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ABSTRACT

In the production environment of chickens, exposure to unpredictable light patterns is a common painless stressor, widely used
to influence growth rate and egg production efficiency. The pineal gland, a key regulator of circadian rhythms through
melatonin secretion, responds to environmental light cues, and its function is modulated by epigenetic mechanisms. In this
study, we investigated how the pineal gland methylome and transcriptome (including micro-RNAs) interact to respond to a
rearing exposure to unpredictable illumination patterns, with a particular focus on sex differences. We conducted an inte-
grative multi-omic analysis—including methylomic (MeDIP-seq), transcriptomic (RNA-seq), and miRNA expression
profiling—on the pineal gland of Hy-Line White chickens (n = 34, 18 females, 16 males) exposed to either a standard 12:12
light-dark cycle (control) or a randomized, unpredictable light schedule from Days 3 to 24 post-hatch. Our findings reveal that
unpredictable light exposure alters the pineal gland methylome and transcriptome in a sex-specific manner. However, while
transcriptomic differences between sexes increased due to the stress, methylomic differences decreased, particularly on the Z
chromosome. These changes were driven by females (the heterogametic sex in birds), which became more male-like in their
pineal methylome after exposure to the illumination stress, leading to reduced epigenetic sexual dimorphism while main-
taining differences at the gene expression level. Further, we implemented a fixed sex effect model as a biological proof of
concept, identifying a network of 12 key core genes interacting with 102 other genes, all linked to circadian regulation and
stress adaptation. This network of genes comprises a core regulatory framework for circadian response. Additionally, tissue-
specific expression analysis and cell-type specific expression analysis revealed enrichment in brain regions critical for circadian
function, including neuronal populations involved in circadian regulation and the hypothalamic—pituitary—thyroid axis.
Together, these findings provide strong evidence of sex-specific epigenetic transcriptomic responses of the pineal gland upon
illumination stress and offer valuable insights into the interplay of different omic levels in relation to circadian response.
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1 | Introduction and Background

In the chicken production environment, exposure to
unpredictable illumination patterns is a prominent, non-
invasive stressor [1], widely employed to maximize mass
accretion [2, 3] and egg production [4]. Beyond its economic
implications, light exposure in vertebrates affects a broad range
of physiological outcomes, including behavior, metabolism
[5, 6], and reproduction [7]. A crucial region of vertebrate
brains involved in the regulation of circadian rhythmicity is the
pineal gland, which depending on the species, directly or
indirectly responds to patterns of light exposure [8, 9], owing to
the structural and functional differences in circadian regulation
among vertebrates. In mammals, the pineal gland is regulated
via the sympathetic nervous system by two hypothalamic
regions, the suprachiasmatic nucleus (SCN), which is the main
controller of circadian rhythmicity and connected to photic
stimuli via the retina in the hypothalamus, and the para-
ventricular nucleus, which responds to the SCN [10, 11]. In
contrast, the bird pineal gland responds directly to photic sig-
nals from the retina [12] and the calvaria, subsequently stim-
ulating pinealocytes [13, 14], functioning as an independent
circadian oscillator in response to light exposures [15] that
stimulates autoregulatory transcriptional loops [16].

In vertebrates, the main hormone secreted by the pineal gland
is melatonin [9]. Circulating levels of melatonin peak at night
and dip during the day [17], serving as a critical endogenous
oscillator in the circadian system [18]. Circadian melatonin
synthesis in chickens starts during the embryonic phase [19],
and its oscillation affects a variety of physiological processes
such as reproductive performance [20], weight gain, and sexual
maturity [21]. Conversely, artificial illumination can disturb
this circadian clock, leading to melatonin suppression, rhythm
disruption, and phase shifts [22]. Beyond these circadian al-
terations, unpredictable illumination effectively induces physi-
ological and behavioral stress in poultry without causing
physical harm [23-25]. Because the molecular mechanisms
underlying the circadian clock involve transcriptional gene
regulation via exposure to light [22, 26], there might be an
involvement of epigenetic mechanisms in its regulation. Epi-
genetic processes such as methylation, hydroxymethylation of
CpG dinucleotides, histone modifications, miRNA interactions,
and chromatin condensation states [27, 28] are sensitive to ex-
ternal stimuli and able to regulate gene expression in the long
term [14, 29]. Such epigenetic control is crucial during early
development and significantly influences adult phenotypes [30].
DNA methylation influences gene expression by modulating
interactions with chromatin proteins and transcription factors
[29, 31]. Additionally, the transcription process is intricately
influenced by both pre- and posttranscriptional elements [32].
miRNAs are pivotal in RNA degradation and translational
repression, engaging in RNA interference pathways that influ-
ence chromatin state and gene expression [33-37].

Recent studies have demonstrated that environmental stressors
can induce long-term transcriptomic modifications in pine-
alocytes, the primary cells of the pineal gland. For instance,
neonatal hypoxic-ischemic brain damage (HIBD) has been
shown to cause subtype conversions between [-pinealocytes
and o-pinealocytes, accompanied by distinct transcriptomic

changes [38]. Additionally, single-cell RNA sequencing of the
mammalian pineal gland has identified two distinct pinealocyte
subtypes exhibiting cell type-specific daily patterns of gene ex-
pression, indicating that epigenetic mechanisms may play a role
in regulating pinealocyte function and, consequently, melatonin
production [39]. Transcriptomic profiling of the pineal gland in
sheep has further revealed differentially expressed long non-
coding RNAs and genes related to reproduction, providing in-
sights into how gene expression regulation in the pineal gland
might influence reproductive traits [40]. Similarly, dynamic
transcriptome analysis in pigs highlighted the expression profiles
of mRNAs and long non-coding RNAs during postnatal devel-
opment, emphasizing the regulatory roles of IncRNAs in pineal
gland development and function [41]. Also, histone modifica-
tions and DNA methylation have been shown to be important
players in the regulation of circadian rhythms [29] by influencing
the ability of the pineal to respond to environmental light cues
[27, 42]. These findings suggest that environmental factors can
lead to transcriptional and epigenetic changes in pinealocytes,
potentially impacting circadian rhythm regulation.

