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Abstract

Background Feed efficiency (FE) is an essential trait in livestock species because of the constant demand to
increase the productivity and sustainability of livestock production systems. A better understanding of the biological
mechanisms associated with FEs might help improve the estimation and selection of superior animals. In this work,
differentially methylated regions (DMRs) were identified via genome-wide bisulfite sequencing (GWBS) by comparing
the DNA methylation profiles of milk somatic cells from dairy ewes that were divergent in terms of residual feed
intake. The DMRs were identified by comparing divergent groups for residual feed intake (RFI), the feed conversion
ratio (FCR), and the consensus between both metrics (Cons). Additionally, the predictive performance of these DMRs
and genetic variants mapped within these regions was evaluated via three machine learning (ML) models (xgboost,
random forest (RF), and multilayer feedforward artificial neural network (deeplearning)). The average performance of
each model was based on the root mean squared error (RMSE) and squared Spearman correlation (rho2). Finally, the
best model for each scenario was selected on the basis of the highest ratio between rho2 and RMSE.

Results In total, 12,257, 9,328, and 6,723 genes were annotated for DMRs detected in the RFI, FCR, and Cons groups,
respectively. These genes are associated with important pathways for regulating FE in dairy sheep, such as protein
digestion and absorption, hormone synthesis and secretion, control of energy availability, cellular signaling, and
feed behavior pathways. With respect to the ML predictions, the smallest mean RMSE (0.17) was obtained using RF,
which was used to predict RFI. The highest mean rho? (0.20) was obtained when the RFl was predicted via the mean
methylation within the DMRs identified, the consensus groups were compared, and the genetic variants mapped
within these DMRs were included. The best overall models were obtained for the prediction of RFl using the DMRs
obtained in the comparison of RFI groups (RMSE =0.10, rho?=0.86) using xgboost and the DMRs plus the genetic
variants identified via the Cons groups (RMSE =0.07, rho?=0.62) using RF.
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Conclusions The results provide new insights into the biological mechanisms associated with FE and the control
of these processes through epigenetic mechanisms. Additionally, the potential use of epigenetic information as a
biomarker for the prediction of FE can be suggested based on the obtained results.

Keywords Omics, Prediction, Artificial intelligence, Livestock, Feed efficiency

Background

Recently, an increasing demand for highly nutritional
food has emerged due to the constant growth of the
world population, reaching an expected population size
of 10.9 billion by 2100 [1]. However, concomitantly with
this increase in production, it is necessary to maintain
sustainability and animal welfare standards, resulting in
a challenge for producers [2]. Among the different fac-
tors, nutrition is a major component affecting sheep milk
composition. Consequently, appropriate nutritional man-
agement is directly associated with improvements in the
profile of bioactive substances in milk [3]. Importantly,
in animal production systems, management decisions
related to feeding strategies can account for up to 75%
of all variable costs on dairy farms [4, 5, 6]. An impor-
tant concept in animal production is feed efficiency (FE),
which can be defined as the required amount of feed that
an animal needs to produce one product unit. More effi-
cient animals produce the same amount of product, eat
less, and have the potential to reduce production costs
and the environmental impact while maximizing profit-
ability. Indeed, more feed-efficient sheep produce less
methane when fed high-quality pellets [7].

The evaluation of FEs in dairy sheep is still challeng-
ing because of the lack of a set model for calculating an
efficiency metric to be used in selection programs. Two
commonly studied metrics for FE in livestock species are
the feed conversion ratio (FCR) and residual feed intake
(RFI). The FCR is the ratio of feed intake to meat gain or
milk production. However, the high correlations between
feed intake and the rate of gain/production might result
in an undesirable selection of heavier animals at the
mature weight [8]. On the other hand, the RFI is the dif-
ference between the actual and the predicted feed intake
required to obtain the rate of gain/production [9]. Com-
pared with FCR, RFI seems to be phenotypically and
genetically independent of the rate of gain [10, 11, 12,
13, 14]. Therefore, it is suggested that a more interesting
use of RFI in selection programs may be considered com-
pared with FCR.

Few studies have evaluated the heritability of RFI and
FCR in sheep, especially dairy sheep. The available stud-
ies in dairy sheep estimate the heritability between 0.11
and 0.54 for RFI and 0.05-0.77 for FCR [7, 14, 15, 16],
which suggests the possibility of improvement in the
FE through genetic selection. The observed high vari-
ability in the heritability estimates might be explained
by the phenotypical variability observed between and

within flocks in major physiological processes contribut-
ing to FE, such as feed intake and digestion, anabolism,
catabolism, physical activity and thermoregulation [17,
18]. Some studies have applied omics technologies, such
as RNA sequencing (RNA-seq) and metagenomics, to
better understand the genetic basis of feed efficiency in
sheep [19, 20, 21]. To the best of our knowledge, no stud-
ies have evaluated the contribution of epigenetic mark-
ers over FEs in dairy sheep. Individual nutritional status
is directly affected by epigenetic alterations or vice versa
because of its action on enzymes related to epigenetic
processes or even changes in the availability of substrates
for those enzymes [22, 23, 24]. Consequently, epigenetic
alterations are interesting targets for the identification of
biomarkers associated with FE.

Recently, rumen and plasma metabolomic data were
efficiently used to discriminate animals with high and low
RFI values through the application of a machine learning
(ML) model, partial least squares discriminant analysis
[25, 26]. Additionally, recently, FE values for Assaf ewes
were predicted using milk somatic cell transcriptomic
data (median Spearman correlations of 0.37 and 0.22 for
FCR and RF], respectively) [27]. In other species, differ-
ent ML models have been used to estimate FE metrics,
applying omics data as features in predictions. For exam-
ple, genomic and metabolomic data were used in super-
vised and semisupervised methods for RFI prediction in
pigs and cattle, achieving interesting predictive accuracy
[28, 29, 30]. On the basis of the potential biological con-
tribution of epigenetic markers to FEs, the use of epigen-
etic data as features in ML models has the potential to
generate useful results regarding the predictive accuracy
of those models.

Considering this information, the main objectives of
the current study are (1) to identify differentially methyl-
ated loci (DMLs) and regions (DMRs) between groups of
animals divergent for RFI, FCR, and both (consensus) and
(2) to evaluate the predictive accuracy of ML fed exclu-
sively with the methylation levels within the detected
DMRs and with a combination of the methylation levels
and generic variants mapped within these DMRs.

