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Exploring the toxicological mechanisms
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to nonesterified fatty acids on the basis
of network toxicology, transcriptomics
and molecular docking
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Abstract

High concentrations of nonesterified fatty acids (NEFAs) are normal metabolites of high-producing dairy cows in a
state of negative energy balance (NEB), but they are thought to be strongly associated with reproductive disorders
in dairy cows, which may contribute to reduced fertility in cows (RFC). There are few studies on the independent
toxic effects of NEFA-mediated RFC. This study aimed to investigate the toxicological effects of NEFA-mediated

RFC systematically via network toxicology, transcriptomics, and molecular docking techniques. A total of 403
potential targets of NEFA-mediated RFC toxicity were screened by comprehensively analyzing the GeneCards, OMIM,
ChEMBL and Swiss Target Prediction databases. Further analysis via the GEO (GSE165476 dataset), STRING databases
and Cytoscape software yielded eight hub targets, including MMP2, MAPK1, PRKACA and PRKCB. Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses revealed that these
targets were involved in pathways related to metabolism, endocrine processes, cell death, and signal transduction,
such as the AGE-RAGE signaling pathway in diabetic complications, the GnRH signaling pathway, and the MAPK
signaling pathway. Molecular docking further confirmed the potential interactions between NEFAs and these

hub targets. This study revealed that NEFAs may exacerbate the occurrence of RFC by interfering with endocrine
regulation, inducing inflammatory responses, affecting angiogenesis and tissue remodeling, regulating apoptosis,
and disrupting metabolic balance. The results of this study provide novel molecular insights into the mechanism of
NEFA-mediated RFC toxicity and provide a scientific basis for emphasizing the importance of metabolite toxicity in
dairy farming health management.
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Introduction

A decrease in reproductive performance is the main rea-
son for the premature culling of dairy cows worldwide,
leading to reduced milk yield, fewer calves, and substan-
tial economic losses. Losses of 70-220 dollars per cow
per year have been reported in the United States when
the calving-to-conception interval is 130-160 days [1].
Transitional cows reduce their dry matter intake (DMI)
prior to calving, require more energy for milk production
than they consume, and generally enter a state of NEB—a
condition often exacerbated by deficiencies in vitamins
A and E [2]. In response to these conditions, cows mobi-
lize substantial amounts of lipids, which are broken down
to generate large quantities of NEFAs; these then diffuse
into the bloodstream to supply energy for the entire body.
However, high levels of NEFAs can cause anorexia in
cows, which may exacerbate NEB deterioration and pro-
mote lipid metabolism and NEFA loading [3, 4].

NEFA is a collective term for a class of compounds,
among which the most abundant fatty acids are oleic acid
(OA; C18:1), palmitic acid (PA; C16:0) and stearic acid
(SA; C18:0) [5]. Currently, numerous studies have shown
that excess NEFAs are strongly associated with repro-
ductive disorders and thus may lead to RFC. Ribeiro et
al. demonstrated that NEFA concentrations in the first 10
days post-partum in dairy cows are strongly negatively
correlated with the development of uterine diseases [6].
Kaneene et al. reported that elevated NEFA concentra-
tions increase the risk of metritis and placenta retention
[7]. Macmillan et al. demonstrated that higher serum
NEFA concentrations in early postpartum cows were
associated with lower fertility [8]. Therefore, high con-
centrations of NEFAs are not only energy-related indi-
cators of massive lipid mobilization but also potential
metabolic toxicants.

Despite growing evidence linking NEFAs to reproduc-
tive dysfunction, most studies have focused on isolated
outcomes rather than exploring the broader molecular
mechanisms. Previous studies have focused mostly on
the impact of NEFAs on single indicators such as the
conception rate in dairy cows [6, 9, 10]. Although some
studies have demonstrated the toxic effects of high con-
centrations of NEFAs on oocytes [11, 12], the specific
and systematic molecular mechanisms of toxicity are not
clear. In addition, NEB status in cows is accompanied by
multiple hormonal and metabolic changes, making it dif-
ficult to accurately isolate the independent toxic effects
of NEFAs and their interaction networks in this complex
context.