Evidence across vertebrates shows that epigenetic and tran-
scriptional responses to environmental stimuli are sex depen-
dent, particularly in the brain [43]. For example, in mammals,
sex differences are well reported in normal microglia, from
embryo to adulthood [44], and are shaped by sex chromosomes
and sex hormones [45]. Sex-specific transcriptomes have been
identified in sexually dimorphic brain nuclei, suggesting that
environmental factors interact with genetic programming to
influence brain function in a sex-dependent manner [31].
Particularly, research in birds has advanced our understanding
of how transcriptional and epigenetic mechanisms modulate
sexual differentiation in brain and behavior [33]. In songbirds,
for example, male and female brains exhibit distinct tran-
scriptional profiles that align with behavioral and cognitive
differences [34]. Shorebirds, in turn, display sex differences in
immune gene expression in the brain, linking transcriptional
variation to physiological and behavioral traits [35]. In
chickens, we have previously shown that a 5-generation
selection of animals for high or low fear of humans resulted
in large sex-specific differences in DNA methylation in the
hypothalamus [36].

Despite the known lifelong phenotypic impacts of light-induced
stress, the epigenetic responses of the pineal gland's nuclear
genome to fluctuating light patterns remain largely unexplored
[37]. Here, we exposed chickens to unpredictable illumination
patterns during rearing and then performed an integrative
analysis of DNA methylation, miRNA, and gene expression to
elucidate the complex molecular interplay involved in the
pineal response to light stimuli in birds. Importantly, we
investigated these molecular responses in both sexes, to identify
potential sex-specific patterns. While recent research from our
group has investigated the effects of light exposure stress on
mitochondrial DNA methylation and mito-nuclear interactions
[46], our present study focuses on nuclear mechanisms. Our
study sheds light on the nuanced interplay between light ex-
posure and sex-dependent epigenetic and gene expression
modifications in regulating the pineal response of birds, with
important ramifications for understanding circadian regulation
across species.
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2 | Materials and Methods

The handling and maintenance of chickens used in this study
were conducted under the permission of the Regional Com-
mittee for Scientific Research on Animals, (License Nr. 50-13
Link&ping).

2.1 | Animals

Fertilized Hy-Line white leghorn chicken (Gallus gallus domes-
ticus) eggs, sourced from Swedfarm, Linghem, Sweden, were
incubated at 37.8°C in a 60% humidified atmosphere, with hourly
rotation until hatching. Post-hatching, chicks were wing-tagged,
placed in boxes, and then transferred to cages housing mixed-sex
groups of five to six chickens each. Because the White Leghorn
hybrid used in this study does not exhibit sex-specific feathering
at hatch, groups were not sex-balanced before culling. Through-
out the study, all birds had unlimited access to water and food,
with wood chips lining each cage floor for comfort. Initially, feed
trays containing starter food were provided, later replaced by
hanging feeders dispensing Pennafood. To ensure optimal growth
conditions, the chicks were also provided with heated roofing. All
were reared in cages where both temperature and lighting, pro-
vided by light-emitting diode (LED) sources, were controlled
(Supporting Information S7: Figure S1).

2.2 | Experimental Design

After 1 day of incubation, the chicks were randomly allocated
into two groups. The control group was maintained under a
consistent 12:12 light-dark cycle throughout the experiment.
Conversely, the chronic light stress group underwent exposure
to unpredictable illumination patterns in two phases—a
method previously shown to induce stress responses in poul-
try without causing physical harm [23-25]. First, from days 3 to
6 chicks experienced continuous light for 72 h, disrupting early
circadian entrainment. Then, from days 7 to 24 they were ex-
posed to a randomized illumination schedule in which the
duration of light exposure varied daily between 3 and 21 h. To
control for overall light exposure, the total amount of light and
dark periods was balanced with that of the control group over
every 3-day cycle. Starting from day 25 and for the duration of
the study, the randomized illumination patterns were reverted
to the standard 12:12 light-dark cycle, aligning with the control
group's condition (Figure 1).

The illumination stress was administered using 2W LED
Spotlights (Ljuskoncept D5014) mounted on the roof of each
cage (0.57 m height). Each spotlight emitted a warm white light
at 3000 K, with an intensity of 200 lumens and a 70-degree beam
angle. The illumination schedule was precisely managed via
timers to deliver unpredictable exposure patterns while ensur-
ing equal cumulative light exposure over 3-day cycles compared
to the control group. To prevent light spill and maintain the
integrity of experimental conditions, cages were effectively
isolated, with preliminary light measurements confirming no
cross-cage illumination. At the age of 34-36 days, a scheduled
culling process was conducted over 3 days, whereupon chickens

Hy-Line breed
ControlGroup Chronical light
stress Group

Light stress for 72h - day 3-6
. Randomized schedule
day 0-36 - 12:12 light-dark cycle down to 3h/up to21h | | day 7-24
12:12h light-dark cycle - day 24-36
DNA, RNA and
miRNA Isolation
FIGURE 1 | Treatment process of randomly divided newly hatched

chickens. The control group was kept at a standard 12:12 light-dark
cycle for their entire life. The chronic light stress group was exposed to
unpredictable illumination patterns on days 7-24 of age.

from both the control and chronic illumination stress groups
were humanely euthanized by decapitation. Subsequently, pineal
glands were carefully extracted, immediately snap-frozen in lig-
uid nitrogen to preserve RNA and DNA integrity for downstream
analysis. Sex was determined post-mortem by gonadal inspec-
tion. All collected data were retained for comprehensive analysis,
with no individual subject's results omitted. Importantly, the
primary aim of this study was to investigate epigenetic and
transcriptomic changes resulting from exposure to illumination
stress, rather than assessing circadian rhythmicity. Due to the
number of individuals in the study and the multiple samples
collected, the collection time took a few days. Because the sample
collection was balanced timewise between experimental groups,
we do not expect impacts on the main aim, which was the
sustained effects of stress, rather than transient, time-of-day-
dependent changes.

2.3 | DNA and RNA Isolation

To isolate total RNA, miRNA, and DNA from pineal gland tissue,
Allprep DNA/RNA/miRNA Universal kit (Qiagen GmbH,
Germany) was used. First, the complete pineal gland was
homogenized in 350 uL RLT Plus buffer (Allprep DNA/RNA/
miRNA Universal kit, Qiagen GmbH, Germany), which con-
tained guanidine thiocyanate for the tissue lysis and then
homogenized for 40 s in a rotor-stator homogenizer (FastPrep-24
Homogenizer, MPTM Biomedical, California, USA). Further
steps were performed according to the manufacturer's protocol.
The RNA concentration was determined by Nanodrop spectro-
photometer and Gene Quant pro RNA/DNA calculator Software
(NanoDrop ND-1000 Spectrophotometer, Thermo Scientific,
Wilmington, USA). RNA and miRNA samples were stored at
—80°C or directly synthesized to complementary DNA (cDNA),
whichwas stored at —20°C, together with the DNA samples.