Methods

Samples and feed efficiency estimation

The 21 Spanish Assaf female ewes used in the current
study belong to the experimental flock of the Instituto
de Ganaderia de Montafia (CSIC- Universidad de Leén).
Therefore, these animals were not privately owned by
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another institution/individual/farm, and obtaining
informed consent from the owner was not necessary. A
detailed description of the animals used in the current
study and the nutrient protein restriction (NPR) used
during the prepubertal stage is explained by Sudrez-
Vega et al. (2024) [27]. Briefly, 40 Spanish Assaf female
lambs were managed under standard commercial con-
ditions and fed a standard diet for replacing ewe lambs,
which consisted of 16% crude protein [31]. To evaluate
the impact of a feed restriction challenge due to a trade
market problem and a shortage of concentrate inputs, the
40 ewes were subsequently divided into two groups: one
group of animals received the standard diet mentioned
above for 64 days, and the second group received the
same diet without soybean meal (44% reduction in pro-
tein intake) during the same period [32]. The 64-day NPR
period in the prepubertal stage coincided with the allo-
metric growth of the mammary gland [33]. These ewes
synchronized in oestrus, so the lambing took place in a
short time window to avoid variations caused by the lac-
tation stage. Animals were housed in individual pens and
milked twice daily in a 1x 10 stall milking parlor (DeLa-
val). No tranquilizers or anesthesia were administered to
the animals during the experiment.

After this challenge, in a second lactation, 21 ewes
out of the 40 initial ewes (the reduction in animals was
caused by animals that did not become pregnant or did
not reach the lactation stage) were fed ad libitum with a
total mixed ratio (TMR) [34]. The distribution of these
animals in the NPR challenge group was as follows: 11
controls and 10 NPRs. Again, before this second lacta-
tion, the ewes had synchronized oestrus, and the lambing
also took place in a short time window, similar to the first
lactation. After three weeks of adaptation to the TMR
and for three additional weeks, the dry matter intake
(DMI) and milk yield of these ewes were measured daily.
Individual feed intake for each animal was estimated
daily by weighing the refused dry matter. Additionally,
morning and evening milk products were weighed for
each animal to calculate the daily milk yield. Protein,
fat, and lactose contents were estimated for each animal
as described by Barrio et al. (2022) [34]. The changes
in body weight (BW) were calculated for each ewe by
recording two consecutive days at the beginning and end
of the FE evaluation.

The FCR and RFI of each ewe were estimated for the
evaluated period. The FCR was estimated as the ratio
between the DMI and energy-corrected milk yield (ECM,
kg/d), where the ECM was calculated via INRA (2018)
[35] equations for sheep.

ECM = kg/dmilkyield x [(0.0071 x g/kg milk fat) +
(0.0043 x g/kgmilk protein) + 0.2224
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The RFI was estimated using the GLM procedure of the
SAS software package (version 9.4; SAS Institute, Inc.)
and expressed as the residuals of the following regression
model:

DMI = p +ax ECM + b x MBW + ¢ x BWC + RFI

where.

DMI =mean dry matter intake during the experiment
(kg/d); p=intercept; ECM =energy-corrected milk yield
(kg/d); MBW =mean metabolic body weight during the
experiment (BW°7% kg); BWC=BW change per day
(kg/d); RFI =residuals.

DNA extraction and whole-genome bisulfite sequencing
Milk samples were collected at the end of the period
when FE was evaluated, between days 40 and 85 at the
second lactation (between March and April 2021). All
the ewes were born between 25/10/2018 and 06/11/2018.
Therefore, the ewes had between 28 and 30 months of
age during the experiment. DNA was isolated from milk
somatic cells using a noninvasive sampling procedure. A
final volume of 100 ml of milk was collected from the 21
animals during the morning milk, and FE estimation was
performed during the second lactation for whole-genome
bisulfite sequencing (WGBS). The milking samples were
collected at the period when FE was evaluated, between
days 40 and 50 at second lactation. The protocol for milk
somatic cell isolation and DNA extraction was described
by Fonseca et al. (2023) [36]. The sequencing libraries
(150 bp paired-end) were constructed on the Novogene
platform in Cambridge (UK) and sequenced on an Illu-
mina NovaSeq 6000 system, with a minimum cover-
age depth of 20X for each sample. Detailed information
regarding library preparation and WGBS is available
from Fonseca et al. (2022) [68]. The reads obtained from
the sequencing data are available in the European Nucle-
otide Archive (ENA) repository under accession number
PRJEB56589.

Differential methylation between divergent feed-efficient
groups

The quality control (QC) and alignment steps for the
WGBS reads obtained for the 21 ewes are described in
detail in Fonseca et al. (2023) [32]. Briefly, FastQC [37]
and Trim Galore software (version 0.6.5) [38] were used
for QC and read trimming (reads were trimmed based
on the quality scores, adapters were removed, and short
reads were filtered), respectively. The reads were sub-
sequently aligned to the ovine reference genome (Oar_
Ram_v2.0), and the methylation calling procedure was
performed via Bsseeker2 [39]. In the present study, meth-
ylated sites with fewer than five reads mapped within the
region were filtered out.
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The effect of prepubertal protein restriction on the
RFI and FCR values was evaluated via a linear model in
R (v. 4.2.0). The 21 ewes were subsequently divided into
high- and low-efficiency groups on the basis of their RFI
and FCR values. Additionally, high- and low-efficiency
groups were created on the animals with consensus val-
ues (Cons) for both metrics. For RFI, the selected groups
were composed of seven ewes with a negative RFI (L-RF],
more efficient) and seven with the highest RFI (H-RFI,
less efficient). Similarly, for FCR, seven animals in each
extreme of the FCR distribution composed the high-
FCR (H-FCR, more efficient) and low-FCR (L-FCR, less
efficient) groups. The consensus groups (H-Cons and
L-Cons) were formed by six animals at each extreme
of the RFI and FCR distributions, which did not have
contrasting FE values between the metrics (H-RFI and
H-FCR or L-RFI and L-FCR).

The DMLs and DMRs associated with FEs were identi-
fied by comparing the high and low groups for RFI, FCR,
and consensus individually via the R package DSS [40].
For each grouping, the DMLs were identified by apply-
ing a multifactorial model where the FE groups, the NPR
groups, and the interaction between the FE and NPR
groups were included as terms. The DMLs identified
for the FE group term were further selected to identify
DMRs. Consequently, DMLs were identified on the FE
classification via the RFI, FCR, and consensus groups.
The DMRs were determined on regions harboring statis-
tically significant methylated sites based on the following
criteria: FDR-adjusted p value < 10~° for methylated sites,
minimum length of 50 bp, minimum number of 50 meth-
ylated sites, significant percentage of methylated sites
in the region (0.5), and a methylation difference greater
than 0.1. Additionally, the DMRs mapped within regions
located less than 50 bp from each other were merged into
a single DMR.

Gene ontology and metabolic pathway enrichment
analysis of the identified DMRs

The gene annotation for each DMR was performed
using the R package “genomation” [41]. The DMRs were
assigned to candidate genes and annotated for genomic
context (promoter, intron, exon, and intergenic) on the
ovine reference genome Oar_Ram_v2.0 (annotation
release 104). For DMRs that were not mapped within a
gene coordinate (intergenic regions), the closest gene was
assigned to the DMR. Gene Ontology (GO) term and
KEGG pathway enrichment analyses were performed via
the R package gprofiler2. For GO terms, only terms with
more than 2 and fewer than 1,000 assigned genes were
considered enriched. In addition, a redundancy reduction
analysis was performed using the “rutils” package in R.
The Wang method was applied through the go_reduce()
function to estimate semantic similarities between the
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GO terms. The terms with a similarity threshold higher
than 0.7 were subsequently grouped. Enriched status was
defined on a false discovery rate (FDR) <0.05. The enrich-
ment analysis was performed individually for DMRs
obtained for the RFI, FCR, and consensus groups.