Network toxicology integrates the principles of net-
work pharmacology and systems biology and involves
constructing a network of compounds, toxins and tar-
gets with the help of bioinformatics, big data analysis
and multiomics technology to reveal complex biological
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mechanisms [13]. Transcriptomics can directly reveal
differential expression profiles at the genome-wide level
in tissues exposed to compounds, thereby identifying
key differentially expressed genes (DEGs) and functional
modules. Molecular docking computationally simulates
the binding capacity of targets and compounds, validat-
ing their direct interaction and providing molecular-level
evidence to support predictive results from network
toxicology and transcriptomics [14]. Together, these
approaches offer a comprehensive and efficient strat-
egy to elucidate the molecular mechanisms underlying
NEFA-induced reproductive toxicity.

This study aims to systematically investigate the poten-
tial molecular toxicity mechanisms of NEFA-mediated
REC through network toxicology, transcriptomics, and
molecular docking to provide new toxicological insights
for understanding the effects of NEFAs on RFC. The
detailed experimental procedure is shown in Fig. 1.

Materials and methods

Prediction of NEFA toxicity

We retrieved the molecular information and simplified
molecular input line entry system (SMILES) represen-
tations of high-NEFA (PA, SA, and OA) from the Pub-
Chem  database  (https://pubchem.ncbi.nlm.nih.gov).
Toxicity predictions for these NEFAs were subsequently
conducted using their SMILES representations as inputs
via the ProTox3 (https://tox.charite.de) and ADMETIab
3.0 (https://admetlab3.scbdd.com) platforms. Given the
critical role of peroxisome proliferator-activated recep-
tor y (PPARYy) in both lipid metabolism and reproductive
regulation [15], the evaluation criterion was established
as follows: a compound was deemed toxic if PPARy acti-
vation was predicted by at least one platform.

Identification of NEFA target genes

We used the ChEMBL (https://www.ebi.ac.uk/chembl
/), Swiss Target Prediction (http://www.swisstargetpred
iction.ch/), OMIM (https://omim.org/), and GeneCards
(https://www.genecards.org/) databases to identify
potential targets of NEFAs on the basis of their chemical
names or SMILES. The thresholds described in the previ-
ous study were referenced and slightly modified [16]; tar-
gets with a probability score > 0.1 were selected from the
Swiss Target Prediction; the top 5% of the targets were
selected from the OMIM; and the top 15% of the targets
by score were selected from the GeneCards. To improve
the accuracy of the targets and species, after integrating
the targets obtained from the 4 databases and removing
duplicates, we used the UniProt database (https://ww
w.uniprot.org/) to calibrate the targets, with the species
selected as “Bos taurus’.


https://pubchem.ncbi.nlm.nih.gov
https://tox.charite.de
https://admetlab3.scbdd.com
https://www.ebi.ac.uk/chembl/
https://www.ebi.ac.uk/chembl/
http://www.swisstargetprediction.ch/
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https://www.genecards.org/
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Fig. 1 Overview of study design

Identification of RFC target genes

To include as many RFC-related targets as possible, the
keywords “reduced fertility of females” or “reduced
reproduction of females” were used to identify potential
targets in the GeneCards and OMIM databases. Among
these, the top 10% of the targets by score were selected

from the GeneCards, and the top 10% of the targets were
selected from the OMIM. After the targets obtained
from the 2 databases were integrated and duplicates were
removed, the targets were curated using the UniProt
database, restricted to the species “Bos taurus’.
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Cross-analysis of target sets

The obtained RFC target sets and NEFA target sets were
cross-analyzed via the Draw Venn Diagram online tool (
https://bioinformatics.psb.ugent.be/webtools/Venn/) to
explore overlapping genes, which were designated poten-
tial targets for subsequent analyses. The overlapping
genes were considered candidate targets for further net-
work and functional analysis. The statistical significance
of this overlap was confirmed via a hypergeometric test.