2.4 | Methylation and RNA Sequencing
Methodology

DNA Methylation Sequencing (MeDIP-Seq): DNA was extracted
from pineal gland samples and subjected to methylated DNA
immunoprecipitation sequencing (MeDIP-Seq). We used 8 ug of
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DNA, sheared to an average size of 350 bp. The sheared DNA
then underwent immunoprecipitation using a 5-methylcytosine
antibody (Diagenode). whole-genome PCR amplified with the
WGA?2 kit from Sigma-Aldrich, cleaned with the QIA quick
PCR purification kit from Promega, and sent to sequencing to
identify differentially methylated regions (DMRs).

RNA and mRNA Sequencing: Total RNA, including mRNA, was
isolated from the same pineal gland samples. For mRNA, we
synthesized cDNA using a Reverse Transcription System kit
employing Oligo(dT) primers (Maxima H Minus Double Stranded
cDNA synthesis kit, Thermo Scientific) For miRNA and other
non-coding RNAs, reverse transcription was performed using the
TagMan Micro RNA reverse transcription Kit (Applied Biosys-
tems). Subsequent library preparation followed the protocol
optimized for the Ion Torrent sequencing platform. The libraries
were sequenced to obtain short single-end reads, capturing the
transcriptional landscape and allowing for the identification of
differentially expressed genes (DEGs) and miRNAs.

The sequencing processes for both DNA methylation and RNA
profiles were conducted using the Ion ProtonTM System for high-
throughput, next-generation sequencing. All sample preparations
and sequencing were performed at the SNP&SEQ Technology
Platform in the Science for Life Laboratory (SciLifeLab), Sweden,
ensuring high-quality data for subsequent analyses.

2.5 | Bioinformatics Analysis

2.5.1 | Raw Data Analysis

Sequencing reads were quality-filtered with Torrent Suite Soft-
ware (v4.0) and aligned using TMAP, with FastQC v.0.11.3
checking read quality. Analysis across omics data utilized a
linear model with five contrasts to differentiate phenotypic
chicken groups, detailed in Table 1.

2.5.2 | Gene Expression Profile Analysis

Sequencing reads were initially preprocessed using Trimmo-
matic v. 0.32 [47] to trim bases with a quality score below 20,
retaining only those with a Phred score above 33 and a mini-
mum length of 36 bps. The reads were then aligned to the
chicken reference genome GRCgb6a, sourced from Ensembl,
using RNA-Star v. 2.4.1d [48] for precise mapping. Transcript
assembly and quantification of the RNA-Seq reads against this
reference genome were conducted using StringTie-1.3.5 [49]. To

compile a comprehensive matrix of read counts mapped to
specific genomic features, we employed the prepDE.py Python
script provided by “StringTie” (https://github.com/gpertea/
stringtie/blob/master/prepDE.py).

2.5.3 | Screening of Differentially Expressed
MicroRNAs (DMiR)

Reads were preprocessed by filtering out reads shorter than 17
bases using Trimmomatic v. 0.32 [47], and retaining only reads
with quality score of all positions > 20 bps. Reads were mapped
to reference built from mature miR sequences extracted from
miRBase version 21 using BBMap v. 34.33 (http://sourceforge.
net/projects/bbmap/). Additionally, reads were mapped to the
reference genome and summarized at a gene biotype level
(using parameter -g gene_biotype) using featureCounts from
subread package v. 1.4.6 [50]. A matrix summarizing read
counts for specific genomic features was created, counting all
uniquely matched reads to each miRNA, inclusive of mis-
matches, indels, and non-template 3’-end extensions.

2.54 | Screening of DMRs

Quality-trimmed reads were aligned to the chicken reference
genome (Gallus_gallus 6.0, NCBI) using the Bowtie2 tool (v.2-
2.3.4.2) [51] with its default settings. The resulting alignment
files were converted to BAM format for downstream analysis.
Indexing and assessing the coverage depth of these BAM files
were accomplished using Samtools (v.0.1.19) [52], employing
the “index” and “depth” functions.

Unlike the default setting of 300 bp windows in the MEDIPS
package, our analysis focused on regions of interest (ROIs)
defined by a merged BED file [53]. This file was generated using
the MACS peak calling program [54], incorporating the results
from the four predefined contrasts (SMvF, CMvF, MSvC, FSvC)
under study. The resulting MEDIPS analysis output—a matrix
of read counts for each ROI—served as the basis for further
investigation.

2.5.5 | Omic Data Integration

Analysis was conducted in R version 3.6.1 [55], setting a read
count threshold of at least four per region across the three
screenings to ensure representation in each of the four contrasts
(MSVFS, MCVFC, MSVMC, FSvVFC). Read counts were normalized

TABLE 1 | Overview of linear model contrasts for phenotypic group comparison.
Contrast Groupl Group?2 Purpose
MSvVFS Male stress Female stress Sex differences on stress group
MCvVFC Male control Female control Sex differences on control group
MSvMC Male stress Male control Stress effect on male
FSvFC Female stress Female control Stress effect on female
SvC Stress (male and female) Control (male and female) Stress effect regardless to the sex

Note: “Stress” represents the individuals exposed to unpredictable light schedule, which were considered as the chronic light stress group.
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using the voom function from the limma package for mean-
variance modeling at the observational level. Differential analysis
for the five specified contrasts (MSVFS, MCvFC, MSvMC, FSvFC,
and SvC) was performed using the linear models approach within
the limma package, as outlined in Table 1.

In our study, we explored three omic layers:

1. Transcriptomics: DEGs from mRNA,
2. Regulomics: target-genes from DMIR,

3. Methylomics: DMRs.

To integrate these data, we aligned each omic layer to the
protein-coding gene level. For DMiRs, we matched miRDB_v6
for G. gallus targets using the get_multimir function from the
Bioconductor multiMiR package, expanding the DMiR list to
include all corresponding target genes. Methylomic analysis
involved extracting DMR coordinates and associated gene an-
notations using the org.Gg.eg.db package, extending genomic
range coordinates by 5 and 10 kb to encapsulate regulatory and
potential enhancer regions. These DMRs were further anno-
tated using the annotatePeak function from the ChIPseeker
package [56], utilizing gg txdb for transcript metadata and
org.Gg.eg.db for the chicken genome annotations.