Variant calling within DMRs using whole-genome bisulfite
sequencing reads

The variant calling procedure was performed in the Epi-
Diverse pipeline (https://github.com/EpiDiverse/SNP),
which is essentially based on SAMtools software [42]. In
the first step, the base quality scores from bam files are
manipulated via a “double-masking” procedure via Rev-
elio [43]. After this step, a combination of variant call-
ing with FreeBayes (https://github.com/ekg/freebayes)
and postcalling filtering with BCFtools is performed for
the alignments. Both single-nucleotide variants (SNPs)
and insertions and deletions (INDELs) were called using
this approach. To use the abovementioned pipeline, the
WGBS reads were realigned against the ovine reference
genome Oar_Ram_v2.0 via bwa-meth software (https://g
ithub.com/brentp/bwa-meth). This step was required to
obtain bam files with quality scores, which was not pos-
sible when using Bsseeker2. Importantly, only the regions
comprising the detected DMRs were included in the
variant calling and that false-positives can be included
during the double-masking procedure via Revelio. The
variants identified were subjected to a QC using the soft-
ware Plink v2 [44] where only variants with minor allelic
frequency (MAF)>0.1 and with a linkage disequilibrium
(r?) < 0.2 with other variants were retained.

The genetic relationship among the ewes was assessed
using a subset of 21,222 variants obtained after the filter-
ing 55,627 variants available in the 50 K Affymetrix SNP
chip [45] by MAF >0.1, call rate>0.9, and with a linkage
disequilibrium (r?) <0.2. The kinship coefficient was esti-
mated using the KING-robust estimator [46] using the
software Plink v2 [44].

Prediction of residual feed intake and the feed conversion
ratio via machine learning models

A summary of the workflow applied in the ML predic-
tions for RFI and FCR is presented in Fig. 1. Predictive
models were built using the methylation means within
each detected DMR as features. To estimate the predic-
tive potential of these DMRs identified in the compari-
son between extreme RFI groups to predict RFI values
(mRFI_RFI), DMRs identified in the comparison between
extreme FCR groups were used to predict FCR values
(mFCR_FCR), and DMRs identified in the comparison
between extreme consensus groups were used to predict
both RFI (mCons_RFI) and FCR (mCons_FCR) values.
The ML models were built on the basis of a multilayer
feedforward artificial neural network (deeplearning) and
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Fig. 1 Flowchart describing the pipeline applied for machine learning-based predictions for residual feed intake (RFI) and the feed conversion ratio (FCR)
using the mean methylation level within differentially methylated regions (DMRs) and genetic variants (single-nucleotide variants and insertions and
deletions). The models in the hyperparameter tuning step were selected on the basis of the Spearman correlation (rho). After this step, the best overall
model was selected on the basis of the ratio between the squared Spearman correlation (rho?) and the root mean squared error (RMSE)

random forest (RF) using the R package h2o [47] and
extreme gradient boosting (xgboost) using the R package
xgboost (https://cran.r-project.org/web/packages/xgboos
t/index.html). For the deep learning and RF algorithms,
a discrete random search composed of 5-fold cross-val-
idation was performed during the hyperparameter tun-
ing stage. These three methods were compared because
of the different characteristics related with the ability to
handle large and complex data, computational efficiency
and overfitting when mall datasets are evaluated.

The following parameters were included in the grid for
the tuning stage: hidden (number of layers and neurons
per layer)= [(5, 5, 5, 5), (10, 10, 10, 10), (50, 50, 50, 100,
100, 100)]; epochs (number of times to iterate (stream)
the dataset)= [5, 10, 50, 100, 200]; L1 regularization=

[0, 1x107°, 1x107%]; rate (learning rate)= [0, 01, 0.005,
0.001]; rho (adaptive learning rate time decay factor)= [0,
01, 0.005, 0.001]; input dropout ratio= [0, 0.1, 0.2].

The grid used in the hyperparameter tuning for RF
included ntrees (number of trees)= [5, 10, 15, 20, 25, 30,
35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 100]; mtries
(number of columns to randomly select at each level)=
[5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80,
85, 90, 95, 100]; and the sample rate (row sample rate per
tree)=[0.5, 0.8, 1].

The xgboost grid search was performed extensively
using 1,000 maximum boosting interactions and 10 inter-
actions as early stops (stopping if no improvement for
10 consecutive trees) in a grid composed of the follow-
ing parameters: eta (learning rate)= [0.001, 0.01, 0.05];
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max_depth (learning rate)= [5, 10]; min_child_weight
(minimum sum of instance weights (Hessian) needed in
a child)= [1, 5, 10]; subsample (subsample ratio of the
training instance) = 1; colsample_bytree (subsample ratio
of columns when constructing each tree)= [0.5, 0.8, 1].

In total, 100 models were built for each ML algo-
rithm through the random assignment of the 21 ewes in
the training (2/3, 14 animals) and test (1/3, 7 animals)
samples. Importantly, there were not completely equal
training and test samples generated in all 100 iterations
of random assignments. Among the 100 fitted mod-
els, the best model was defined as the ratio between the
squared Pearson correlation (rho?) and the root mean
squared error (RMSE) between the predicted and real
values of RFI and FCR in the training stage, where higher
ratios suggest better models. Finally, the best model was
defined, and the predictive accuracy was estimated on
the basis of the RMSE and rho? which were based on 10
rounds of leave-one-out cross-validation.

Similarly, the same steps described above were applied
to test the predictive accuracy of ML models using the
methylation means within DMRs plus the variants,
from here called VARs, identified and mapped within
the DMRs. This approach was used to test a putative
improvement in predictive accuracy by the inclusion of
genomic information.

Results

Comparison of residual feed intake and feed conversion
rates between extreme feed efficiency groups and
nutritional protein restriction groups

The ewes belonging to each FE extreme group (H-RFI,
L-RFI, H-FCR, L-FCR, H-Cons, and L-Cons) and the
respective FE metrics and the subdivisions within
each group based on the NPR groups (NPR and con-
trol) are shown in Additional file 1. Significant differ-
ences were observed between the mean values of RFI (p
value=1.03x10"%) and FCR (p value=0.005) observed
for the H and L groups (Table 1). On the other hand, the
NPR factor does not seem to significantly affect either the
RFI (p value=0.56) or the FCR (p value=0.14) metric.
Despite this absence of effect over FE metrics, we decided

Table 1 Comparison between residual feed intake (RFI) and feed
conversion ratio (FCR) values between high and low groups and
between Ewes subjected to nutritional protein restriction (NPR)
and control Ewes

Group RFI FCR

Mean (+SD) P value Mean (+SD) P value
High 0.29+0.08 1.03x107% 197+0.25 0.005
Low -0.05+0.04 138+0.11
NPR 0.12+0.13 0.56 1744036 0.14
Control  0.08+0.18 154+0.21

SD: standard deviation
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to include the NPR group as a fixed effect on the model
used to identify DMLs between extremely divergent FE
groups owing to potential biological processes that could
be affected by the NPR challenge.