Screening of hub targets and construction of the protein-
protein interaction (PPI) network

The aforementioned potential targets were entered into
the STRING database (https://cn.stringdb.org/) to con
struct a PPI network, with the confidence threshold set
to the highest confidence (>0.9) and targets without con-
nections hidden to identify biologically significant PPIs,
thereby ensuring the validity of interactions in the net-
work. The PPI network was analyzed and visualized via
Cytoscape v3.10.2 software, with nodes representing
NEFA or RFC targets and edges representing interactions
between the target proteins. The PPI network modules
were subsequently clustered via the Molecular Complex
Detection (MCODE) plugin to identify gene clusters with
similar or identical biological functions; the MCODE
score is proportional to their importance in the entire
network. The parameters for MCODE analysis were
set as follows: degree cutoff=2, node score cutoff=0.2,
k-core=2, and maximum depth=100. The PPI network
was ranked according to the MCODE score values, with
larger circles and darker nodes representing higher
scores. In addition, five algorithms of the CytoHubba
plugin—maximum clique centrality (MCC), maximum
neighborhood component (MNC), degree, betweenness
centrality, and closeness centrality—were used to calcu-
late the overlapping genes among the top 15 genes, and
these overlapping genes served as hub genes.

Mining of hub genes via transcriptomics

Determination of the dataset

To further expand the scope of the hub genes, we used
the GEO database (https://www.ncbi.nlm.nih.gov/geo
/) and selected the dataset GSE165476, which contains
bovine ovarian tissues exposed to high concentrations of
NEFAs and control samples.

Tissue sample preparation for GSE165476: Ovarian
cortical strips were isolated from abattoir-sourced bovine
ovaries. The natural follicles were removed, and the
remaining cortical strips were randomly assigned to the
control tissue culture medium (CON) group or the high-
NEFA group (PA, SA and OA).
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Quality control and preprocessing of data

To ensure data reliability, we downloaded the raw data
of dataset GSE165476 (SRA Study: SRP303183) from
the SRA database (https://www.ncbi.nlm.nih.gov/sra)
and processed the data as follows: Quality control and
preprocessing of the raw data were performed via the
fastp v0.23.4 tool to remove low-quality sequences and
adapter contamination, with the first 12 bp of the reads
subsequently trimmed. The processed high-quality reads
were aligned to the reference genome (Bos taurus.ARS-
UCD2.0, release 114) via STAR v2.7.10b software to
determine gene expression. Next, the expression of each
gene in the samples was calculated via the featureCounts
v2.0.1 tool to generate an expression matrix. On average,
88.11% of the reads were mapped to the genome, with
an average of 82.73% uniquely mapped. Finally, principal
component analysis (PCA) was performed and visualized
via R software and the “ggplot2” package.

Screening of DEGs and hub targets

To identify DEGs, differential expression was assessed
using empirical Bayes moderation via the “limma” pack-
age in R software for statistical analysis. The count data
were normalized using the trimmed mean of M-values
(TMM) method. The p value was adjusted via the Ben-
jamini-Hochberg method, and the screening criteria
were set as |log, fold change| > 1 and p<0.05. A volcano
plot was generated via the “ggplot2” package in R soft-
ware to visualize the transcriptional differences between
the NEFA and control groups. A heatmap of the DEGs
was generated via the ChiPlot tool (https://www.chiplot
.online/) to visualize the expression profiles of the DEGs.
Finally, the DEGs were cross-analyzed with the two
aforementioned target sets, and the overlapping genes of
the three datasets served as our new hub genes.

GO and KEGG enrichment analyses

GO functional annotation and KEGG pathway enrich-
ment analyses were performed and visualized via the
“clusterProfiler’, “org.Bt.eg.db’;, and “ggplot2” packages in
R. The screening criterion was set as a false discovery rate
(FDR) <0.05 to explore the potential roles of biological
processes, molecular functions, cellular components and
signaling pathways associated with the potential targets.
In addition, to better explore the key mechanisms of local
network modules as well as hub targets in NEFA-induced
REC toxicity, we performed GO term enrichment analy-
sis for MCODE cluster 1, which had the highest modular
score, and KEGG enrichment analysis for the hub genes.
Finally, to further explore the pathways of NEFA-medi-
ated RFC, we performed cross-analysis of the KEGG
analysis results of the potential and aforementioned hub
targets.


https://bioinformatics.psb.ugent.be/webtools/Venn/
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Table 1 Molecular weight, SMILES structure and PPARy activation probability of NEFAs

