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Abstract
Background  The uterus is a pivotal organ for mammalian reproduction, directly determining reproductive success 
by orchestrating embryo implantation, placental development, fetal nourishment, and parturition. However, the 
molecular mechanisms regulating high fecundity in the uterus across different stages of the estrous cycle remain 
unclear. This study aimed to elucidate the genetic regulation of goat fecundity through integrated proteomic and 
transcriptomic analyses of uterine tissues.

Results  Twenty healthy female Yunshang black goats (2–3 years old, body weight 52.22 ± 0.43 kg) were stratified 
into high- and low-fecundity groups during the follicular (FH and FL, n = 5 per group) and luteal (LH and LL, n = 5 
per group) phases. Using data-independent acquisition (DIA) mass spectrometry, we quantified 4,455 proteins. 
Weighted gene co-expression network analysis (WGCNA) identified the lightcyan module as highly correlated 
with high fecundity in the luteal phase, with hub proteins including IDH2, PSAT1, MDH1, UBQLN1, RPLP1, SEC23B, 
RAD23B, PSPH, and MTHFD2. Additionally, 125 and 183 differentially abundant proteins (DAPs) were detected in the 
FH vs. FL and LH vs. LL comparisons, respectively. Biological adhesion processes, closely linked to transport activity, 
were implicated in uterine function, with key proteins such as PKP4, COL4A1, LPCAT4, ARRB1, SERPINA5, CDK9, 
and HDAC7 identified as potentially critical for embryo–uterine communication. Integrated transcriptomic and 
proteomic analyses revealed significant upregulation of the relaxin signaling pathway during the follicular phase, 
which may promote uterine tissue remodeling, extracellular matrix degradation, and angiogenesis, thereby facilitating 
preparation for embryo implantation. During the luteal phase, enhanced activity of the terpenoid backbone 
biosynthesis pathway was observed, which may indicate an increase in the production of cholesterol and steroid 
hormone precursors, potentially supporting metabolic demands and pre-receptive steroid signaling in the uterus.

Conclusion  Our findings demonstrate that specific protein co-expression modules and hub proteins are closely 
associated with high fecundity in goats. The stage-specific activation of key pathways, including relaxin signaling and 
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Introduction
The Yunshang Black goat, a novel meat breed certified 
by China’s National Livestock Genetic Resources Com-
mittee in 2019, was developed by crossing Nubian bucks 
with Yunling Black does. It demonstrates exceptional 
reproductive performance, with adult weights reaching 
76 kg (males) and 57 kg (females), and a lambing rate of 
186–236%, significantly higher than that of indigenous 
breeds [1]. While ovarian function has been a traditional 
focus in fecundity research, emerging evidence suggests 
that the uterine microenvironment is paramount for 
reproductive success. In ruminants, approximately 75% 
of pregnancy losses are attributed to uterine dysfunc-
tion during embryo implantation [2]. The uterus plays a 
central role in establishing and maintaining pregnancy 
through cyclic endometrial remodeling, the establish-
ment of maternal-fetal immune tolerance, and the pro-
motion of placental formation and vascularization. These 
processes collectively create an essential physiological 
environment for embryo implantation, development, and 
parturition [3–5]. Nevertheless, the molecular mecha-
nisms underlying the high fecundity of Yunshang Black 
goats remain poorly understood. Key questions include 
how the uterine microenvironment regulates maternal-
fetal crosstalk through epigenetic modifications (e.g., 
DNA methylation), secretory factors (e.g., exosomal miR-
NAs), and metabolic signaling (e.g., the mTOR pathway). 
Elucidating these mechanisms is critical for advancing 
our understanding of mammalian reproductive evolution 
and improving goat breeding strategies [6, 7].

Recent advances in mass spectrometry (MS)-based 
proteomics have revolutionized the study of mammalian 
uterine function, enabling the deciphering of molecular 
processes underlying reproduction and the identification 
of key DAPs associated with reproductive success across 
species. For instance, studies in sheep have revealed criti-
cal protein interactions: the membrane protein CAPN2 
is highly expressed in the endometrium, while its secre-
tory counterpart CTSB accumulates in the conceptus. In 
rats, CAPN2 localizes to the basal surface of the uterine 
luminal epithelium during implantation, regulating focal 
adhesion disassembly and uterine receptivity, whereas 
CTSB facilitates endometrial remodeling [8]. Develop-
mental proteomics in bovine embryos identified 140 
DAPs between the morula and blastocyst stages, with 
upregulation of proteins such as NPM1, EIF5A, RACK1, 
and ANXA6, and downregulation of GSTM3, PRDX2, 

and AKR1B1. Notably, 73% of DAPs increased in abun-
dance, reflecting enhanced translational activity and 
elevated ATP synthesis during embryonic development 
[9]. Similarly, proteomic analysis of uteri from Small-
tailed Han sheep—grouped by litter size—identified 41 
and 83 DAPs in the follicular and luteal phases, respec-
tively. Integrated multi-omics analyses showed a positive 
transcriptome-proteome correlation for prolificacy traits. 
Functional enrichment analyses (GO/KEGG) indicated 
upregulation of sphingolipid and amino acid metabolism 
pathways in polytocous ewes compared to monotocous 
ewes, suggesting metabolic adaptations that support 
uterine function and improve embryo survival through-
out the estrous cycle in highly prolific sheep [10].

Research on reproductive regulation has traditionally 
emphasized transcriptomic studies, which are widely 
employed due to their high sensitivity and cost-effec-
tiveness. While genes act as carriers of genetic informa-
tion, proteins encoded by them are the direct functional 
executors—highlighting the essential role of proteomics 
in advancing our understanding of reproductive biol-
ogy. However, a growing body of evidence indicates that 
mRNA levels often exhibit a poor correlation with the 
abundance of their corresponding proteins [11]. The 
emergence of multi-omics technologies now empowers 
the assembly of expansive datasets, unlocking deeper 
investigation into intricate biological processes [10]. Such 
integrated approaches provide the resolution necessary 
to map the organizational principles governing mRNA 
and protein networks. By elucidating cellular mecha-
nisms through complementary lenses, multi-omics holds 
significant potential to refine our comprehension of fun-
damental life processes. Conversely, a comprehensive 
understanding of uterine proteomic and transcriptomic 
dynamics across the follicular and luteal phases remains 
largely uncharacterized, presenting a critical knowledge 
gap demanding focused exploration. The Yunshang Black 
goat exhibits two biologically significant traits—excep-
tional prolificacy and year-round cyclicity—making 
it a valuable model for caprine reproductive physiol-
ogy. In this study, we applied DIA proteomics to profile 
twenty uterine tissue samples, identifying key DAPs that 
define uterine function and genetic regulators of kid-
ding performance. Our analyses further revealed that 
the estrous cycle stage is the primary factor influencing 
transcript and protein abundance for most uterine genes, 
uncovering fundamental mechanisms of mRNA-protein 