Additional File 2 shows the distribution of the molecu-
lar kinship coefficients assessed across all the samples
and within each FE group. A mean below second-degree
relationship was observed for all the evaluated groups,
and no higher kinship between high- and low-efficient
animals has been observed, irrespective of the index
considered.

Whole-genome bisulfite sequencing, differentially
methylated region calling, and variant calling

The alignment statistics obtained via Bsseeker2 for the
samples included in DML and DMR calling are avail-
able in Additional file 2. A mean of 192.57 +23.24 mil-
lion paired reads were aligned across Oar_Ram_v2.0,
corresponding to an average mapping of 0.66+0.03. The
DMRs detected for each FE group are presented in Addi-
tional File 4. In total, 28,255, 17,431, and 9,720 DMRs
were identified in the comparison of the divergent groups
for RFI, FCR, and Cons, respectively. The distribution of
DMRs per chromosome is shown in Fig. 2A, where it is
possible to note that chromosomes 1, 2, and 3 had the
largest number of DMRs for all the FE groups. The gene
annotation process resulted in the assignment of 12,257,
9,328, and 6,723 genes to the DMRs detected for the RFI,
FCR, and Cons groups, respectively. In general, most of
the genes with assigned DMRs were shared between at
least two FE groups (Fig. 2B). In total, 2,921 genes were
shared among all three groups. The percentage of DMRs
assigned to different genic contexts (intergenic, promoter,
exon, and intron) was very similar across the FE groups
(Fig. 2C-E). For all the FE groups, the majority of the
DMRs were mapped in intergenic and intronic regions.
Importantly, the same DMR can be mapped in different
contexts because of the presence of different transcripts
for each gene.

The variant calling process initially identified 194,326,
129,159, and 78,488 variants for the RFI, FCR and Cons
groups, respectively. After the QC, 59,606, 43,492, and
28,103 variants were retained for the RFI, FCR and RFI
groups.

Enriched metabolic pathways associated with genes
harboring FE-associated DMRs

A total of 79, 56, and 22 enriched KEGG pathways were
identified as enriched (FDR<0.05) for the genes harbor-
ing DMRs identified in the comparison of the divergent
groups for RFI, FCR, and Cons, respectively (Additional
file 5). Only genes harboring DMRs in exons, introns, or
promoters were used as inputs for the enrichment analy-
ses. Figures of enriched pathways shared between the FE



Fonseca et al. BMC Genomics (2025) 26:313

2>

Page 7 of 17

B

NoQOOXNOUAWN

ome
oo

FE group

B Consensus
FCR
B RFI

2576
(15.4%)

Consensus

o
N
3]

0 500 750 1000 1250 1500 1750 2000 2250
Number of DMRs

C D

Context

B Exon

B Intergenic
Intron

B Promoter

groups are shown in Fig. 3. Sixteen enriched pathways
were shared among RFI, FCR, and Cons, whereas 33
pathways were shared exclusively between RFI and FCR.
Additionally, one and two enriched pathways were shared
between RFI and FCR and the Cons group, respectively.
The genes harboring DMRs identified for the RFI groups
presented the greatest number of exclusively enriched
terms (29 pathways).

Metabolic pathways for the FE status were observed
in the 16 pathways shared among the three FE groups.
Among these 16 pathways, the following pathways were
interesting to highlight: the calcium signaling pathway,
the MAPK signaling pathway, protein digestion and
absorption, glycerolipid metabolism, the Wnt signaling
pathway, glutamatergic synapses, the PI3K-Akt signal-
ing pathway, the phospholipase D signaling pathway,
the ECM-receptor interaction pathway, and the phos-
phatidylinositol signaling system. Additionally, enriched
metabolic pathways involved with relevant biological
processes associated with the FE status were observed
among those pathways shared between RFI and FCR,
and others were exclusively identified for the RFI group.

2500

Fig. 2 Distribution of differentially methylated regions (DMRs) per chromosome (A) for residual feed intake (RFl, in blue), feed conversion ratio (FCR, in
green), and consensus (Cons, in red). Venn diagram showing the number of genes harboring DMRs shared between RFI, FCR, and Cons. Percentages of
DMRs mapped in exons (red), intergenic regions (blue), introns (green), and promoters (purple) for RFI (C), FCR (B), and Cons (D)

Among the enriched pathways shared between the RFI
and FCR groups, the Apelin signaling pathway, oxytocin
signaling pathway, growth hormone synthesis, secre-
tion and action, insulin secretion, parathyroid hormone
synthesis, secretion and action, and GnRH secretion,
among others, were interesting. The 29 enriched path-
ways identified exclusively for the RFI group presented
biologically relevant pathways, such as the relaxin signal-
ing pathway; GABAergic synapse; insulin signaling path-
way; valine, leucine, and isoleucine degradation; insulin
resistance; GnRH signaling pathway; murine metabolism;
and the thyroid hormone signaling pathway. Importantly,
despite some pathways being identified exclusively for
the RFI group, biological redundancy is observed with
other pathways shared between RFI and FCR, such as
the GnRH signaling pathway and GnRH secretion. This
redundancy might be explained by genes annotated
exclusively for one of the FE metrics acting in similar bio-
logical processes compared with the functional profile of
those genes shared between both FE metrics.

The comparison of the enriched KEGG pathways asso-
ciated with the genes harboring DMRs revealed a similar
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Fig. 3 Venn diagram showing the number of enriched pathways identified for the genes harboring differentially methylated regions (DMRs) shared
between the residual feed intake (RFl), feed conversion ratio (FCR), and consensus groups

pattern to that of the number of genes shared between
the groups. As mentioned, 16 KEGG pathways were
enriched for the genes harboring DMRs identified via the
three analysis approaches (RFI, FCR, and Cons). In addi-
tion, 33 pathways were shared between RFI and FCR.
This might suggest that when the animals are grouped
on the basis of a consensus between both metrics, a per-
fect agreement is not necessarily obtained. If this were
the case, we would expect all the enriched terms from
the Cons grouping to be shared with the RFI and FCR
groups. Nevertheless, it is interesting to highlight that the
enriched KEGG pathways identified exclusively for the
Cons group (nicotine addiction, mucin-type O-glycan
biosynthesis, and amoebiasis) or shared only with RFI
(cell adhesion molecules) or FCR (transcriptional misreg-
ulation in cancer and other types of O-glycan biosynthe-
sis) are related to broad metabolic processes without any
direct association with FE. Similarly, the enriched path-
ways identified exclusively in the list of genes harbor-
ing DMRs identified for the FCR group are also related

to broad metabolic processes without any direct asso-
ciation with FEs (long-term potentiation, thyroid can-
cer, serotonergic synapses, acute myeloid leukemia, and
prostate cancer). On the other hand, the enriched path-
ways shared between all three groups, between RFI and
FCR only and exclusively enriched for RFI, are associated
with functionally interesting metabolic processes for FEs.
Table 2 shows the functionally relevant metabolic path-
ways enriched in the genes harboring DMRs in the RF],
FCR, and Cons groups.