Compound Molecular weights SMILES structures Probability (ADMETlab 3.0) Probability (ProTox3)
Palmitic acid 256.24 g/mol CCCCcccccccccccc=o0o0 0.852 Inactive
Stearic acid 284.27 g/mol CCCCCccccccecccccc=oo 0.845 Inactive
Oleic acid 282.26 g/mol CCCCCCCC/Cc=a\creeeccc=0)0 0.939 0.9
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Fig. 2 PCA and DEG analysis of the GSE165476 dataset. A PCA of the GSE165476 dataset. CON, control. B Volcano plot of the DEGs between the NEFA

and control groups (p value <0.05, |log, fold change| > 1)

Molecular docking

To validate the predicted interactions at the molecu-
lar level, we performed docking simulations between
NEFAs and hub proteins. The PDB files of the hub genes
were downloaded from the AlphaFold Protein Structure
Database (https://alphafold.com/), and the SDF files of
high-NEFA (PA, SA, and OA) chemical structures were
downloaded from the PubChem database. Molecular
docking analysis was performed via the CB-Dock2 plat-
form (https://cadd.labshare.cn/cb-dock2/index.php),
and the binding energy was used to assess the molecu-
lar docking interactions of the receptors and ligands. A
binding energy < — 5.0 kcal/mol is generally considered
to indicate stable binding. Finally, a heatmap of bind-
ing energy was generated via the ChiPlot tool, and the
molecular docking results (binding energy < — 5.0 kcal/
mol) were visualized via the CB-Dock2 platform [17].

Results

Assessment of NEFA toxicity

High-concentration NEFAs (PA, SA, and OA) all
passed the toxicity prediction assays via the ProTox3
and ADMETIlab 3.0 platforms with a high probability
(Table 1).

Identification of NEFA-related targets

A total of 1220 targets were obtained by comprehensive
analysis of the ChREMBL, Swiss Target Prediction, OMIM
and GeneCards databases, and with calibration in the

UniProt database, 526 potential NEFA-related targets
were ultimately obtained (Supplementary Table 1).

Identification of RFC-related targets

A total of 1933 targets were obtained by integrating the
results of the GeneCards and OMIM databases. After
calibration via the UniProt database, 816 potential RFC-
related targets were ultimately obtained (Supplementary
Table 2).

Results of screening the DEGs

PCA was used to assess the overall distribution and vari-
ability of gene expression data between the NEFA and
control groups. As shown in Fig. 2A, the first principal
component (PC1, 70.34%) and PC2 (15.89%) together
explained 86.23% of the total variance, indicating a good
principal component explanation rate. However, the
two samples did not show a clear cluster pattern in the
space constituted by these two principal components,
indicating that gene expression variability within groups
may exceed differences between NEFA and control
conditions.

We used a volcano plot to further validate the tran-
scriptional differences between the NEFA and control
groups. The volcano plot (Fig. 2B) revealed a total of 55
DEGs, which included 40 upregulated genes (red points;
Table 2) and 15 downregulated genes (blue points;
Table 3). In addition, a heatmap of the DEGs was gener-
ated to visualize the expression levels of these genes in
different samples. As shown in Fig. 3, the expression of


https://alphafold.com/
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Table 3 Transcription results of downregulated DEGs (p
value £0.05, log,(fold change) <—1)

Gene name Ensembl ID log,(fold change) p value Gene name Ensembl ID log,(fold change) p value