terpenoid backbone biosynthesis, may reflect dynamic molecular reprogramming of the uterus during the estrous 
cycle. This study provides insights into the molecular mechanisms underlying uterine prolificacy in Yunshang Black 
goats. However, these findings are based on proteomic and transcriptomic data, and further experimental validation is 
needed to confirm the causal relationships.
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concordance related to uterine reproductive efficiency 
in goats. Together, this integrated proteomics and tran-
scriptomics study deciphers the molecular landscape of 
the uterus governing kidding capacity, identifies cycle-
dependent functional networks, and highlights pivotal 
determinants of fertility.

Materials and methods
Animals and sample acquisition
Uterine tissue specimens were obtained from Yunshang 
Black goats (Capra hircus), a phenotypically distinct Chi-
nese breed exhibiting exceptional fecundity, reared under 
standardized conditions at Yixingheng Animal Hus-
bandry Technology Co., Ltd. (Yunnan, China). Twenty 
reproductively mature female goats (age: 2–5 years; body 
weight: 52.22 ± 0.43  kg) with significantly different pro-
lificacy were selected based on average litter size records 
(at least 2 parturitions) and stratified into high-fecundity 
(HF: 3.3 ± 0.11 progeny per parturition, n = 10) and low-
fecundity (LF: 1.75 ± 0.18 progeny per parturition, n = 10) 
groups.

To synchronize uterine development to a compa-
rable stage, estrus was synchronized using intravaginal 
progesterone-releasing devices (CIDR inserts; 300  mg 
progesterone), which were maintained for 12 days. At 
the time of synchronization, all ewes (n = 20) received 
an intramuscular administration of 5  ml vitamin AD 
complex to minimize stress, maintain health status, and 
enhance synchronization success. Throughout the syn-
chronization period, the ewes were group-housed under 
uniform management with ad libitum access to feed and 
water. Animals were processed in two distinct cohorts 
to obtain tissue samples during both the follicular and 
luteal phases. According to the sampling protocol, lapa-
roscopic examinations were performed either at CIDR 
removal or within 48  h post-removal (targeting the fol-
licular phase), and within 11 days post-removal (targeting 
the luteal phase). Ewes were euthanized promptly upon 
laparoscopic identification of either large, translucent 
follicles protruding from the ovarian surface (follicular 
phase cohort) or well-developed corpora lutea (luteal 
phase cohort). During laparoscopic examination, the 
number of corpora lutea was recorded and used as a phe-
notypic indicator to distinguish high- and low-fecundity 
groups, whereas follicular numbers were not quantita-
tively assessed in the present study. Uterine tissues were 
immediately collected post-mortem, rinsed with ice-cold 
phosphate-buffered saline (PBS), dissected free of excess 
adipose and connective tissue, wrapped in gauze, flash-
frozen in liquid nitrogen, and subsequently stored at 
-80 °C for subsequent analyses.

Protein extraction and filter-aided sample preparation 
(FASP) for proteomic analysis
The uterine tissue was homogenized in lysis buffer using 
a mechanical homogenizer. The homogenate was vortex-
mixed, sonicated, and incubated at 95  °C for 5 min, fol-
lowed by centrifugation at 14,000×g for 40 min at 4 °C to 
collect the supernatant. Total protein concentration was 
determined using the BCA protein assay.

Protein aliquots were denatured in SDT buffer (4% SDS, 
100 mM DTT, 150 mM Tris-HCl, pH 8.0) and subjected 
to repeated ultrafiltration with UA buffer (8 M urea, 150 
mM Tris-HCl, pH 8.0) in Microcon devices to remove 
detergents and low-molecular-weight contaminants. 
Reduced cysteine residues were alkylated by adding 100 
µL iodoacetamide (100 mM in UA buffer) with 30  min 
dark incubation. Filters were sequentially washed with 
UA buffer (three times) and 25 mM NH₄HCO₃ (twice). 
On-filter digestion was performed using 4 µg trypsin in 
25 mM NH₄HCO₃ at 37 °C overnight, with resultant pep-
tides collected and desalted on C18 columns. After vac-
uum centrifugation, peptides were reconstituted in 40 µL 
0.1% formic acid, quantified by UV spectrophotometry at 
280  nm using vertebrate-specific extinction coefficients, 
and fractionated into 10 fractions via Thermo Scientific™ 
Pierce™ High pH Reversed-Phase Peptide Fractionation 
Kit. All fractions were concentrated and reconstituted in 
0.1% formic acid prior to spiking iRT standard peptides 
at a 1:3 (v/v) ratio for retention time normalization in 
downstream LC-MS/MS analysis.

DDA mass spectrometry assay
For DDA spectral library construction, fractionated pep-
tides were analyzed using a Q Exactive HF-X mass spec-
trometer (Thermo Scientific) coupled online with an Easy 
nLC 1200 system. Aliquots (1.5  µg) were loaded onto a 
trap column (EASY-Spray™ C18, 75  μm × 2  cm, 3  μm; 
P/N 164946) and separated on an analytical column 
(EASY-Spray™ C18, 75 μm × 25 cm, 2 μm; ES802) at 250 
nL/min. Separation employed a 90-min linear gradient of 
Buffer B (80% acetonitrile, 0.1% formic acid). Mass spec-
trometry operated in positive ion mode with MS1 scans 
(300–1800  m/z) at 60,000 resolution (200  m/z), AGC 
target 3e6, maximum injection time 25 ms, and dynamic 
exclusion 30 s. Each MS1 cycle initiated 20 ddMS2 scans 
at 15,000 resolution (AGC 5e4, max IT 25 ms, NCE 
30 eV).

Data-independent acquisition (DIA) mass spectrometry 
assay
All peptide samples were subjected to LC-MS/MS analy-
sis in DIA mode (Shanghai Applied Protein Technology). 
Each 90-min analytical cycle integrated one full MS-SIM 
scan (120,000 resolution at 200  m/z; AGC 3e6; max IT 
50 ms; profile mode) with 30 variable-window DIA scans 
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spanning 350–1800  m/z (15,000 resolution; AGC 3e6; 
auto max IT; NCE 30  eV). Chromatographic separation 
employed a linear gradient of Buffer B (80% acetonitrile, 
0.1% formic acid) at 250 nL/min. Quality control (QC) 
samples — generated from equal aliquots of all experi-
mental specimens — were injected in DIA mode at ini-
tiation and post every six sample runs to monitor mass 
spectrometry performance stability.