Predictive accuracy of machine learning models for the
residual feed intake and feed conversion rate

The features included in the datasets used in the ML
algorithms for the predictions of FE metrics were com-
posed by the mean methylation levels within DMRs and
the genetic variants identified within the DRMs: RFI
(28,255 DMRs and 59,606 variants), FCR (17,431 DMRs
and 43,492 variants), and Cons (9,720 DMRs and 28,103
variants).
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Table 2 Functionally relevant enriched KEGG pathways for feed efficiency (FE) identified for the genes harboring differentially
methylated regions (DMRs) for residual feed intake (RFI), feed conversion ratio (FCR), and consensus (Cons)

KEGG pathway P value FE metric
Hormones and peptides

Aldosterone synthesis and secretion 0.0079 RFI
Aldosterone synthesis and secretion 0.0084 FCR
Apelin signaling pathway 0.0004 RFI
Apelin signaling pathway 0.0197 FCR
GnRH secretion 0.0300 RFI
GnRH secretion 0.0023 FCR
GnRH signaling pathway 0.0030 RFI
Growth hormone synthesis, secretion, and action 0.0015 RFI
Growth hormone synthesis, secretion, and action 0.0100 FCR
Insulin resistance 0.0009 RFI
Insulin secretion 0.0015 RFI
Insulin secretion 0.0011 FCR
Insulin signaling pathway 0.0286 RFI
Oxytocin signaling pathway 0.0013 RFI
Oxytocin signaling pathway 0.0003 FCR
Parathyroid hormone synthesis, secretion and action 0.0020 RFI
Parathyroid hormone synthesis, secretion and action 3.17x107° FCR
Thyroid hormone signaling pathway 0.0070 RFI
Synapses

GABAergic synapse 0.0216 RFI
Glutamatergic synapse 0.0005 RFI
Glutamatergic synapse 2.57%107° FCR
Glutamatergic synapse 0.0147 Cons
Serotonergic synapse 0.0184 FCR
Signaling pathway

Calcium signaling pathway 0.0001 RFI
Calcium signaling pathway 597x107° FCR
Calcium signaling pathway 763%x107° Cons
cAMP signaling pathway 0.0031 RFI
cAMP signaling pathway 0.0032 FCR
Hippo signaling pathway 0.0095 RFI
Phosphatidylinositol signaling system 0.0022 RFI
Phosphatidylinositol signaling system 0.0021 FCR
Phosphatidylinositol signaling system 0.0429 Cons
ErbB signaling pathway 0.0261 RFI
PI3K-Akt signaling pathway 0.0001 RFI
PI3K-Akt signaling pathway 0.0079 FCR
PI3K-Akt signaling pathway 0.0167 Cons
Rap1 signaling pathway 2.58x107° RFI
Rap1 signaling pathway 816x107° FCR
Rap1 signaling pathway 0.0002 Cons
Ras signaling pathway 0.0020 RFI
Ras signaling pathway 0.0378 FCR
Wnt signaling pathway 0.0046 RFI
Wnt signaling pathway 0.0156 FCR
Wnt signaling pathway 0.0147 Cons
Others

Circadian entrainment 0.0067 RFI
Circadian entrainment 0.0126 FCR
Cortisol synthesis and secretion 00164 RFI

Cortisol synthesis and secretion 0.0360 FCR
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Table 2 (continued)
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KEGG pathway P value FE metric
Inflammatory mediator regulation of TRP channels 0.0128 RFI
Protein digestion and absorption 0.0179 RFI
Protein digestion and absorption 0.0053 FCR
Protein digestion and absorption 0.0016 Cons
Valine, leucine and isoleucine degradation 0.0432 RFI

Table 3 Mean (+standard deviation) for the root mean squared error (RMSE) and mean squared pearson correlation (rho?) obtained
in the 100 rounds of random assignment of Ewes in the training and test datasets for each machine learning model to predict residual

feed intake (RFI) and the feed conversion ratio (FCR)

Prediction Deepleaning RF xgboost

Mean RMSE Mean rho? Mean RMSE Mean rho? Mean RMSE Mean rho?
mRFI_RFI 0.20+0.05 0.18+0.22 0.17+0.03 0.14+£0.16 0.18+0.03 0.16+0.20
mFCR_FCR 035+0.10 0.14+£0.18 031+0.07 0.15+£0.17 0.35+0.07 0.14+0.17
mCons_RFI 0.19+0.08 0.16+0.19 0.17+0.03 0.17+0.21 0.18+0.02 0.16+0.16
mCons_FCR 035+0.11 0.18+0.20 031+0.08 0.14+0.17 0.34+0.08 0.17+£0.21
mMRFI_RFI+VARs 025+0.15 0.18+0.22 0.17+0.03 0.15+0.16 0.17+0.03 0.11+£0.15
mFCR_FCR+VARs 0.59+041 0.19+£0.20 0.31+0.09 0.14+£0.14 0.35+0.07 0.18+0.20
mCons_RFI+VARs 0.24+0.08 0.20+£0.23 0.18+0.04 0.17+£0.19 0.18+0.03 0.18+0.20
mCons_FCR+VARs 044+0.13 0.20+0.22 0.30+0.08 0.13+0.15 0.33+0.08 0.15+£0.20

mRFI_RFI: Mean methylation within DRMs identified comparing RFI groups used to predict RFI; mFCR_FCR: Mean methylation within DRMs identified comparing FCR
groups used to predict FCR; mCons_RFI: Mean methylation within DRMs identified comparing Consensus groups used to predict RFIl; mCons_FCR: Mean methylation
within DRMs identified comparing Consensus groups used to predict FCR; mRFI_RFI+SNPs: Mean methylation within DRMs identified comparing RFI groups plus
SNPs within the same DMRs used to predict RFl; mFCR_FCR+SNPs: Mean methylation within DRMs identified comparing FCR groups plus SNPs within the same
DMRs used to predict FCR; mCons_RFI+SNPs: Mean methylation within DRMs identified comparing Consensus groups plus SNPs within the same DMRs used to
predict RFl; mCons_FCR+ SNPs: Mean methylation within DRMs identified comparing Consensus groups plus SNPs within the same DMRs used to predict FCR

Table 4 Best overall models, which are based on the highest ratio between the root mean squared error (RMSE) and squared
spearman correlation (rho?), identified for each predictive scenario and the respective hyperparameters used in the model

Prediction Model Hyperparameters RMSE rho?