SDF2L1 ENSBTAG00000000067 1.46 1986792 TTI2 ENSBTAG00000015463 —3.03 498E7%

ATP10D ENSBTAGO0000000473 2.88 249E7%2 SORBS2 ENSBTAGO0000016486 —2.53 236E°%

GPNMB ENSBTAG00000000604 1.89 1226708 GRB14 ENSBTAG00000019291 —3.03 498E~%

ADAMTS5 ENSBTAG00000000648 159 6.23E7% TRIM7 ENSBTAG00000020954 —3.29 857E°%

LGALS3 ENSBTAG00000002326 2.12 1.156793 DUS4L ENSBTAG00000021849 —2.90 7.6567%

ADAMTSL4 ENSBTAG00000003604 267 408E"%2 ECSCR ENSBTAG00000030518 —3.29 501E°%

MYO5C ENSBTAGO0000003763 2.24 1.14E7% LOC112448304 ENSBTAG00000042475 —148 51667

DPAGTT ENSBTAG0O0000005371 2.72 2528792 NA ENSBTAG00000056594 —3.47 13570

SEMA3C ENSBTAG00000006138 2.53 130E7% NA ENSBTAG00000059357 —1.54 331E%

SUOX ENSBTAGO0000006160 2.75 331E7% NA ENSBTAG0O0000063983 —2.97 639~

MYO5A ENSBTAG00000006489 1.32 401E7% TLRT ENSBTAG00000064150 —2.96 5.156°%

SOD2 ENSBTAG00000006523 1.39 7.797% NA ENSBTAG00000067673 —3.52 13287%

LOC100139670 ENSBTAG0O0000007881 157 848E°% NA ENSBTAG00000069885 —2.17 15767%

SELTL ENSBTAG00000008083 134 1.04E792 NA ENSBTAG00000073706 —3.08 28567

SLC38A2 ENSBTAG00000011105 1.07 2.85E7%2 55_rRNA ENSBTAG00000076020 —3.24 1.52E7%

CKAP4 ENSBTAG00000011913 136 3.50E" % NA Not Applicable

CTSB ENSBTAG00000012442 1.03 3.50E7%

NFE2L1 ENSBTAGO0000013653 1.35 331E7%

SPCS3 ENSBTAG00000014146 1.55 25262 Supplementary Table 3), 4 of which were DEGs (Fig. 4B).
D9 ENSBTAG00000014764 2.15 1392 These DEGs were MMP2, CTSB, CTSK, and SOD2,
TMA4SF T ENSBTAG00000015163 1.8 28502 which were all upregulated in the high-concentration
BTBD2 ENSBTAG00000016108 291 2176°®2 NEFA group (Table 2). These overlapping genes were
FAM180A ENSBTAGO0000017427 325 23767% then used to construct a PPI network to identify hub
CHI3L1 ENSBTAG00000018223 165 1.09E % targets.

ANXAS8L1 ENSBTAG00000018499 298 983 %

S100A4 ENSBTAG00000019203 249 7.85E71° Results of screening the hub targets

MMP2 ENSBTAGO0000019267 1.18 1.5267%7 The PPI network of 403 potential targets was constructed
FBP2 ENSBTAG00000019554 2.81 1.81E7% via the STRING database and visualized with Cytoscape
DHRS7 ENSBTAG00000020729  2.30 252677 v3.10.2 software (Fig. 5). This network contains 259
CTsK ENSBTAGO0000021035 1.33 18687 nodes and 540 edges, with an average node degree of 3.16
BCAS4 ENSBTAG00000038929 3.13 2.80E7% and a PPI enrichment p value of <1.0e™°.

LOC112444563 ENSBTAG00000043222 1.88 431E7% A total of 12 gene clusters were obtained via the
NA ENSBTAG00000043582 1.76 2317 MCODE plugin (Supplementary Table 4). Through com-
crB ENSBTAG00000046158  2.34 2085 prehensive analysis of five algorithms (MCC, MNC,
ADAMTSLS ENSBTAGO0000046263  2.83 21777 degree, betweenness centrality, and closeness central-
MTTA ENSBTAGO0000054808  2.16 3318 ity) of the CytoHubba plugin, 4 hub genes (PRKACA,
NA ENSBTAGO0000057732 1.27 138" PRKCB, IL6, and MAPK1) were identified (Fig. 6A ~F).
NA ENSBTAG00000057824 2.72 331 E:?z These targets, together with the 4 aforementioned DEGs,
NA ENSBTAGO0000061247:1.35 2908 constitute the 8 hub targets identified in this study. To
HERPUD! ENSBTAG00000076584 141 1.0267%

NA Not Applicable

genes within the group was highly consistent, indicating
distinct expression profiles between the NEFA group and
the control group.