To describe the molecular functions, cellular components, and
biological processes of each gene, we employed the enrichGO
function for gene ontology (GO) and the Kyoto Encyclopedia of
Genes and Genomes (KEGG) for molecular interaction networks,
applying the compareCluster function in ChIPseeker for analysis.

To enhance visualization of the biological functions impacted by
our data-associated genes, we created word clouds depicting
functional pathway terms alongside the genes involved in each
pathway, utilizing the tool available at https://www.jasondavies.
com/wordcloud/.

2.5.6 | Module Analysis

To dissect and pinpoint co-regulated genes or those with physical
interactions, we employed the DIAMoND function within the
MODifieR package in R [57], utilizing the high-confidence
protein—protein interaction (PPI) network [58] from STRING
v.11 [59] (score > 700) as our foundation. This network com-
prised 8366 unique genes and 214 694 interactions, facilitating
the identification of interconnected gene modules. The resulting
highly interactive gene list was visualized as networks through
Cytoscape v3.6.2 [60]. We further conducted functional enrich-
ment analysis on these modules using g:Profiler [61], applying an
FDR-adjusted p-value cutoff of < 0.05 to ensure significance.

3 | Results
3.1 | General Genomic Sequence Parameters
In our multi-omic analysis, we evaluated 14 492 genes for dif-

ferential expression across all contrasts used in this study
(Table 1). These genes were located within 10kb from the

37382 windows scanned to detect DMRs. Additionally, we
analyzed 100085 predicted gene targets from the 352 micro-
RNAs (miRDB.org) scanned to detect DMiR. This integrative
approach enabled a comprehensive analysis that used genes as a
unified reference across the transcriptomic, methylomic, and
regulomic levels. For the raw data analysis, before normaliza-
tion, a minimum read count threshold of four was applied to
ensure that each sample group included three individuals,
thereby guaranteeing at least one count per contrast for the tree
omic features analyzed (Supporting Information S10: Table S1).

3.2 | Multidimensional Scaling (MDS) Exploring
Sex and Treatment-Specific Clustering Across
Multi-Omic Analyses

We performed MDS on the total features obtained per omic
analysis (Supporting Information S10: Table S1) to uncover
potential cluster formation between sexes, treated versus con-
trol groups, and their combinations (Figure 2). Sex differences
were pronounced at all three omic levels. In the combined
analysis, distinct clustering was observed between the female
and stress groups, and between the male and control groups for
both the DEG and DMR analyses.

3.3 | Omic Integration and Statistical Contrasts
Our data were analyzed using five linear model contrasts
(Table 1). We established two significance thresholds for the
analysis: a standard threshold (p < 0.05) for a broader view, and
a more stringent threshold (FDR-adjusted p <0.2) for gene-
specific effects (Supporting Information S10: Table S1). For the
analysis of miRNA-predicted target genes, while two confidence
thresholds are presented, only those with a prediction score
greater than 90% were considered for further analyses. To
describe the findings (presented in Supporting Information S10:
Table S1), we divided our results into two separate sections:
Section 3.4, which focuses on the four initial contrasts (MSvFS,
MCVFC, MSVMC, and FSvFC), and Section 3.5, which examines
the effect of the treatment while using sex as a fixed effect in the
model (SvC). The number of markers identified in each contrast
is shown in Figure 3.

3.4 | Sex Differences

We observed important sex effects in all contrasts between sexes,
both in controls and stress groups. However, while tran-
scriptomic differences (including MiRs) were increased between
sexes in the Illumination stress contrast (MSvVFS) compared to
controls (MCvFC), methylomic differences between sexes dras-
tically decreased when comparing the same groups (Figure 3).

Next, we investigated overlaps among the 144 492 DEG, 37 382
DMR, and 352 DMiR counts (Figure 4). Overlaps between the
MSVFS and MCVFC contrasts were found across all omic levels
(412 DEG, 430 DMR, and 3 DMiR; Figure 4a-c). We then
compared the four sex-related contrasts against the SvC to
identify overlaps that could be of particular relevance a sex-
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FIGURE 2 |

Representation of multidimensional scaling (MDS) analysis highlighting distinctions based on sex (a; left), treatment (b; center), and

their combination (c; right), through the integration of DEG (top), DMR (center), and DMiR (bottom) data. As object in the analysis, we used the
genes from DEG (A), windows from DMR ([]), and miRNA from DMIiR ([A]) analysis.

specific perspective. The FSVFC contrast revealed the highest
number of overlaps with SvC, suggesting that females are more
responsive to stress stimuli across all omic levels (194 DEG, 287
DMR, and 6 DMiR).

Furthermore, the FSVFC contrast exhibited more DMR overlaps
with the MSVFES contrast (N =122) than with the MCVFC con-
trast (N = 59), indicating enhanced stress sensitivity in females
at the epigenomic level. Conversely, at the transcriptomic level,
an inverse relationship was observed, with FSVFC showing
more overlaps with MCvFC (N=629) than with MSVFS
(N'=209). A higher number of overlaps was observed between
MSvMC and MSVFS (N = 59) compared to MSYMC and MCVFC
(N=37). In contrast, transcriptomic differences were more
pronounced, with MSVMC overlapping with MSvFS in 92 fea-
tures and with MCVFC in 359 features. These findings show
that stress tends to amplify sexual divergence at the epigenomic
level while diminishing it at the transcriptomic level. Due to the
relatively small number of DMiRs, making similar analyses at
the miRNA level was not feasible.