Raw mass spectrometry data analysis
DDA library data were processed using Max-
Quant (v1.5.3.17) against a UniProt-derived FASTA 
database appended with iRT peptide sequences 
(Biognosys|iRTKit). Search parameters specified tryptic 
digestion (max 2 missed cleavages), fixed carbamido-
methylation (C), and dynamic modifications (oxidation 
(M); N-terminal acetylation). Protein identifications met 
99% confidence thresholds (FDR ≤ 1% via decoy database 
analysis). The spectral library was constructed in Spec-
tronaut Pulsar X (v12.0.20491.4) by integrating raw files 
and MaxQuant results.

DIA data analysis employed the same Spectronaut 
platform with these critical settings: dynamic iRT-based 
retention time prediction, MS2-level interference cor-
rection, and cross-run normalization. All identifications 
were filtered at Q < 0.01 (FDR < 1%).

Weighted gene co-expression network analysis
The WGCNA algorithm constructs weighted co-expres-
sion networks under the assumption of scale-free topol-
ogy [12]. It begins by calculating a correlation matrix 
representing pairwise co-expression relationships among 
proteins. This matrix is transformed into an adjacency 
matrix, defining the network structure. Subsequently, 
a topological overlap measure (TOM) is computed to 
quantify network interconnectedness, mitigating spuri-
ous correlations. Hierarchical clustering based on TOM-
derived dissimilarities generates a clustering tree, whose 
branches define distinct modules. Proteins within the 
same module exhibit high co-expression, while those 
in different modules show low co-expression. Finally, 
the correlation between identified protein modules and 
specific phenotypes or diseases is assessed to pinpoint 
potential therapeutically relevant targets and networks. 
This analysis was implemented using the WGCNA pack-
age (v1.51) in R (v3.4).

Data analysis and identification of differentially abundant 
proteins
We performed differential proteome analysis comparing 
high- versus low-fecundity goat uterus within each repro-
ductive phase. DAPs were defined by |log₂(fold change)| 
> 0.585 (equivalent to FC > 1.5 or < 0.67) with p < 0.05 in 
paired comparisons (FH vs. FL; LH vs. LL). Volcano plots 

visualized significance (–log₁₀[p]) against magnitude 
(± log₂|FC|). Hierarchical clustering implemented in R 
(v3.6.3) and Java Treeview employed Euclidean distance 
metrics with average linkage clustering.

Functional annotation of differentially abundant proteins
Cluster analysis was performed using Cluster 3.0 (​h​t​t​
p​​:​/​/​​b​o​n​s​​a​i​​.​h​g​c​.​j​p​/​~​m​d​e​h​o​o​n​/​s​o​f​t​w​a​r​e​/​c​l​u​s​t​e​r​/​s​o​f​t​w​a​
r​e​.​h​t​m) and Java Treeview (​h​t​t​p​​:​/​/​​j​t​r​e​​e​v​​i​e​w​​.​s​o​​u​r​c​e​​f​o​​r​
g​e​.​n​e​t) [13]. Similarity was measured using Euclidean 
distance, with clustering executed via the average link-
age algorithm (utilizing centroid linkage). Subcellular 
localization of proteins was predicted using CELLO (​h​t​
t​p​​:​/​/​​c​e​l​l​​o​.​​l​i​f​​e​.​n​​c​t​u​.​​e​d​​u​.​t​w​/), a multi-class support vector 
machine (SVM) classification system. Protein domains 
within the Pfam database were identified by scanning 
protein sequences using InterProScan (v5.59_91.0), a tool 
for detecting known domains, families, and functional 
sites. Homologous sequences for Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
enrichment analyses were primarily obtained using NCBI 
BLAST, with enrichment methods consistent with those 
described previously [14, 15]. DAPs were defined based 
on a fold change threshold (|fold change| > 1.2) and sta-
tistical significance (two-tailed t-test, P < 0.05).

Transcriptome sequencing
High-throughput transcriptome profiling was performed 
on matched uterus specimens from follicular/luteal 
phases (n = 20). Total RNA was isolated using TRIzol® 
Reagent (Invitrogen) and subjected to stringent quality 
control. RNA concentration, purity (OD₂₆₀/₂₈₀), and spec-
tral profiles were assessed via NanoDrop™ 2000 spectro-
photometry (Thermo Fisher Scientific), with acceptance 
criteria requiring total RNA ≥ 3  µg, concentration ≥ 300 
ng/µL, and OD₂₆₀/₂₈₀ ratios of 1.8–2.2. Integrity was veri-
fied through microfluidic electrophoresis (Agilent 2100 
Bioanalyzer; Agilent Technologies), evaluating RIN val-
ues, 28  S/18S ratios, baseline profiles, 5  S peaks, and 
absence of genomic DNA contamination.

Qualified RNA specimens (RIN ≥ 8.0) underwent 
strand-specific cDNA library construction. Polyad-
enylated mRNA was enriched using oligo(dT) magnetic 
beads, followed by fragmentation in NEB Fragmentation 
Buffer with divalent cations. First-strand cDNA synthe-
sis utilized random hexamers and M-MuLV reverse tran-
scriptase. For strand specificity, second-strand synthesis 
incorporated dUTP in place of dTTP. Double-stranded 
cDNA underwent end repair, 3´ adenylation, and Illu-
mina adapter ligation. Fragments of 250–300  bp were 
size-selected with AMPure XP beads (Beckman Coul-
ter), followed by uracil digestion with USER enzyme 
(NEB) to eliminate second-strand templates prior to PCR 
amplification.

http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm
http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm
http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm
http://jtreeview.sourceforge.net
http://jtreeview.sourceforge.net
http://cello.life.nctu.edu.tw/
http://cello.life.nctu.edu.tw/
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Fig. 1 (See legend on next page.)
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Final libraries were quantified via Qubit 2.0 Fluorom-
eter (Thermo Fisher Scientific) and size-validated using 
Agilent 2100. Equimolar-pooled libraries were sequenced 
on the Illumina NovaSeq 6000 platform (Frasergen Bioin-
formatics) for 150 bp paired-end reads. Raw data under-
went adapter trimming, quality filtering, and alignment 
to the reference genome (HISAT2 v2.1.0; parameters: 
--no-mixed, --no-discordant). Transcript abundance was 
quantified as FPKM using StringTie (v1.3.5). Differential 
expression analysis employed DESeq2’s negative bino-
mial model with Benjamini-Hochberg correction (signifi-
cance threshold: |log₂FC|≥0.585, FDR-adjusted p < 0.05).