Cross-analysis results of the target sets and DEGs

The NEFA target library, RFC target library and 55 DEGs
were cross-analyzed via the Draw Venn Diagram online
tool, and a Venn diagram was generated to visualize the
results. There were 403 potential target genes overlap-
ping between the NEFA and RFC target sets (Fig. 4A;

our knowledge, these 8 hub targets play a vital role in
reproduction or metabolism. For example, MMP2 is a
key regulatory factor of the extracellular matrix (ECM),
MAPK]1 is involved in regulating cell proliferation and
apoptosis, PRKCB regulates cell proliferation, apopto-
sis, and metabolism, and PRKACA modulates oocyte
meiosis.

Results of the GO and KEGG enrichment analyses

The bubble plot (Fig. 7A) revealed the top 10 most
enriched GO terms for 403 potential targets. The lollipop
plot (Fig. 7B) revealed the top 30 most enriched KEGG
pathways for 403 potential targets. The Sankey—Lollipop
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Fig. 3 Heatmap of intragroup consistency analysis of the DEGs. The gene name is represented by an official symbol, and the gene without an official

symbol is replaced by an Ensembl ID

plot (Fig. 7C) revealed the 11 most significantly enriched
KEGG pathways for the 8 hub targets. All the above rank-
ings are sorted by ascending FDR values.

The GO enrichment analysis of 403 potential targets
revealed 229 biological process (BP), 24 cellular com-
ponent (CC) and 47 molecular function (MF) terms;
the KEGG enrichment analysis revealed 201 potential

pathways (Supplementary Table 5). GO enrichment
analysis (Fig. 7A; Supplementary Table 5) revealed that
BPs were involved mainly in metabolic regulation, physi-
ological homeostasis and other related pathways; CCs
were involved mainly in pathways related to membrane
signal transduction and neuronal function; and MFs were
involved mainly in biological processes such as enzyme
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RFC

Fig. 4 Cross-analysis of target sets. A Cross-analysis of the NEFA and RFC
target sets. B Cross-analysis of DEGs, NEFAs and RFC target sets

catalysis, molecular binding, and transport. KEGG
enrichment analysis (Fig. 7B; Supplementary Table 5)
revealed that the AGE-RAGE signaling pathway in dia-
betic complications, lipids and atherosclerosis, proteo-
glycans in cancer, and the HIF-1 signaling pathway were
the most significantly enriched pathways. These path-
ways can influence lipid metabolism, as well as germ cell
development, fertilization, or pregnancy. For example,
the AGE-RAGE signaling pathway in diabetic complica-
tions promotes lipid deposition and impairs germ cell
function, and the HIF-1 signaling pathway maintains
lipid metabolic homeostasis and regulates germ cell
maturation, suggesting their potential significance in
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the regulatory mechanism and development of NEFA-
induced RFC toxicity.

The GO enrichment analysis of MCODE cluster 1
(Table 4) is shown in Fig. 7D, and the genes of this mod-
ule were involved mainly in the biological process of the
steroid hormone signaling pathway, which includes key
processes: hormone signaling and cellular communica-
tion, kinase signaling hubs, hormone signaling percep-
tion, and activation and transcriptional regulation.

KEGG enrichment analysis of the hub genes (Fig. 7C)
revealed that the GnRH signaling pathway and the AGE-
RAGE signaling pathway in diabetic complications were
the most significantly enriched pathways associated with
the genes, indicating that reproductive hormones and
advanced glycation end products (AGEs) may play a vital
role in NEFA-induced RFC toxicity.

In addition, the KEGG pathways of the 403 potential
targets and 8 hub targets highly and significantly over-
lapped, underscoring the pivotal role of the 8 hub targets
among the 403 potential targets (Fig. 7E; Supplementary
Table 6).

Results of molecular Docking

The molecular docking results (Fig. 8 A) revealed that
the binding energies of MMP2, MAPK1, PRKACA and
PRKCB to NEFAs were all <-5.0 kcal/mol, suggesting
that these proteins can spontaneously bind to NEFAs and
indicate thermodynamically favorable and stable bind-
ing interactions. Further analysis revealed that NEFAs
formed hydrogen bonds with these four target proteins
(Fig. 8B~E), further emphasizing the strong binding
affinity between these targets and NEFAs. These find-
ings validate and underscore the critical role of these tar-
gets in the molecular mechanism of NEFA-induced RFC
toxicity.