MRFI_RFI xgboost max_depth=5; eta=0.05; nround=315; min_child_weight=1; subsample=1; 0.10 0.86
colsample_bytree=0.5

mFCR_FCR deeplearning hidden=5,5,5,5,5; epochs=5.087879; I1 =1e-04; rate =1 0.19 0.73

mCons_RFI deeplearning hidden=100,100,100; epochs=51.294697; |1 =1e-05; rate =0.001 0.07 037

mCons_FCR xgboost max_depth=5; eta=0.05; nround =343; min_child_weight=1; subsample=1; 017 0.93
colsample_bytree=0.5

mRFI_RFI+VARs xgboost max_depth=5; eta=0.05; nround =303; min_child_weight=1; subsample=1; 0.12 0.73
colsample_bytree=0.5

mFCR_FCR+VARs  RF mtry=80; ntrees=27; sample_rate=1.0 0.19 0.51

mCons_RFI+VARs  RF mtry =45; ntrees=15; sample_rate=0.5 0.07 062

mCons_FCR+VARs  deeplearning hidden=10,10,10,10; epochs=10.450117; 11 =1e-04; rate=1 0.23 0.80

The predictive performance of the ML algorithms was
compared for 100 rounds of random assignment of ani-
mals in the training and test datasets. Similar perfor-
mance results were obtained across the ML algorithms
and FE datasets (Table 3). The smallest mean RMSE
(0.17) was obtained for mRFI_RFI, mCons_RFI, and
mRFI_RFI+ VARs via RF and mRFI_RFI + VARs the mean
rho? value, the largest observed value (0.20) was obtained
for mCons_RFI+ VARs and mCons_FCR + VARs via dee-
plearning. An interesting variation among the results
obtained in the 100 rounds of random assignments was
observed for the RMSE and rho? values (Additional file
6). Therefore, the best model (defined as the model with
the highest value for the ratio between rho? and RMSE)

and the respective hyperparameters for each tested sce-
nario were identified and are shown in Table 4. The
highest ratios were obtained for mCons RFI+VARs
(RMSE=0.07, rho?=0.62) via RF and mRFI_RFI via
xgboost (RMSE =0.10, rho®=0.86). In addition, the high-
est correlation between the actual and predicted values
was obtained in the mCons_FCR scenario via xgboost
(rho?=0.93). On the other hand, the lowest correlation in
the best model was obtained in the mCons_RFI scenario
via deeplearning (rho”=0.37).
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Discussion

[48]Different nutritional models have been proposed
to estimate the energy requirements of small ruminants
[48], but they struggle to account for environmental,
feeding, and individual variability. A meta-analysis on
resilience and efficiency traits in meat sheep reported
pooled heritability of 0.32+0.15 for RFI and 0.12+0.03
for FCR [49], aligning with previous findings where RFI
shows higher heritability (0.11-0.54) than FCR (0.05—
0.77) across sheep breed [7, 14, 15, 16]. Most estimates
focus on meat sheep, while pooled heritability for FE in
dairy sheep remains uncalculated due to limited data.

The difficulty in obtaining genetic parameters for FE
traits in dairy sheep arises from the challenge of accu-
rately measuring feed intake and energy requirements.
Since FE represents an animal’s ability to convert feed
into metabolically available nutrients, defining an appro-
priate timeframe for measurement is essential. For dairy
animals, selecting a timeframe that reflects the entire lac-
tation period is crucial to ensure FE estimates lead to sus-
tained improvements [50]. Therefore, the development
of studies aimed at the estimation of FE in dairy sheep
is important for the dairy sheep industry. The investiga-
tion of the genetic basis of different FE estimates has the
potential to help provide a better understanding of the
biological processes captured by each estimate. Conse-
quently, this helps develop more precise nutritional mod-
els and FE estimates. Additionally, owing to the difficulty
of measuring a straightforward operational system to
collect data for FE estimation in dairy breeds, a potential
alternative would be the creation of a reference popula-
tion from which biomarkers could be used to efficiently
train predictive models for the estimation of FEs in new
animals.

Functional profile of DMRs identified between divergent

FE groups

Evaluating epigenetic marks associated with FE offers a
valuable approach, as nutritional status influences epi-
genetic modifications and vice versa through enzyme
regulation [22, 23, 24]. This study identified DMRs by
comparing high- and low-FE dairy ewes using RFI and
FCR, reaching a consensus between both metrics for
animal grouping. The RFI-based grouping resulted in
the highest number of DMRs (28,255), likely due to the
greater difference between L-RFI and H-RFI groups
compared to L-FCR and H-FCR groups. This also
explains the larger number of genes exclusively harbor-
ing DMRs in the RFI comparison. Interestingly, most
DMRs identified in the H-Cons vs. L-Cons comparison
were mapped within genes shared with at least one of
the two FE metrics, with 2,921 genes overlapping across
all three contrasting approaches. Functional analysis of
genes harboring DMRs provided further insights into the
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relationships among identified DMRs. This study focused
on understanding the effects of DMRs on FE in Assaf
ewes. The NPR group was included as an effect in the
model used for DMR detection. However, as Fonseca et
al. (2023) [36] provides an in-depth discussion on DMRs
directly influenced by NPR, the present study emphasizes
DMRs identified from FE group comparisons.

The protein digestion and absorption pathway was
enriched in the three groups (RFI, FCR, and Cons). A
review of the biological determinants of between-animal
variation in FE suggested that feeding and digestive-
related terms/pathways could be associated with RFI
due to its covariation with feed intake in beef cattle [51].
Interestingly, several collagen-related genes were associ-
ated with this enriched pathway (protein digestion and
absorption pathway) and harbored DMRs. In sheep,
severe dietary protein restriction results in the downreg-
ulation of COL1IAI, COL1A2, COL3A1I, and COL5SAI in
the rumen epithelium [52]. Among these genes, COL5A1
was identified in the present study as associated with
DMRs for RFI (six DMRs), FCR (seven DMRs), and Cons
(one DMR). Interestingly, several members of the colla-
gen synthesis gene family (despite not having the same
genes identified here) were identified as differentially
expressed in the mammary gland transcriptome between
High-FE and Low-FE Assaf ewes [27]. These proteins
play crucial roles in the transport and absorption of sub-
stances across membranes, acting as gatekeepers for a
dynamic response to different metabolic states [53].

Among the functionally relevant enriched pathways, a
group of hormones and peptide-related pathways were
identified as good candidates for the FE status evalu-
ated in the current study. These pathways were shared
between the RFI and FCR groups and were associated
with the synthesis, secretion, and signaling of apelin,
aldosterone, GnRH, growth hormone, insulin, oxytocin,
parathyroid, and thyroid hormones [54].

The apelin gene (APLN) encodes a bioactive pep-
tide that is associated with adipose tissue metabolism
and the regulation of glucose and insulin levels, con-
sequently playing an important role in energy metabo-
lism [54, 55]. Additionally, in fish and mice, apelin has
been described as an important appetite regulator [56,
57, 58]. Although the Apelin signaling pathway was
enriched for the genes harboring the identified DMRs
for both RFI and FCR contrasts, only the analysis com-
paring H-RFI and L-RFI identified DMRs associated
with the APLN gene (X:113587436-113587514 and
X:113577488-113577543). However, interestingly, two
DRMs (6:299653-299738 and 6:368918-369448) iden-
tified exclusively for the FCR groups were related to the
APELA (Apelin receptor early endogenous ligand) gene.
The APELA gene is suggested to have originated from
the same common ancestor of apelin, and in chickens, it



Fonseca et al. BMC Genomics (2025) 26:313

seems to play important roles in hepatic lipid metabolism
[59]. Consequently, APLN and APELA might play similar
roles in the control of FE in sheep.