Annotation of the DMRs obtained against the chicken reference
genome revealed 47 gene-related DMRs for the MSVFS contrast,
1284 for MCVFC, 17 for FSvFC, and 6 for MSvMC (FDR <0.2;
Supporting Information S1: Spreadsheet S1). A predominance

of DMRs was observed in promoter regions, particularly in the
contrasts within sexes (MSvMC and FSvFC), followed by in-
tronic regions, mainly in the contrasts between sexes (SMvSF
and CMvCF) (Figure 5a). A lower prevalence of DMRs was
found in intergenic and exonic regions. Notably, most of the
gene-related DMRs identified in the male contrast (MSvMC)
were concentrated in promoter regions, whereas in the female
contrast (FSVFC) there was a substantial increase in exonic
and intronic regions (Figure 5a). Additionally, the majority of
the gene-related DMRs in the MSVFS contrast showed an
increase in exonic and promoter regions compared to MCvFC
(Figure 5a). The number of gene-related DMRs is substan-
tially reduced in the MSVFS group compared to the MCVFC,
with DMRs predominantly located on the Z chromosome
(Figure 5b). Interestingly, no gene-related DMR was identified
in the FSvVFC groups, while only one DMR was identified on
the Z chromosome in the MCvMC contrast, mapped to the
first intron of a novel gene (ENSGALG00000050678, GRCg6a).
These observations led us to estimate the expectancy of DMRs
in the Z chromosome relative to the total observed across all
chromosomes, based on its genomic proportion (~0.65%)
(Supporting Information S1: Spreadsheet S1). Interestingly, a
higher than expected number of DMRs was observed on
the Z chromosome for both the MSvFS (115) and MCvFC (65)
contrasts.
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threshold of p <0.05.

We then investigated potential unbalancing/dose compensation
on the Z chromosome, which differs in copy number between
sexes (ZZ in males and ZW in females), potentially leading to
imbalances in epigenetic regulation. To determine whether
methylation patterns on the Z chromosome showed signs of
dose compensation or sex-biased imbalance, we normalized the
Z chromosome data separately from the autosomal chromo-
somes and compared the p-values before and after normaliza-
tion. This normalization approach ensures that the observed
differences are not artifacts of copy number differences, but
instead reflect true biological or treatment-induced changes.
The observed correlations of 0.8 for MSvFS and 0.9 for MCVFC
(p < 2.2e—16; Supporting Information S8: Figure S2) show that,
in our data set, the methylation patterns on the Z-chromosome
are balanced between males and females.

We then investigated the dynamics of DMRs related to sex. The
comparison between MCvFC and MSVFS contrasts (Figure 6a)
revealed that the majority of sex-related DMRs in the control
group are “lost” in the stress group (1239 DMRs), while only 33
DMRs were “retained” between both groups, and 16 DMRs
were present only (“gained”) in the stress group (Supporting

Information S2: Spreadsheet S2). The retained DMRs were
primarily located in intronic regions (41.9%), followed by pro-
moter (35.5%) and exonic regions (16.1%), and only 6.45% in
intergenic regions. In contrast, the lost DMRs were predomi-
nantly found in intronic regions (46.6%), with intergenic
(29.0%) and promoter regions (17.5%) also affected. Lastly, the
gained DMRs were mainly located in intergenic regions (43.7%),
followed by intronic (37.5%) and promoter regions (18.7%)
(Figure 6a). Moreover, the distribution of sex-related DMRs
varied by chromosomal location: DMRs on both the Z sex
chromosome and autosomes were primarily located in intronic
and intergenic regions, followed by promoter areas. A similar
pattern was observed for autosomal chromosomes in the
stressed group. However, in the stressed group, a notable shift
was observed, with a higher proportion of DMRs in promoter
regions compared to intergenic regions (Figure 6b).

Building on the results shown in Figure 6a, we investigated the
methylation levels of the identified “lost,” “gained,” and
“retained” DMRs for male and female individuals using heat-
maps (Figure 7). These heatmaps clearly demonstrate a loss of
sexual dimorphism in methylation, driven by changes in the
female stress group (Figure 7a). Additionally, while gained
DMRs were fewer in number (Figure 7b), a distinct pattern
emerged: on autosomal chromosomes, females exhibited hy-
permethylation relative to males, whereas, on the Z chromo-
some, males showed higher methylation levels. Finally, for the
retained DMRs, the same pattern was observed: males exhibited
hypermethylation on the Z chromosome, while females were
hypermethylated on autosomal chromosomes (Figure 7c).

3.5 | Omic Differences

The analysis of gene associations across the three omics
layers—DEG, DMR, and DMiR—revealed a substantial pro-
portion of these DMRs located within gene bodies. To further
explore the genomic distribution of these DMRs, we examined
their location relative to gene boundaries, by categorizing them
into regions within genes (DMR), within + 5 kb (DMR_5k), and
within +10kb (DMR_10k) of genes (Figure 8). A detailed ex-
amination of sex-related differences is presented separately in
Supporting Information S9: Figure S3.

Next, we analyzed the genes and genomic features associated with
the omic changes found in the SvC contrast. The 534 significant
DMRs identified encompassed 493 unique genes located within
10kb of each DMR. Among these, 251 genes (51%) directly
overlapped with significant DMRs, 140 (28%) were located within
5kb, and 102 (21%) were within 10kb of the significant DMRs
(Figure 8b excludes “novel genes”; see Supporting Information
S3: Spreadsheet S3). Most DMRs within genes were located in
intronic regions (48.84%), followed by the promoter (28.05%),
exonic (18.15%), and 3’ and 5’ UTR regions (4.95%).

Following this, we aimed at uncovering potentially relevant
molecular interactions among the omic changes observed that
could affect genes of interest for the illumination stress response.
For this, we focused on the 44 genes (10 DEG&DMR; 10
DEG&DMIR, and 24 DMiR&DMR) that contained significant
changes (p<0.05) in at least two of the three omic levels
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investigated in the SvC contrast (Figure 8a, intersection circles).
Then, we retrieved the fold changes of these genes to identify the
respective direction of the changes (Figure 9).

In most affected genes, hypermethylation was associated with
increased gene expression (Figure 9a), with few exceptions,
such as ERMP1 and DHRS3 (Table 2). Additionally, we identi-
fied 24 DMR-DMIR intersections (Supporting Information S4:
Spreadsheet S4), in which 15 (62.5%) hypomethylated DMRs
were associated with increased miRNA expression, while 9
(37.5%) hypermethylated DMRs were associated with increased
miRNA expression (Figure 9b). Inverse correlations were
mostly observed for DMRs located closest to the gene, primarily
in intronic regions (Table 2). We also identified DEG-DMiR
intersections, in which six genes exhibited an increase in gene
expression associated with a decrease of DMiR expression
(LHX8, ATP6VIC1, CSMD3, TFDP1, KCNHS8, INPP5A,
EDNRA), while the other four showed a positive relationship:
two with increased expression (AMOTL2 and LHXS8) and two
with decrease expression (KBTBD2 and PCMTDI) (Figure 9c
and Table 2).