Discussion
This study provides the first integrative toxicological
framework combining network toxicology, transcrip-
tomics, and molecular docking to elucidate the molecu-
lar mechanisms by which NEFAs contribute to reduced
fertility in dairy cows. Our findings indicate that NEFAs
can induce inflammatory responses, signaling pathway
dysregulation, and lipid metabolic imbalance via the
combined effects of multiple signaling pathways and
metabolic networks, ultimately impairing ovarian func-
tion and hormonal homeostasis. This study not only pro-
vides a novel toxicological perspective for understanding
the link between metabolic stress and reproductive dis-
orders but also lays a theoretical foundation for future
molecular intervention strategies to increase dairy cow
reproductive performance.

High circulating concentrations of NEFAs, although
normal metabolites of cows in the NEB state, are thought
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to be strongly associated with endocrine disorders,
immune dysfunction, and metabolic imbalances in dairy
cows, which contribute to the development of diseases
such as reproductive diseases, ketosis, gastric shift, and
fatty liver syndrome. Furthermore, the occurrence of
these diseases may in turn induce more severe endo-
crine, immune, and metabolic issues, thereby initiating a
vicious cycle [3, 4, 18]. For example, high concentrations
of NEFAs inhibit insulin secretion and downregulate
insulin-like growth factor-1 (IGF-1) synthesis, thereby
impairing follicular development and promoting cys-
tic follicle formation. This induces ovarian dysfunction,
leading to persistent estrogen deficiency. Since estrogen
normally inhibits the promoting effect of proliferator-
activated receptor a (PPAR«) in lipid metabolism, this
estrogen deficiency results in dysregulated lipid metabo-
lism—ultimately enhancing lipid mobilization and fur-
ther increasing NEFA levels [19-21]. Once the rate of
NEFA production exceeds that of PPARa-mediated fatty
acid breakdown, excess NEFAs may accumulate in the
form of triglycerides, thereby causing cellular damage
and diseases. In addition, high concentrations of NEFAs
attract monocytes to infiltrate endometrial tissue, which
promotes the release of inflammatory factors and induces
local inflammation of the endometrium. This inhib-
its DMI in dairy cows, leading to more severe NEB and
increased NEFA production [4, 19, 22, 23].

Several studies have demonstrated that exposure to
high concentrations of NEFAs is positively correlated

with the development of inflammation [7, 24, 25], sug-
gesting that inflammatory responses may serve as a key
pathway mediating NEFA-induced reproductive toxicity.
Our analysis revealed significant upregulation of genes
such as SOD2 and MMP2 under high NEFA exposure
(Table 2). These genes play core roles in oxidative stress
and inflammatory responses, particularly MMP2, which
is a common target for both NEFAs and RFC. MMP2 is
a member of the matrix metalloproteinase family, and its
main function is to participate in the remodeling and deg-
radation of the ECM [26]. The ECM is tightly regulated
by proteins such as MMP2, and disruption of this regula-
tory balance may lead to abnormal embryonic implanta-
tion or infertility [27]. Previous studies have shown that
the mRNA and protein levels of MMP2 are significantly
increased in a bovine endometritis model induced by
Escherichia coli and Staphylococcus aureus [28]. There-
fore, high concentrations of NEFAs may induce the dys-
regulation of genes such as MMP2 and SOD?2, increase
oxidative stress and local inflammation, and ultimately
contribute to reproductive toxicity in dairy cows.

In addition, the AGE-RAGE signaling pathway in dia-
betic complications, which was the most significantly
enriched pathway in the KEGG enrichment analysis of
potential targets and hub targets. The identification of the
AGE-RAGE signaling pathway as a central mechanism
in NEFA-induced RFC is particularly novel, suggesting
a previously underappreciated link between metabolic
stress and reproductive inflammation. AGEs may be key
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Fig. 6 The top 15 targets and cross-analysis of the PPI network via the MCC, MNC, degree, betweenness centrality and closeness centrality algorithms.
AThe top 15 targets of the PPl network via the MCC algorithm. B The top 15 targets of the PPI network via the MNC algorithm. C The top 15 targets of the
PPI network via the degree algorithm. D The top 15 targets of the PPI network via the betweenness centrality algorithm. E The top 15 targets of the PPI
network via the closeness centrality algorithm. F Cross-analysis of the top 15 targets via five algorithms
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Table 4 Information on MCODE cluster 1
MCODE clusters Targets MCODE node status MCODE score Closeness centrality Betweenness centrality Degree