The aldosterone synthesis and secretion pathway
is associated with insulin levels through a regulatory
mechanism related to potassium depletion [60]. In mice,
genetic aldosterone deficiency results in increased insu-
lin secretion without alterations in insulin sensitivity or
the prevention of adipocyte dysfunction [61, 62] [64].
Here, the insulin secretion pathway was also enriched
for the genes associated with DRMs identified in both
the FCR and RFI groups. In contrast, the insulin secre-
tion and resistance pathways were enriched for the genes
associated with DMRs identified in the RFI groups. The
effects of insulin on the regulation of feed intake and
energy expenditure are well understood and character-
ized through several mechanisms, such as the regula-
tion of leptin release [63, 64]. In total, 28, four, and one
genes were associated with the aldosterone synthesis
and secretion pathway and insulin secretion, resistance,
and signaling pathways, respectively. Seven genes from
the adenylate cyclase gene family (ADCY1, ADCY2,
ADCY3, ADCYS, ADCY6, ADCY7, and ADCY9) are
among the genes associated with aldosterone synthesis
and secretion and insulin secretion pathways. The Adcy/
PKA-dependent pathway plays a crucial role in regulat-
ing triglyceride storage or mobilization in white adipose
tissue [65]. ADCY1, ADCY3, ADCYS5, and ADCY6 were
previously related to the regulation of insulin secretion in
mice and humans [66, 67, 68, 69, 70]. ADCY3 haploinsuf-
ficiency results in reduced expression of genes related to
thermogenesis, fatty acid oxidation, and insulin signaling
and increased expression of adipogenesis-related genes
[68]. In light of the above findings, the DMRs identified
in these genes are interesting biomarkers for FE because
of the functional impact of these genes on insulin levels,
feed intake, and energy expenditure.

Growth hormone synthesis, secretion, and action and
the GnRH secretion pathway were enriched in both the
RFI and FCR groups. The leptin protein acts over GnRH,
increasing its secretion when the energy reserves are
abundant to promote reproductive functions [71]. On the
other hand, ghrelin acts as a ligand of growth hormone
(GH) secretagogue receptor to stimulate GH release,
appetite, and food intake [72]. Interestingly, DMRs were
associated with the ghrelin gene (GHRL) for both the RFI
(19:54284696-54284775 and 19:54289697-54289756)
and FCR (19:54303886-54303936 and 19:54289130-
54289180) groups. Despite the absence of the leptin gene
(LEP) among the genes harboring DMRs in both groups,
another functionally relevant gene for leptin activity was
identified as harboring DMRs in the RFI and FCR groups.
Phosphoinositide-3-kinase regulatory subunit 1 (PIK3R1)
couples the leptin and insulin signaling pathways and is
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suggested to be required for the acute effect of leptin [73,
74].

In total, five DMRs were identified in the compari-
son between RFI groups (16:11522806-11522871,
16:11531077-11531139, 16:11526075-11526144,
16:11488225-11488529, and 16:11683716-11684150),
and two were identified in the comparison between FCR
(16:11606919-11607131 and 16:11457093-11457253)
groups. Additionally, three DMRs were identified in the
comparison between the H-Cons and L-Cons groups
(16:11759779-11759847, 16:11755506-11755700, and
16:11472257-11472375). Among the genes associated
with these DMRs, those related to thyroid hormones
were identified. The effects of thyroid hormones on
energy expenditure are well described in the literature
[75]. The parathyroid hormone synthesis, secretion, and
action pathways were enriched in both the RFI and FCR
groups, whereas the thyroid hormone signaling pathway
was enriched exclusively in the RFI group. The para-
thyroid hormone 1 receptor (PTHIR), which is associ-
ated with the parathyroid hormone synthesis pathway,
showed DMRs in the RFI (19:52593996-52594053) and
FCR (19:52626022-52626090) groups. The parathyroid
hormone (PTH) is essential for calcium homeostasis
and, consequently, for bone metabolism [76]. The action
of PTH is mediated by PTHIR, so agonists of PTHIR
are used to treat hypoparathyroidism. Additionally,
treatment with PTH in patients with hypoparathyroid-
ism resulted in a decrease in body weight (potentially
by appetite reduction) and hypercalcemic episodes [77]
[80]. Three DRMs were identified in the thyroid hor-
mone receptor beta (THRB) gene for the RFI group
(26:41130304-41130566, 26:41177101-41177241, and
26:41190490-41190562), which is associated with the
thyroid hormone signaling pathway. THRB acts as a
mediator of thyroid hormones, and mutations in THRB
might result in resistance to thyroid hormones, leading to
elevated levels of thyroid hormones, normal or elevated
levels of TSH, and goiter [78].

The oxytocin signaling pathway was enriched for the
genes associated with DMRs identified in the RFI and
FCR groups. Recently, increasing evidence has linked
oxytocin action with the regulation of food intake and
energy expenditure [79, 80, 81]. Here, four DMRs asso-
ciated with the oxytocin receptor gene (OXTR) for the
RFI group were identified (19:17654618-17654782,
19:17674987-17675207, 19:17651048-17651183,
19:17667957-17668049). In humans, the methylation of
the OXTR is associated with a series of callous-unemo-
tional traits in youth, such as rigid thinking in anorexia
nervosa [82]. These results suggest a link between this
gene and feeding behavior. Additionally, the overexpres-
sion of OXTRs is associated with abnormal mammary
gland development in mice [83]. Therefore, these results
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suggest a potential impact of OXTR methylation on FEs
in dairy sheep. In addition, transcriptomic analysis of
the hypothalamus of pigs with extremely divergent FE
statuses revealed that both the oxytocin signaling path-
way and serotonergic synapses were enriched with dif-
ferentially expressed genes [84]. Among the differentially
expressed genes associated with the serotonergic syn-
apse mentioned above, KCNN2, KCND2, and PRKCG
were also identified as harboring DMRs in the current
study. The differentially expressed genes associated with
the oxytocin signaling pathway in the hypothalamus of
pigs divergent from FEs and harboring DMRs identified
in the present study were ADCY1, ADCY7, CACNGS,
CDKNI1A, CAMKK2, and PRKCG.

