adult human Livers,” BMC
Genomics 15 (2014): 860, https://doi.org/10.1186/1471-2164-15-860.

80. M. B. Wozniak, F. Le Calvez-Kelm, B. Abedi-Ardekani, et al., “Inte-
grative Genome-Wide Gene Expression Profiling of Clear Cell Renal Cell
Carcinoma in Czech Republic and in the United States,” PLoS One 8
(2013): 57886, https://doi.org/10.1371/JOURNAL.PONE.0057886.

81. S. Marttila, L. Kananen, S. Héyrynen, et al., “Ageing-Associated
Changes in the Human DNA Methylome: Genomic Locations and Effects
on Gene Expression,” BMC Genomics 16 (2015): 179, https://doi.org/10.
1186/S12864-015-1381-Z.

82. A. M. Gross, P. A. Jaeger, J. F. Kreisberg, et al., “Methylome-
Wide Analysis of Chronic HIV Infection Reveals Five-Year Increase in
Biological Age and Epigenetic Targeting of HLA,” Molecular Cell 62
(2016): 157-168, https://doi.org/10.1016/j.molcel.2016.03.019.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section.

Supporting File: mnfr70465-sup-0001-SuppMat.docx.

16 of 16

Molecular Nutrition & Food Research, 2026


https://doi.org/10.7554/eLife.58430
https://doi.org/10.1371/journal
https://doi.org/10.1038/S41467-022-32319-8
https://doi.org/10.1080/15592294.2019.1695340
https://doi.org/10.1093/HMG/DDW302
https://doi.org/10.1016/j.ygeno.2017.09.002
https://doi.org/10.1186/1471-2164-15-860
https://doi.org/10.1371/JOURNAL.PONE.0057886
https://doi.org/10.1186/S12864-015-1381-Z
https://doi.org/10.1016/j.molcel.2016.03.019

	Maternal Chrono-Nutrition and Placental DNA Methylation: The BiSC Study
	1 | Introduction
	2 | Methods
	2.1 | Study Cohort
	2.2 | Meal Timing Assessment
	2.3 | Covariables Assessment
	2.4 | Placental DNAm
	2.5 | Statistical Analysis: Models Setup and Definitions
	2.6 | Functional Annotation Analysis
	2.6.1 | Mapping CpG-Genes
	2.6.2 | Genetic Regulation
	2.6.3 | Tissue and Cell Enrichment
	2.6.4 | EWAS Databases

	2.7 | Functional Enrichment Analysis

	3 | Results
	3.1 | Participants’ Characteristics
	3.2 | Epigenome-Wide Association Studies
	3.3 | Functional Annotation Analyses
	3.4 | Functional Enrichment Analyses

	4 | Discussion
	4.1 | Possible Biological Implications for Last-Meal Bonferroni Significant CpGs
	4.2 | Placental Meal Timing-CpGs and Circadian Gene Clocks
	4.3 | Strengths and Limitations

	5 | Conclusions
	Acknowledgments
	Funding
	Conflicts of Interest
	Data Availability Statement
	References
	Supporting Information