Correlation analyses of transcriptome and proteome 
profiles
We performed a multi-omics integrative analysis com-
bining transcriptomic and proteomic data to explore 
regulatory mechanisms and identify potential biomark-
ers. DEGs from transcriptomic data were filtered using 
the threshold: q-value < 0.05 and FC > 2.0 (or FC < 0.5). 
DAPs from proteomic data were filtered according to 
user-uploaded criteria, with a visualization threshold 
of p-value < 0.05 and FC > 2.0 (or FC < 0.5). Correlation 
analysis was conducted on genome-wide features using 
expression matrices. Significantly correlated pairs were 
selected for further visualization. Functional interpreta-
tion of concomitant DEGs and DAPs was supported by 
Gene Ontology (GO) and KEGG pathway enrichment 
analyses, alongside GSEA to reveal coordinated regula-
tion at both transcriptional and translational levels.

Statistical analysis
Prior to statistical analyses, data distribution normality 
was assessed using Shapiro-Wilk testing. Based on these 
results, differential expression in FH vs. FL and LH vs. 
LL cohorts was evaluated by Student’s t-test. All com-
putations were performed in IBM SPSS Statistics (v25.0) 
with data visualization implemented in GraphPad Prism 
(v9.3.1). Spearman rank correlation analysis examined 
transcriptome-proteome relationships in uterus tis-
sues. Experiments employed ≥ 3 biological replicates, 
with data presented as mean ± SEM. Significance thresh-
olds followed standard conventions: *P < 0.05, **P < 0.01, 
***P < 0.001.

Results
Overview of quantitative proteomics analysis of goat 
uterus
Proteome sequencing showed that the median intra-
group coefficient of variation (CV) for the four quality 
control (QC) replicates was approximately 20% (Fig. 1A). 
Pearson correlation analysis at the protein level indicated 
high reproducibility among the five QC replicates, with 
a correlation coefficient of approximately 0.9 (Fig.  1B). 
Principal component analysis (PCA) demonstrated clear 
separation among the four experimental groups and 
QC samples, with good clustering of samples within the 
same stage (Fig.  1C). DIA-based quality control results 
are provided in Supplementary Figure S1. The false dis-
covery rate (FDR) method was used for multiple testing 
correction, with a q-value threshold of 0.01 (equivalent to 
FDR < 0.01). The C-score was 1.012 with a q-value < 0.01, 
indicating high confidence in protein identification 
(Fig.  1D). Furthermore, protein expression abundance 
was consistent across the five biological replicates within 
each group (Fig. 1E), confirming the high reproducibility 
of the DIA-MS data.

In this study, each sample was quantified, and we 
selected proteins at constant levels found in more than 
50% of samples for follow-up statistics (Fig.  1F, Supple-
mentary Data1). In total, 70,924 peptides and 7,707 pro-
teins were quantified in the data-dependent acquisition 
(DDA) spectral library (Fig. 1G). Subsequent analysis of 
DIA data using the DDA library via Spectronaut Pulsar 
X led to the quantification of approximately 72,262 pep-
tides and 4,920 proteins (Fig. 1G, Supplementary Data1). 
A heatmap of all DIA-identified proteins is shown in 
Supplementary Figure S1D. Among these, 4,128 proteins 
were common to all four groups (Fig. 1H).

Uterus protein co-expression network analysis identifies 
module-trait relationships and hub proteins of fecundity
In total, 4455 proteins were screened from the 4920 to 
reveal the expression patterns of proteins inside vari-
ous WGCNA modules following the determination of a 
soft threshold at R2 = 0.9 (Supplementary Data S2). Sub-
sequently, average linkage hierarchical clustering identi-
fied 34 modules across the four groups, as visualized in 
Fig.  2A (Supplementary Data S2). The co-expression 
heatmap further demonstrated that proteins within the 
same module exhibit strong biological coherence (Fig. 
S2A, Supplementary Data S2). To assess the significance 

(See figure on previous page.)
Fig. 1  Overview of quality control and quantitative proteomics. A Distribution of the CV across QC replicates. B Pearson correlation analysis among 
QC samples. A correlation coefficient closer to 1 indicates higher experimental stability. C Three-dimensional PCA of quantified proteins across all QC 
samples. D FDR analysis of protein identification. A 1% q-value threshold (equivalent to FDR ≤ 0.01) was applied. Decoy matches (anti-library) are shown 
in red; target matches (positive library) are in gray. The C-score reflects protein confidence, with higher values at 1% q-value indicating more reliable 
identifications. E Distribution of quantitative protein intensities across all experimental and QC samples. F Peptide and protein identification counts per 
sample. The dashed line indicates 50% of the maximum number of identifications. G Comparison of peptide and protein counts obtained using DDA and 
data-independent acquisition (DIA) strategies. H Venn diagram illustrating protein overlap among experimental groups
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Fig. 2  Protein co-expression network analysis of the uterus proteome identified modules associated with high fecundity. A Module colors represent the 
final modules. Each branch in the hierarchical tree or each vertical line in the color bars represents one protein. B Eigengene expression pattern of the 
lightcyan module. C A scatterplot of proteins significance for high fecundity in the luteal phase (LH) vs. module membership in the lightcyan module. D 
The co-expressed protein network of the lightcyan module. E GO analysis of lightcyan module proteins. The vertical coordinate indicates the GO Level 
2 annotation information, including Biological Process, Molecular Function, and Cellular Component; the horizontal coordinate indicates the number of 
DAPs under each functional category. F KEGG enrichment analysis of lightcyan module proteins
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of the modules with prolificacy traits, we correlated the 
modules with fecundity hall-marks of goats in the differ-
ent estrus cycles (Fig. S2B, Supplementary Data S2). In 
the follicular phase, the darkgreen module (52 proteins, 
cor = − 0.64, and p = 0.002) negatively correlated with the 
trait of high fecundity (FH); midnightblue modules (70 
proteins, respectively; cor = 0.55, and p = 0.01) showed the 
highest correlation with low fecundity (FL). In the luteal 
phase, the lightcyan module (64 proteins, cor = 0.72, and 
p < 0.001) and steel-blue module (38 proteins, cor = 0.53, 
and p = 0.02) showed the strongest correlation with the 
trait of high (LH) and low (LL) fecundity, respectively. 
These modules suggest that the proteins in the modules 
were significantly associated with the corresponding trait. 
Of note, the lightcyan module had a significantly posi-
tive correlation with the high-fecundity trait in the luteal 
phase and was selected for further analysis (p < 0.05) 
(Fig. 2B, Supplementary Fig. S2B). The scatter plot dem-
onstrated that the significance and module membership 
of the correlated proteins in the lightcyan modules were 
significantly associated with LH, as shown in Fig. 2C. We 
built a protein-protein interaction (PPI) network using 
Cytoscape software (V.3.9.0) for the lightcyan module 
with several hub proteins with the most connectivity 
(Fig.  2D, Supplementary Data S2). Several top hub pro-
teins in this module play indispensable roles in cellular 
metabolism, epigenetic regulation, protein synthesis 
and trafficking, and maintenance of DNA repair protein 
homeostasis, including IDH2, PSAT1, MDH1, UBQLN1, 
RPLP1, SEC23B, RAD23B, PSPH, and MTHFD2.