3.5.1 | Gene Enrichment and Functional Module
Inference

We then performed functional module inference to gain deeper
insights into the biological functions and interactions of the
identified genes [62]. By using the G. gallus PPI network from
STRING v.11 and filtering for interactions with a confidence
score higher than 700, we identified 214 694 interactions across
8366 genes.

From this analysis, 114 intersected genes were identified
(Figure 10a; intersection circles), which were used for KEGG
(Figure 10b) and GO term (Figure 10c) gene enrichment
(Supporting Information S5: Spreadsheet S5). Three genes
(GNG12, ADRAIB, and GRMS5F) overlapped across all three
omic levels (Figure 10a). The KEGG pathway “Neuroactive
ligand-receptor interaction” was enriched for genes across all
intersections (Figure 10b), while the GO terms “signaling mo-
lecules linked to G-protein coupled receptors” and “cAMP-
mediated signaling” were enriched among different intersec-
tions (Figure 10c).

From the module inference approach, we identified 827 signifi-
cant genes across the three omic levels analyzed (DEG, DMR,
and DMiR). Of these, 544 genes were considered to have the
highest confidence level of interaction (conf. >90%). From this
group, we selected 523 genes connected to the main module
network for the final analysis (Figure 11). Among these 523
genes, 86 were part of the original data set from DEG, DMR, and/
or DMIR, while 437 genes emerged from the module approach.

We then analyzed the interaction patterns of the genes that
emerged through the module analysis from the original gene set
(86 genes) and the 114 intersection genes across different omic
levels (Figure 11; inner big circle). Most of the intersected genes
resulted from the DEG-DMR (green/blue) intersection, while
the other two intersections were found only in the original data
set. The 12 core genes (Figure 11, inner small circle) from the
original data, which form the basis of these interactions, are:
ADRAIB, GRM5, GNG12 (DEG-DMR-DMiR); ADRA2A, P2RY4,
PROK2 (DEG-DMR); IL6, RACI, STAT3, POU2F1 (DMR-
DMiR); and TAF8, XRCC3 (DEG-DMIiR).

After applying the module approach, we identified 190 genes
associated exclusively with DMR, 202 genes linked to DEG, and
321 related to DMiR. Additionally, 104 genes exhibited inter-
actions between DMR and DEG, while 4 genes were shared
between DMR and DMIiR, and another 3 genes were common
across all three omic layers (DMR, DEG, DMiR) (Figure 11).

To better understand the function of these genes, we con-
ducted pathway enrichment analysis, identifying significant
biological pathways, including cAMP-mediated signaling,
leukocyte chemotaxis, and migration. A total of 188 genes
were analyzed: 86 original genes (including the 12 core
intersected genes) plus 102 intersected genes from the module
analysis. These genes were grouped into clusters based on
their biological functions, with particular emphasis on path-
ways related to the circadian cycle. For further details on the
original omic data for the 12 intersected genes, please refer to
Supporting Information S6: Spreadsheet S6.

To verify the biological relevance of the 114 intersected genes to
our study, we performed a tissue-specific expression analysis
(TSEA). In the brain regions, Layer 6 Neurons were enriched in
the cortex, Cholinergic Neurons were enriched in the basal
forebrain, and Serotonergic and Cholinergic Motor neurons
were enriched in the brainstem (Figure 12a). Additionally, we
conducted a cell-type specific expression analysis (CSEA),
which showed enrichment in the brain, pituitary, fallopian
tube, blood, stomach, adipose tissue, and breast (Figure 12b).
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4 | Discussion

In the present study, we took an integrative multi-omic approach
to shed light on epigenetic and transcriptomic responses of the
avian pineal gland to fluctuating illumination patterns, focusing
on sex-specific responses. For this, we exposed chickens to
unpredictable illumination patterns during rearing and then
performed an integrative analysis of DNA methylation, miRNA,
and gene expression in the pineal gland to elucidate the molec-
ular interplay among these different omic levels.

Numerous studies highlight the sex-specific effects of stress,
particularly its impact on brain function and development.
Prenatal stress and early-life manipulations have been shown to
exacerbate developmental vulnerability to sex-specific

neuropsychiatric disorders in mice [63]. Sex-dependent pro-
cesses are a recurrent theme in prenatal stress literature, sig-
nificantly influencing disease severity and onset [64]. For
instance, posttraumatic stress disorder is known to contribute
to sexual dysfunction in humans [65]. Prenatal stress also
plays a crucial role in neural and behavioral sexual differen-
tiation in rodents [66], impairing feminine-typical copulatory
behavior in female mice [67] and increasing masculine-typical
patterns of juvenile play and adult behavior in female guinea
pigs [68]. In birds, transcriptomic and epigenetic responses to
environmental stimuli, including light exposure, have dem-
onstrated strong sex-dependent patterns, particularly in the
brain [33, 43]. These findings emphasize that environmental
factors interact with genetic programming to shape brain
function in a sex-dependent manner.
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ges in genes containing modifications in two omic levels: (a) DEG-
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cate that the transcriptome (DEG), miRNA (DMiR), or DMR-related
gene is higher expressed or hypermethylated in the stress group com-
pared to the control group.

In our study, multiple pieces of evidence demonstrate sex-specific
effects caused by stress, predominantly affecting females across
various omic levels. First, in the MDS test, females clustered
with the stress group, while males clustered with the control
group for DEG and DMR genomic features. Second, illumination
stress increased sex differences in gene expression, while
decreasing sex-specific methylomic differences. Third, the

number of overlaps in the SvC contrast with other contrasts
further highlighted these patterns. Fourth, there was a substantial
DMR loss in females from the stress group compared to males.
Taken together, these findings suggest that stress responses tend
to increase sexual divergence—primarily affecting females—at
the epigenomic level, while reducing sexual differences at the
transcriptomic level. Moreover, the females subjected to stress
tend to exhibit a pineal methylome more similar to that of males,
suggesting that light-induced stress disrupts the differentiation of
the heterogametic sex and leads to a loss of sexual dimorphism at
the epigenomic level. However, this pattern is not as pronounced
at the transcriptomic level, where sex differences persist. Previous
research has demonstrated that different sexes maintain distinct
epigenomic profiles in the brain [69], but the mechanisms un-
derlying this balance remain unclear.