Among the enriched pathways identified in the
present study, several pathways related to cellular
signaling were enriched (calcium, cAMP, Hippo, phos-
phatidylinositol, ErbB, PI3K-Akt, RAP1, Ras, and Wnt
signaling pathways). The calcium signaling pathway was
previously identified as enriched for the genes differen-
tially expressed in the comparison between high- and
low-FE groups in chickens, pigs, and Nelore cattle [85,
86, 87] [91, 92]. The activation of the Ras/P13-K/Akt
pathway is controlled by the connection of the epidermal
growth factor receptor (EGFR), which collaborates with
ErbB3 [88]. The duration of P13-K signaling is negatively
regulated by phosphatase and tensin homolog (PTEN)
[89]. Additionally, serine/threonine kinase 3 (AKT3) acts
as one of the main regulators of the P13/Akt/mTOR path-
way and modulates cell survival and proliferation in the
liver of pigs with increased feed efficiency [90]. Interest-
ingly, both PTEN and AKT3 harbored DMRs identified
in the comparison between divergent FEs in the cur-
rent study. Two DRMs for the RFI groups (22:9249556—
9249643 and 22:9295392-9295468) and two for the FCR
groups (22:9498044-9498120 and 22:9444188-9444313)
were identified in the PTEN gene. With respect to AKT3,
one DRM was identified for the RFI groups in this gene
(12:32754054—32754513). In addition, DMRs were also
identified in other genes that play crucial roles in these
pathways, such as MTOR, MAP2K7, MAPK9, MAP2K1,
MAPKI0, PIK3R1, and EGFR. [96]

The functional profile of the enriched pathways identi-
fied here suggests a significant association with the regu-
lation of feed behavior and energy expenditure through
hormonal activity and nervous system regulation. In
addition to the abovementioned pathways, the GAB-
Aergic synapse (RFI), glutamatergic synapse (RFI, FCR,
and Cons), and serotonergic synapse (FCR) pathways
were enriched. GABAergic synapses act with inhibitory
inputs in the regulation of energy and glucose homeo-
stasis via nutrient and adiposity signals, with leptin act-
ing in the regulation of GABAergic synapse strength
[91]. The glutamatergic system interacts with the central
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oxytocinergic system to regulate feeding behavior [92].
With respect to the serotonergic system, an inverse
relationship between serotonin levels in the brain, food
intake, and body weight has been reported [93]. Another
important component of feed behavior and energy
expenditure regulation is the circadian rhythm [94, 95].
Among the genes associated with DMRs and related
to the enriched pathway Circadian entrainment, PER2
(period circadian regulator) stands out with three DMRs
for the RFI (1:3049840-3050077, 1:3027343-3027447,
and 1:3022247-3022377) and FCR (1:3050049-3050304,
1:3032669-3032785, and 1:3046139-3046254) groups.
PER2 is an important regulator of the circadian clock,
generating a circadian rhythm in the central nervous
system and peripheral organs [96]. Additionally, PER2 is
responsible for the regulation of PPARy, a nuclear recep-
tor that plays crucial roles in adipogenesis, the inflam-
matory response, and insulin sensitivity [97, 98, 99]. In
cattle, the silencing of PER2 was associated with the sup-
pression of lipid synthesis in the mammary gland through
the regulation of SREBFI and PPARy [100].

Here, key biological pathways and candidate genes
associated with DMRs in divergent FE animals were
identified. While these pathways are functionally impor-
tant, other DMR-related genes may also influence FE
traits. Validating DMR functionality through approaches
like ATAC-seq or eQTL studies is essential. However,
these findings provide valuable insights and potential tar-
gets for future functional studies to enhance the under-
standing of biological mechanisms underlying FE in dairy
sheep.

Applicability of machine learning models for RFl and FCR
prediction via methylation profiles and genetic variants
within DMRs

Recent studies applying ML to predict/classify FE metrics
in livestock using omics data have increased. Transcrip-
tomic data classified pigs and beef cattle into high- and
low-FE groups [101, 102, 103], while SNPs, rumen bac-
teria, and serum metabolites were also used for clas-
sification in pigs and cattle [104, 105, 106]. In sheep,
dry matter intake was predicted via milk spectra in the
Sarda dairy breed, with correlations of 0.33 (records),
0.32 (ewes), and 0.23 (days) [107]. To our knowledge,
this study is the first to apply ML for FE prediction using
epigenomic data in livestock. Notably, we predicted RFI
and FCR rather than classifying animals into divergent
groups.

Predictions were conducted with a limited sample size
(21 animals). To assess the impact of animal selection,
100 rounds of random sampling were performed for each
scenario and ML algorithm. Results showed significant
variability in the training and test sets, likely due to dif-
ferences in methylation levels and genetic variants within



Fonseca et al. BMC Genomics (2025) 26:313

DMRs. An important issue here is data leakage [108],
which occurs when training data contain information
unavailable during testing. Common causes include fea-
ture selection before cross-validation [109], biased data
splitting [110], and leakage of target information through
the input features [111]. In this study, DMRs were iden-
tified from a prior comparison of divergent FE groups,
and ML predictions included both these animals and
new ones. This may have contributed to variability in the
results. Further analysis is needed to better understand
this issue and improve the use of preselected biomarkers
for FE prediction.

Despite these considerations, our findings suggest the
potential of epigenetic marks and genetic variants for
predicting RFI and FCR in dairy sheep. Due to the scar-
city of studies predicting FE metrics rather than clas-
sifying animals, direct comparisons are challenging.
However, a similar study in pigs using SNPs achieved the
highest Spearman correlations of 0.34 for RFI and 0.36
for average daily gain [104]. Another study using ML for
RFI prediction in pigs reported Spearman correlations
of 0.28-0.27 with support vector machines and gradient
boosting with 1,000 SNPs [28]. Our models, on average,
yielded comparable results, with the best models surpass-
ing previous predictive accuracy. The application of ML
to predict FE metrics using epigenomic data could ben-
efit the sheep industry by enabling more efficient and
precise selection of animals with superior feed efficiency.
By identifying epigenetic markers and genetic variants
associated with RFI and FCR, breeders can make data-
driven decisions to improve productivity while reducing
feed costs. This approach could enhance genetic selection
programs, optimize nutritional strategies, and contrib-
ute to sustainable sheep farming by minimizing resource
waste. Additionally, early prediction of FE traits could
help farmers identify high-efficiency animals without
the need for costly and time-consuming individual feed
intake measurements, ultimately improving profitability
and environmental sustainability.

Conclusion

The results obtained here suggest relevant differences
in epigenetic marks between divergently feed-efficient
dairy sheep. These epigenetic marks are mapped within
genes directly related to relevant metabolic pathways
for the FE status. Among these pathways, protein diges-
tion and absorption, hormone synthesis and secretion,
control of energy availability, cellular signaling, and feed
behavior pathways stand out as potential targets for the
control of FE in dairy sheep. These results provide new
insights into the biological mechanisms associated with
FE and the control of these processes through epigenetic
mechanisms. Additionally, the potential use of epigenetic
information, individually or in combination with genetic
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variants, for the prediction of FE metrics was evalu-
ated. The results suggest the potential use of this epigen-
etic information as a biomarker for predicting RFI and
FCR in dairy sheep. However, these results are prelimi-
nary must be validated in larger samples to evaluate the
impact of sample composition and feature selection on
the predictions.
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