In addition, the gene ontology (GO) databases were 
used to analyze the functional of lightcyan module 
proteins based on three categories, including biologi-
cal process (GO BP), cellular component (GO CC), and 
molecular function (GO MF) (Fig.  2E, Supplementary 
Data S3). In the GO BP category, the most prevalent 
functions were cellular processes, metabolic processes, 
and biological regulation. Growth and reproduction were 
less prominent. In the GO MF category, binding and cat-
alytic activity were the most abundant groups. The GO 
CC categories were dominated by proteins associated 
with cell, cell parts, organelle, and membrane. SGPL1, 
SLC37A4, TMEM65, CNTNAP1, MGP, ANXA3, ACP5, 
NDRG4, CARMIL1 were enriched in the reproductive 
process, reproduction, biological regulation, and devel-
opment process, which may be significantly associated 
with the fecundity of the goat. In the KEGG enrichment 
analysis, the Folate biosynthesis pathway was the most 
significantly enriched (Fig.  2F, Supplementary Data S3), 
and MOCOS, MOCS1 and PCBD1 participated in this 
pathway.

Identification of differentially abundant proteins
A total of 4296 and 4279 proteins were identified in the 
FH vs. FL and LH vs. LL comparisons, respectively, while 
125 and 183 DAPs were identified in each comparison 
group. In the FH vs. FL comparison group, 77 of these 
DAPs showed upregulation, 48 showed downregula-
tion (Fig.  3A, Supplementary Data S1), and 99 showed 
upregulation; 84 showed down-regulation in the LH 
vs. LL comparison group (Fig.  3B). DAPs were further 
selected to build a heatmap (Fig. 3C, D), which revealed 
the expression patterns in the follicular and luteal phases 
of goat uterus. Moreover, the similarity of data pat-
terns within each group is high, while it is low between 
groups, which effectively differentiates the groups. Pro-
tein expression changes categorized by fold-change (FC). 
Follicular phase (FH vs. FL): 76 upregulated (FC 1.5–10), 
1 extremely upregulated (FC > 10), 47 downregulated (FC 
0.1–0.667). Luteal phase (LH vs. LL): 93 upregulated, 6 
extremely upregulated, 80 downregulated, 4 extremely 
downregulated (FC < 0.1) (Fig.  4A). These results sug-
gested that the follicular phase of the uterus and luteal 
phase have different protein profiles in response to the 
prolificacy trait of goats.

Bioinformatic analysis of DAPs
The subcellular localization, domain enrichment, 
GO annotation, and Kyoto encyclopedia of genes and 
genomes (KEGG) enrichment analysis were used to 
understand the functions of the DAPs. We performed 
subcellular fractionation analyses, which revealed that 
125 and 183 DAPs were classified into six subcellular 
localization categories in the FH vs. FL and LH vs. LL 
groups, respectively. In the FH vs. FL comparison groups, 
a total of 57 DAPs were localized to the nuclear (45.6%), 
followed by the cytoplasmic (41.6%). Regarding the LH 
vs. LL comparison, the subcellular localizations were like 
those in the FH vs. FL comparison of DAPs (Fig. 4B, C). 
Domain enrichment revealed that DAPs between FH 
and FL mainly included the Acyltransferase, Guanylate 
kinase, and some other domains (p < 0.01) Meanwhile, 
the most enriched domains in the LH vs. LL were the C2 
domain, Ubiquitin family (p < 0.01), etc. (Fig. 4D, E). GO 
enrichment analysis of all DAPs revealed that they were 
mostly localized in the cell part, and a large number of 
DAPs were mainly involved in molecular function with 
binding ability, catalytic activity, and molecular function 
regulator (Supplementary Data S3). Among the anno-
tated terms of the FH vs. FL comparison group (Fig. 5A), 
in the group within the GO BP category, a few DAPs 
were localized to biological adhesion, behavior, loco-
motion, and cell aggregation, while many DAPs were 
assigned to respond to the negative regulation of biologi-
cal processes.
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Fig. 3 (See legend on next page.)
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At the GO CC category level, 16 major processes were 
discovered from the DAPs, including the cell part, cell, 
and organelle. Binding, catalytic activity, and molecular 
function regulators were predominant in GO MF. Mean-
while, the main enriched GO categories in the case of LH 
vs. LL (Fig. 5B) were essentially the same as in the FH vs. 
FL comparison groups. Noticeably, transmembrane pro-
tein 119 (TMEM119) was enriched in the BP category of 
the reproductive process (GO:0022414), reproduction 
(GO:0000003), developmental process (GO:0032502) and 
cell proliferation (GO:0008283) similar to the LH vs. LL 
comparison groups. As for the KEGG pathway analysis in 
the FH vs. FL, DAPs were enriched in ribosome biogen-
esis in eukaryotes, endocytosis, wnt signaling pathway, 
and thermogenesis (p < 0.01) (Fig.  5C, Supplementary 
Data S3). In terms of LH vs. LL comparison, the pathways 
with the highest number of DAPs were the endocytosis, 
lysosome, and RNA transport (Fig.  5D, Supplementary 
Data S3). As noted above, the GO categories and KEGG 
pathways provided further clues to the molecular mecha-
nisms of the uterus underlying goat prolificacy.