Interestingly, a previous study from our group, which focused
on the mitochondrial genome from the same experimental
model, revealed that stress-induced methylation changes were
more pronounced in males [46]. Since mitochondria are ex-
clusively inherited from the mother, these modifications could
reflect a mechanism that results in balanced mito-nuclear in-
teractions across sexes. In this context, the observation that
females under prolonged stress shift their nuclear pineal epi-
genome toward the male profile could represent a regulatory
adjustment to align nuclear and mitochondrial contributions,
ultimately stabilizing gene expression and preserving sexual
dimorphism at the transcriptomic level.

In birds, the Z chromosome is not inactivated, and the hetero-
gametic sex is female [70, 71], whereas in mammals, the male is
heterogametic and the female is homogametic, with one of the X
chromosomes inactivated [72]. Due to this, we would expect an
overrepresentation of false-positive DMRs showing hypermethy-
lation in males. However, methylation on the Z chromosome was
statistically equalized between males and females, concordant
with previous findings showing that gene expression is equalized
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(Continued)

TABLE 2

DMiR

DMR

Pred-
score (%)

DMR location in
regard to the gene

ID

Loc-id

Ensembl-ID Symbol

ENSGALG00000011614

Intersection

82.8

gga-miR-30d

Intron
3" UTR

TSS-5k

chr1:47530079-47530522

ANO4

91.7

gga-miR-19a-5p

chr25:738520-738986
chr1:93069721-93070726

chrZ:62780620-62782062 chrZ:62802651_-

MEX3A
CD247
HAPLN1

ENSGALG00000014016

93.9

gga-miR-6612-5p

ENSGALG00000015441

91.2

Intron gga-miR-6649-5p

ENSGALG00000015627

62804383 chrZ:62802662-62803939
chr6:27201927-27202295 chr6:27201950-27202181

97.2
87.6

gga-miR-30d

5k-10k

ADRA2A
SEMA6D

ENSGALG00000023521

gga-miR-30d

Exon

chr10:10366403-10366757

ENSGALG00000030542

85.8

gga-miR-6612-5p

TSS-5k

chr7:17712400-17712612

ITGA6

ENSGALG00000034007

Note: Pred-score is the prediction score for a gene to be targeted by a specific miRNA.

between sexes in birds [70]. Notably, DMR sex differences oc-
curred more frequently than expected by chance on the Z chro-
mosome in both the illumination stress and control groups,
although the appearance above expectancy is even higher in the
stress groups. Also, in the retained and gained DMRs in the stress
group, there was a relative increase in epigenetic differences on
the Z chromosome. Despite the substantial loss of DMRs between
sexes in the stress group, nearly all DMRs on the Z chromosome
were hypermethylated in males relative to females, while DMRs
on autosomal chromosomes were hypermethylated in females
compared to males. This pattern was observed both in the
retained and gained DMRs.

Two of the gained DMRs were located in intronic regions of the
MHCBL2 gene, and one in the IFNGRI gene. Another DMR was
located distal to the KLHDC7A gene. Interestingly, all three of
these genes are related to immune system processes: MHCBL2
is a class II histocompatibility antigen, essential for immune
function [73], IFNGR1 encodes the interferon gamma receptor
1, which is crucial for innate immune defense [74], and
KLHDC7A is associated with diabetic retinopathy [75]. Of the
31 remaining DMRs, only 1 was located distal to a known gene,
LOC112532921, which is activated by G-protein-coupled
receptor-mediated signal transduction and plays a key role in
intracellular signal transduction (NCBI, GENEID: 5331).

DMR distribution differed between the stress and control
groups, particularly in relation to chromosomal location
(Figure 6a). DMRs retained in the stress group were predomi-
nantly located in intronic (41.9%), promoter (35.5%), and exonic
(16.1%) regions, with minimal presence in intergenic regions
(6.45%). In contrast, lost DMRs were more frequently found in
intergenic (29.0%) and intronic (46.6%) regions, while gained
DMRs were mainly intergenic (43.7%), followed by intronic
(37.5%) and promoter (18.7%) regions. These patterns suggest
that the illumination stress selectively alters regulatory ele-
ments while preserving functionally relevant methylation sites.
When comparing autosomal and Z chromosomal DMRs
(Figure 6b), autosomal DMRs in both groups were mostly in-
tronic and intergenic, with the stress group showing an
increased proportion of promoter-associated DMRs. Conversely,
on the Z chromosome, DMRs were enriched in intronic and
promoter regions, with stress further increasing their presence
in promoters over intergenic regions. This redistribution under
stress suggests a regulatory shift, particularly in sex chromo-
somes. Since methylation plays a crucial role in gene regulation,
its redistribution under stress may have functional conse-
quences. It is well established that methylation in regulatory
regions, such as promoters, is typically associated with tran-
scriptional repression, while methylation within gene bodies is
often linked to high levels of gene expression [76-78]. Thus, a
deeper investigation into these retained and gained DMRs could
provide valuable insights into diseases that arise from sex-
specific mechanisms in various animal species.

To gain insights into the relationship between the DMRs and
DEGs generated by the illumination stress, we classified DMRs
into three categories: those within genes, those between the TSS
and 5 kb, and those between 5 and 10 kb of DEGs. Most of our
DMRs were located within genes (Supporting Information S3:
Spreadsheet S3). Previous research suggests that DMRs within
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genes, particularly between exons, splice sites, and flanking-
intronic regions, are involved in regulating alternative splicing
[79]. We thus considered a 5 kb distance from the TSS as part of
the regulatory region of these genes. On the other hand, most
cell-type-specific DNA methylation occurs at distal regulatory
elements, often overlapping with active enhancers [80, 81]. The
regulation and functional consequences of DNA methylation
heterogeneity in these regions remain unclear [82]. Enhancers,
which are cis-acting elements, can be located up to 10 kb from
genes [83, 84], which is why we included this third category in
our DMR classification.

Omic interactions are complex and largely dependent on where
DMRs are located. Our results show that most highly expressed
genes overlapped with hypermethylated DMRs or were directly
correlated with gene expression. Positive correlations were
predominantly found in DMRs located within or inside genes,
while negative correlations were mostly associated with DMRs
located distally. Furthermore, most of the DMRs closest to the
genes were inversely correlated with target genes from differ-
ential miRNA expression.