PPI network analysis for goat prolificacy trait
In the FH vs. FL comparison, an interaction network was 
constructed (Fig.  6A, Supplementary Data S3), where 
proteins centrally located (hubs) exhibited stronger 
connectivity than those at the periphery. Significantly 
enriched interactions were observed among 47 DAPs, 
with SIL1, APMAP, INTS11, IFI35, DNAJC10, NAPG, 
CGNL1, PUDP, MRE11, EFL1, and ASMTL identified as 
hub proteins within this network. Meanwhile, the LH vs. 
LL comparison revealed an interaction network compris-
ing 90 DAPs. Hub proteins central to the distinct clusters 
of this network included ALDH18A1, POLR1B, BYSL, 
SYMPK, ITSN1, TSR1, NAT10, HTT, CSTF3, and PSPH 
(Fig.  6B, Supplementary Data S3). Furthermore, box 
plots illustrating the expression levels of key differentially 
abundant proteins (Fig. 6C-F).

Combined analysis of proteome and transcriptome (DAPs/
DEGs) responding to prolificacy trait of Yunshang Black 
goat in uterus
Comparing the two phases, our transcriptomics and pro-
teomics results showed that many more transcripts could 
be identified than proteins in the uterus. In total, 61,446 
and 62,158 genes were detected from an RNA-seq analy-
sis in goat uterus in the follicular and luteal phases after 
stringent quality checks and data analysis, respectively, 

whereas the number of detected proteins was 4240 and 
4226. An integrated analysis of proteomic and transcrip-
tomic pro-filing screened 3,703 and 3,695 genes overlap-
ping in the mRNA and protein levels in the two phases, 
respectively (Fig.  7A, B, Supplementary Data S4). Com-
paring the FH group with the FL group revealed 1758 dif-
ferentially expressed genes (DEGs; 949 upregulated/809 
downregulated), and 125 DAPs (77 upregulated/48 
downregulated) were identified. In LH vs. LL comparison 
groups, 3072 DEGs (1172 upregulated/1900 downregu-
lated) and 183 DAPs (99 upregulated/84 downregulated) 
were identified (Fig. 7A, B).

In the FH vs. FL comparison, GSEA of proteomic and 
transcriptomic data revealed significant enrichment in 
pathways such as the relaxin signaling pathway and ter-
penoid backbone biosynthesis (Fig.  7C, Supplementary 
Data S4). Notably, the relaxin signaling pathway showed 
opposing enrichment directions between the two omics 
layers, while the terpenoid backbone biosynthesis path-
way exhibited consistent enrichment but with markedly 
different magnitudes (Fig.  7D, Supplementary Data S4). 
These results suggest potential post-transcriptional regu-
latory mechanisms underlying the observed discordance. 
In the LH vs. LL comparison, GSEA identified significant 
enrichment in pathways including but not limited to ste-
roid hormone biosynthesis and hedgehog signaling path-
way (Fig.  7E, Supplementary Data S4). Further analysis 
revealed that the hedgehog signaling pathway showed 
discordant enrichment between transcriptomic and 
proteomic profiles, while the steroid hormone biosyn-
thesis pathway was consistently enriched but to differ-
ing degrees (Fig. 7F, Supplementary Data S4). Additional 
pathways including riboflavin metabolism, proteasome, 
and complement and coagulation cascades were also sig-
nificantly enriched.

Discussion
Mammalian reproduction is a highly complex process 
that depends on precise molecular coordination across 
multiple reproductive organs. This study employed a 
DIA-based proteomic approach integrated with bioinfor-
matics to investigate key molecular mechanisms under-
lying the high fecundity of Yunshang Black goat uteri 
during the estrous cycle. We established a comprehen-
sive proteomic profile of the goat uterus and identified 
DAPs across different stages of the estrous cycle. These 
DAPs are closely associated with critical physiological 
functions, including cell adhesion processes essential 

(See figure on previous page.)
Fig. 3  Screening and cluster analysis of DAPs. A, B Volcano plot of DAPs in the two comparison groups of FH vs. FL (A) and LH vs. LL (B). The X-axis rep-
resents the fold change in protein expression of different comparison groups. The Y axis represents the statistical significance of proteins. The blue dots 
represent the proteins that were not significantly downregulated, the red dots represent proteins that were significantly upregulated, and the gray dots 
represent proteins that were not significantly different. C, D Hierarchical clustering heatmaps of DAPs in FH vs. FL (C) and LH vs. LL (D). Rows correspond 
to DAPs, and columns represent samples. Red indicates upregulation, blue indicates downregulation, and gray represents missing quantitative values
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for endometrial receptivity and molecular signaling net-
works that support embryo implantation and develop-
ment. Furthermore, through integrated proteomic and 
transcriptomic analysis, we revealed highly coordinated 
and stage-specific molecular reprogramming in the goat 
uterus during the estrous cycle.

WGCNA is a powerful tool for identifying key biologi-
cal pathways from proteomic data. This approach groups 
proteins into functional modules based on expression 
patterns without relying on pre-defined significance 
thresholds or database completeness. A major advantage 
of WGCNA is its ability to reveal functional networks 
independent of existing annotation quality, making it 
particularly suitable for exploring novel protein interac-
tions and cellular responses to environmental changes 
[16]. In the luteal-phase uterus of high-fecundity goats, 
elevated expression of genes such as IDH2, PSAT1, 
MDH1, UBQLN1, RPLP1, SEC23B, RAD23B, PSPH, and 
MTHFD2, identified from the WGCNA module associ-
ated with high fecundity, may contribute to reproductive 

efficiency through multiple molecular pathways. IDH2, a 
key enzyme in the tricarboxylic acid (TCA) cycle, cata-
lyzes the conversion of isocitrate to α-ketoglutarate 
(α-KG) while reducing NADPH, which supports lipid 
synthesis and antioxidant responses—critical for main-
taining cellular homeostasis and embryonic development 
[17, 18]. PSAT1, involved in serine synthesis, enhances 
one-carbon metabolism and nucleotide synthesis, sup-
porting rapid cell proliferation and offering antioxidant 
protection via glutathione synthesis [19, 20]. MDH1, 
another TCA cycle enzyme, improves mitochondrial 
energy metabolism, thereby boosting energy supply for 
embryonic growth [21, 22]. UBQLN1 contributes to 
protein quality control and autophagy, ensuring a stable 
uterine environment [23, 24]. RPLP1 enhances transla-
tional capacity, supporting embryonic cell proliferation 
[25]. SEC23B optimizes protein trafficking and secre-
tion of essential growth factors [26]. RAD23B promotes 
DNA damage repair, safeguarding embryonic genome 
integrity [27]. MTHFD2 drives one-carbon metabolism, 

Fig. 4  Functional annotation analysis of DAPs. A Statistical summary of DAPs identified in the uterine tissues during follicular and luteal phases. B Sub-
cellular localization of DAPs in uterine tissue during the follicular phase. C Subcellular localization of DAPs in uterine tissue during the luteal phase. D, E 
Domain enrichment analysis of DAPs in the FH vs. FL (D) and LH vs. LL (E) comparison groups
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facilitating nucleotide synthesis and supporting rapid 
embryonic development [28]. Collectively, these genes 
may enhance energy metabolism, protein synthesis, DNA 
repair, antioxidant responses, and one-carbon metabo-
lism, thereby creating a favorable intrauterine environ-
ment that improves reproductive efficiency.