Gene enrichment analysis helps identify collective biological
functions by systematically mapping genes and proteins to their
associated biological annotations [85]. We performed functional
module inference to integrate gene expression networks and
identify genes interacting with proteins and other molecules [62].
Genes intersecting among the three omic levels were identified

and then used for KEGG and GO term enrichments. These 114
genes displayed strong interactions (confidence >90%) and en-
riched pathways related to the nervous and immune systems,
G-protein coupled receptors, and cAMP-mediated signaling. The
Neuroactive ligand-receptor interaction KEGG pathway was en-
riched across all intersections, as were signaling molecules linked
to G-protein coupled receptors, both previously linked to circa-
dian rhythm disruption [86, 87]. Additionally, cAMP-mediated
signaling GO terms were enriched among the intersections. This
pathway is known to regulate circadian rhythm via G-protein
coupled receptors, affecting the phase and period of the clock
[88]. Moreover, cCAMP plays a role in melatonin synthesis, which
is crucial for circadian regulation [89, 90].

From the 114 intersection genes identified through the module
inference approach, 12 were highlighted in our previous anal-
ysis (DMR, DMiR, and/or DEG). However, they became inter-
section genes due to their interaction with proteins. Most of
these genes were originally identified as DMiRs, with ADRA2A
and PROK?2 identified as DMRs, and P2RY4, TAFS, and XRCC3
identified as DEGs. These 12 genes are all directly or indirectly
related to the circadian cycle. PER2 is one of the nine master
circadian clock genes located in the SCN and has been sug-
gested as a tumor suppressor [91]. PO2F1 encodes a tran-
scription factor involved in immune modulation. When its
activity is increased, it interacts with PER2, leading to a pro-
tumorigenic effect [91]. PROC2 encodes a protein expressed in
the SCN, which may function as an output component of the
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FIGURE 12 | Tissue specific expression analysis (TSEA) (a) and

cell-type specific expression analysis (CSEA) (b) of the 114 intersected
genes among different omic levels (p < 0.05), obtained using SvC after
the module approach.

circadian clock in humans [92, 93]. STAT3 is highly expressed
during the day in the SCN [94], playing a role in the circadian
clock's response to systemic inflammatory stimuli and being
involved in immune responses [94], particularly in the IL6-
mediated induction of target genes [95]. IL-6, a pleiotropic
cytokine, has been proposed as a “sleep factor,” with its circa-
dian secretion correlating with sleep/sleepiness [85]. ADRA2A
is an adrenergic receptor that plays a critical role in regulating
neurotransmitter release from sympathetic nerves and adre-
nergic neurons in the central nervous system [96]. RAC1 en-
codes a G protein involved in efferocytosis, a process regulated
by the circadian rhythm and essential for tissue homeostasis
[97]. P2RY4 encodes the P2Y purinoceptor 4, part of the
G-protein coupled receptor family (Gene ID: 5030, NCBI).
Purinergic signaling via P2Y4 plays a role in circadian regula-
tion, as extracellular ATP oscillations help synchronize internal
clocks with environmental cues [98]. TAF8 is a TATA-box
binding protein-associated factor, and XRCC3 participates in
homologous recombination, helping to maintain chromosome
stability and repair DNA damage [99]. These two genes were
annotated in the Circadian Gene Database (http://cgdb.
biocuckoo.org/) as being differentially expressed in studies
challenging the circadian cycle. The involvement of TAF8 and
XRCC3 in transcription and DNA repair suggests a role in

maintaining circadian homeostasis under stress. Given the
observed nuclear (present data) and mitochondrial [46] epige-
netic shifts, XRCC3 may contribute to genomic stability, helping
preserve transcriptomic sex differences despite underlying me-
thylomic changes.

Importantly, three genes—GNGI12, ADRAIB, and GRM5—
overlapped across the three omic levels and are part of the
Circadian Gene Database. GNGI2 is a G-protein, while
ADRAIB is an adrenergic receptor that regulates cell growth
and proliferation. This gene was considered a top circadian gene
in a study about aging effects on circadian patterns in the
human prefrontal cortex [100]. GRMS5 is a glutamate metabo-
tropic receptor shown to regulate neural network activity and
synaptic plasticity [101]. These G-protein coupled receptors are
known to regulate the molecular oscillator and the phase/
period of the clock [88].

Following this, we performed a TSEA of the 114 intersection
genes, which revealed enrichment in specific brain regions,
including Layer 6 neurons, cholinergic neurons in the basal
forebrain, and serotonergic motor neurons in the brainstem.
While the cerebellar cortex oscillator has been demonstrated
through clock gene expression within cerebellar layers [102],
the cholinergic forebrain arousal system is shown to act directly
on the circadian pacemaker [103]. The cholinergic system helps
the circadian system to maintain a 24-h cycle [104].

Finally, CSEA showed enrichment in the brain, pituitary, fallo-
pian tube, blood, stomach, adipose tissue, and breast (Figure 12b).
SCN neurons in birds can synchronize circadian clocks in
peripheral tissues such as the lungs, heart, liver, and pineal gland
[105]. This analysis strongly suggests that these genes are pre-
dominantly expressed in hypothalamic-pituitary-thyroid axis-
related tissues [106], which is a key regulator of the circadian
cycle.

4.1 | Final Considerations

This study reveals how three levels of omics interact to respond
to environmental factors, driving sex-specific metabolic and
physiological changes in the pineal gland of chickens subjected
to long-term Illumination stress.

Our multi-omic analysis provides a consistent narrative of the
orchestral interaction of genes in response to prolonged en-
vironmental exposure. We suggest this “orchestra” is led by 12
key genes related to the circadian cycle, which interact strongly
with 102 secondary genes identified through the integration of
three distinct omic levels. These genes, in turn, interact with
many others, providing a detailed map of the molecular
responses of the pineal gland to illumination stress.

Furthermore, our findings show the loss of sex-specific epigenetic
differences under illumination stress, driven predominantly by
female responses. This suggests that the heterozygotic sex might
be the most sensitive, potentially shifting their epigenetic profile
toward a male-like state. These findings provide a framework for
exploring how environmental stressors interact with sex differ-
entiation and epigenetic regulation, offering broader insights into
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circadian stress response across species. Our findings open new
avenues for researchers interested in understanding sex-specific
disruptions in circadian regulation, with implications for health
and also animal welfare.
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