In this proteomic analysis of uterine tissues from goats, 
we identified 125 and 183 DAPs during the follicular 
and luteal phases of the estrous cycle, respectively, rep-
resenting differential protein abundance between the 
uterine tissues of high- and low-fecundity goats analyzed 

separately at each stage. The expression dynamics of 
these proteins may play important regulatory roles in the 
high reproductive performance of goats (Capra hircus). 
Functional annotation and enrichment analysis of the 
DAPs revealed significant enrichment in two key bio-
logical categories: “biological adhesion” and “transporter 
activity”, both of which were markedly upregulated in the 
uterine tissues of highly prolific goats. Proteins involved 
in biological adhesion enhance the availability of matrix-
derived factors—such as hepatocyte growth factor, fibro-
blast growth factor 7, insulin-like growth factors (IGF1 

Fig. 5  Gene Ontology (GO) and KEGG pathway enrichment analysis of DAPs in the uterus. A, B GO functional annotation of DAPs in the FH vs. FL (A) and 
LH vs. LL (B) comparison groups. C, D KEGG pathway classification of DAPs in the FH vs. FL (C) and LH vs. LL (D) comparison groups
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and IGF2)—as well as serum-derived factors including 
glucose, insulin, and essential amino acids within the 
uterine lumen [29]. Indeed, many proteins present in the 
uterine lumen are not directly synthesized by the endo-
metrial epithelium or the conceptus. Establishing and 
maintaining a uterine luminal microenvironment capable 
of supporting pregnancy requires epithelial cells to act as 
selective transporters or barriers. Junctional complexes 
within epithelial cells help maintain this unique micro-
environment by regulating the passage of water, ions, 
and other small molecules; coordinating the localization 
of various transporters to sustain appropriate molecu-
lar gradients; and modulating cell shape and polarity to 
facilitate intercellular communication and functionality 
[30]. In summary, the coordinated upregulation of bio-
logical adhesion and transporter activity may represent a 
key mechanism through which the goat uterus supports 
high fertility. These processes enhance uterine tissue 

remodeling, improve nutrient exchange, and optimize 
the embryonic implantation environment, thereby signif-
icantly increasing the likelihood of successful pregnancy 
establishment and maintenance.

During the follicular phase, the expression levels of 
PKP4, COL4A1, LPCAT4, and ARRB1 were significantly 
up-regulated in the high-fertility (FH) group compared to 
the low-fertility (FL) group. During the follicular phase, 
these differentially expressed proteins may be associ-
ated with sperm selection, early embryonic develop-
ment, and regulation of the uterine environment. Among 
these, PKP4 (Plakophilin 4) —a key regulator of inter-
cellular junctions involved in cell adhesion and mecha-
notransduction—may enhance endometrial mechanical 
integrity and improve intercellular communication, 
thereby supporting sperm–uterine interactions and early 
embryonic development in high-prolificacy goats [31]. 
COL4A1 (Collagen Type IV Alpha 1 Chain), a major 

Fig. 6  PPI network of hub DAPs. A, B PPI analysis of the DAPs was conducted based on the STRING database (https://www.string-db.org/, ​a​c​c​e​s​s​e​d on 1 
August 2025) in FH vs. FL (A) and LH vs. LL (B) comparison groups; we selected a confidence score of > 0.4 to construct the PPI network; Nodes represent 
proteins, wiring denote the predicted functional associations. C-F Box plots of proteins USP10, PDK2, MAP2K5, and NAT10 are shown. * Presents significant 
difference at p < 0.05

 

https://www.string-db.org/
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Fig. 7 (See legend on next page.)
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component of the basement membrane, likely contrib-
utes to endometrial structural stability and angiogen-
esis. Its up-regulation in high-fertility goats may improve 
basement membrane integrity, promote vascularization, 
and enhance nutrient supply, thereby supporting early 
embryonic development and preparing the endometrium 
for subsequent implantation [32, 33]. LPCAT4 (Lyso-
phosphatidylcholine Acyltransferase 4), which partici-
pates in lipid metabolism and membrane synthesis, may 
optimize the endometrial environment for early embry-
onic development by modulating lipid composition, 
membrane fluidity, and signal transduction in high-pro-
lificacy goats [34]. ARRB1 (Arrestin Beta 1), a regulator 
of G protein-coupled receptors that modulates multiple 
signaling pathways, may improve hormonal responsive-
ness and promote cell proliferation in the endometrium, 
creating a favorable microenvironment for early embry-
onic development and subsequent implantation [35].

In contrast, several reproduction-related proteins, 
including MFAP2, SLC30A9, and LRP2, showed a down-
regulation trend. MFAP2 (microfibril-associated protein 
2) modulates the FAK–AKT signaling pathway, influenc-
ing cell proliferation and apoptosis. MFAP2 down-regu-
lation may impair uterine cellular functions and reduce 
reproductive efficiency [36]. SLC30A9 (zinc transporter 
9) is critical for zinc ion transport, which is essential for 
cellular signaling, gene expression, and immune regula-
tion. Reduced expression may disrupt zinc homeostasis, 
adversely affecting cell proliferation and differentiation 
within the uterus, ultimately impairing embryonic devel-
opment and placental function [37]. LRP2 (low-density 
lipoprotein receptor-related protein 2) is involved in 
nutrient uptake, signal transduction, and metabolic regu-
lation. LRP2 down-regulation may disturb uterine lipid 
metabolism and nutrient transport, compromising the 
energy supply required for embryonic development [38].

Notably, protein expression in the uterus during the 
luteal phase differs from that in the follicular phase. 
Proteins such as HSD11B2 (hydroxysteroid 11-beta 
dehydrogenase 2) and SMOC2 (secreted modu-
lar calcium-binding protein 2) may contribute to the 
establishment and maintenance of pregnancy by modu-
lating hormonal activity, remodeling the cellular micro-
environment, and optimizing energy metabolism, 
thereby collectively fostering a highly favorable uterine 
microenvironment. The Hsd11b2 enzyme converts corti-
sol to its inactive form, cortisone, thereby regulating local 
glucocorticoid levels [39]. Given that glucocorticoids are 

known to modulate progesterone, high HSD11B2 expres-
sion may consequently influence progesterone levels to 
help create a uterine environment favorable for embryo 
survival and development [40]. SMOC2, a recently char-
acterized non-structural component of the extracellu-
lar matrix (ECM), is highly upregulated during tissue 
remodeling [41]. Elevated expression of SMOC2 likely 
suggests that the uterus of high-prolificacy goats under-
goes more active and efficient tissue reconstruction and 
vascularization. We further focused on proteins related 
to embryonic development during the luteal phase. 
Among the down-regulated proteins, SERPINA5, CDK9, 
and HDAC7 were highlighted. SERPINA5, a serine pro-
tease inhibitor, plays important roles in coagulation, 
inflammation, and fibrinolysis. Its down-regulation in 
high-prolificacy goats may promote an anticoagulant and 
anti-inflammatory uterine microenvironment, thereby 
improving endometrial receptivity and supporting the 
attachment and development of multiple embryos [42]. 
CDK9, a key transcriptional kinase, regulates RNA poly-
merase II-mediated elongation of genes involved in cell 
cycle progression, differentiation, and stress responses. 
Reduced CDK9 expression may allow more precise 
temporal control of gene expression during endome-
trial remodeling during implantation, optimizing the 
uterus for multiple embryo implantations [43]. HDAC7, 
a histone deacetylase, acts as an epigenetic repressor 
and is involved in vascular development and immune 
regulation. HDAC7 down-regulation may relieve tran-
scriptional repression of genes critical for embryo 
implantation, thereby activating programs conducive to 
high prolificacy [44].

Proteomic analysis is a scientific discipline focused 
on protein expression, functions, and interactions [45]. 
As primary executors of cellular functions, proteins are 
central to understanding the complexity of biological sys-
tems and intracellular processes [46, 47]. Proteomics also 
aids in identifying proteins linked to phenotypic traits, 
revealing underlying molecular mechanisms and poten-
tial biomarkers. Advances in proteomics have driven 
improvements in mass spectrometry, bioinformatics, 
and data analysis, providing powerful tools for biologi-
cal research. Similarly, transcriptomics involves the com-
prehensive study of all transcripts (mainly mRNAs) in a 
specific cell or tissue under given conditions [48]. Using 
high-throughput sequencing technologies, it enables sys-
tematic analysis of gene expression levels, splice variants, 
non-coding RNAs, and other features, playing a crucial 

(See figure on previous page.)
Fig. 7  Combined analysis of uterine proteomics and transcriptomics. A, B Venn diagrams showing the overlap between identified proteins and genes 
in the follicular (A) and luteal (B) phases. C, E GSEA pathway enrichment scatter plots for the follicular (C) and luteal (E) phases. Gray dots represent path-
ways not significant in either omics dataset; blue indicates pathways significant in only one dataset; red denotes pathways significant in both datasets. 
D, F GSEA pathway enrichment bubble plots for the follicular (D) and luteal (F) phases. Bubble size corresponds to p-value magnitude, and bubble color 
reflects the distribution of NES values



Page 16 of 18Zou et al. BMC Genomics          (2026) 27:314 

role in understanding gene regulation, cellular states, and 
functional mechanisms. Transcriptomic data provide a 
gene-level blueprint for interpreting biological processes 
and are often integrated with proteomic data to eluci-
date the multi-level regulation from genes to functional 
outcomes.

A comparative analysis of uterine proteomic and tran-
scriptomic data across different reproductive stages 
revealed that the number of detected transcripts far 
exceeded that of proteins—a common phenomenon 
reflecting the frequent discordance or lag between tran-
scriptional and translational levels. In the present study, 
integrated transcriptomic and proteomic analyses of the 
goat uterus revealed distinct pathway enrichment pat-
terns between the follicular and luteal phases, suggesting 
phase-specific regulatory mechanisms. During the fol-
licular phase, significant enrichment was observed in the 
relaxin signaling pathway. In the uterus, relaxin promotes 
tissue remodeling, extracellular matrix degradation, and 
angiogenesis, which may facilitate preparatory changes 
for potential embryo implantation [49, 50]. Concur-
rent enrichment in the terpenoid backbone biosynthesis 
pathway may suggests active synthesis of cholesterol and 
steroid hormone precursors, which could support the 
high metabolic demands and steroid-mediated signaling 
within the uterine environment during this stage [51].

It should be noted that the current analysis, integrat-
ing proteomic and transcriptomic data, remains at a 
descriptive bioinformatic level. While we have identified 
differentially expressed genes and proteins hypothesized 
to be associated with target traits, these findings should 
be interpreted with caution. Conclusive evidence regard-
ing their specific biological roles is pending experimental 
validation. Further functional studies, including Western 
blot and qPCR, are required to characterize the key can-
didate genes and verify their functions.

Conclusion
In this study, we conducted an integrated DIA proteomic 
and transcriptomic analysis of uterine tissues from Yun-
shang black goats during the follicular and luteal phases 
of the estrous cycle. We identified key protein co-expres-
sion modules and hub proteins—such as IDH2, PSAT1, 
MDH1, and others—that are potentially closely associ-
ated with high fecundity. Functional enrichment analyses 
revealed that biological adhesion and transporter activity 
are likely critical processes supporting uterine receptiv-
ity and embryonic development. Moreover, stage-specific 
pathway activations, including the relaxin signaling path-
way during the follicular phase and terpenoid backbone 
biosynthesis during the luteal phase, may underscore the 
dynamic molecular reprogramming of the uterus. These 
findings provide novel insights into the proteomic and 
transcriptomic basis of uterine prolificacy in goats and 

offer valuable resources for future molecular breeding 
strategies aimed at enhancing reproductive efficiency in 
livestock. It should be noted that the current conclusions, 
derived from bioinformatic analyses, require further 
validation through functional experiments to definitively 
establish the roles of the identified candidates.
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