Cluster 1 ESR2 Seed 6.0 0.28 0.00 6
ESR1 Clustered 6.0 0.31 0.03 12
FOS Clustered 6.0 0.29 0.00 9
JUN Clustered 6.0 032 0.03 11
MAPK1 Clustered 6.0 033 0.10 26
PRKACA Clustered 6.0 033 0.11 24
RPS6KB1 Clustered 6.0 0.29 0.00 8

Affinity
(kcal/mol)
-3

Fig. 8 The binding energy and visual results of molecular docking. A Heatmap of the molecular docking affinity of 8 hub targets and NEFAs (OA, PA and
SA). B Molecular docking visualization of MMP2 with NEFAs. C Molecular docking visualization of MAPK1 with NEFAs. D Molecular docking visualization of
PRKACA with NEFAs. E Molecular docking visualization of PRKCB with NEFAs. In figures B~E, “a","b" and ‘c”indicate OA, PA and SA, respectively; connecting
lines with yellow, blue, pale blue and gray indicate ionic interactions, hydrogen bonds, weak hydrogen bonds, and hydrophobic contacts, respectively
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factors in the pathological development of NEFA-medi-
ated RFC toxicity. AGEs are irreversible products formed
through nonenzymatic reactions between reducing sug-
ars and molecules such as proteins, lipids, and nucleic
acids [29]. Studies have demonstrated that AGEs may
exacerbate endothelial dysfunction, infertility, endome-
tritis, and oxidative stress in ovarian cells [29-31]. The
binding of AGEs to the RAGE receptor induces mitogen-
activated protein kinases (MAPKs) upregulation by acti-
vating key transcription factors such as NF-xB and AP-1,
which subsequently induce the expression of proinflam-
matory genes such as IL-1pB, IL-6, and TNF-a, ultimately
exacerbating the inflammatory response and oxidative
stress [29]. In this study, NEFAs may promote the pro-
duction and accumulation of AGEs, exacerbating inflam-
matory responses and oxidative stress through AGE/
RAGE/MAPK cascade reactions and ultimately promot-
ing the development of RFC.

Our results indicate that abnormalities in the MAPK/
protein kinase A (PKA) signaling pathway may play a
significant role in NEFA-mediated reproductive tox-
icityy. MAPKs and cyclic adenosine monophosphate
(cAMP)-dependent PKA are involved in the regulation
of oocyte maturation [32, 33]. MAPK1, a key member of
the MAPK family, can be activated by various cytokines,
growth factors, reactive oxygen species, and high glucose
to promote cell differentiation, proliferation, growth, and
apoptosis [34, 35]. MAPK1 also synergizes with matura-
tion-promoting factors in the regulation of bovine oocyte
maturation [36]. PRKACA, the major catalytic subunit of
PKA, can arrest meiosis resumption in bovine oocytes
[33]. PRKACA is also related to the follicle-stimulating
hormone-induced proliferation of granulosa cells [37].
Investigating the underlying association between NEFA
exposure and the dysregulation of MAPK1 or PRKACA
could help elucidate the molecular mechanisms underly-
ing NEFA-mediated REC.

In addition to MAPK1 and PRKACA, PRKCB emerged
as a notable hub gene with potential links to metabolic
and reproductive dysfunction. PRKCB is a key member
of the protein kinase C (PKC) family, encoding PKC-p,
which is dependent on calcium ions and diacylglycerol
for its phosphorylation to regulate cell proliferation,
apoptosis, and metabolism [38]. Notably, PRKCB is a
key regulatory gene for diabetes and its complications
[38, 39], and high concentrations of NEFAs are closely
associated with dairy cow ketosis (a major complication
of diabetes) [40]. This may serve as a link between meta-
bolic disorders and reproductive dysfunction. Therefore,
exploring the relationship between high levels of NEFAs
and PRKCB expression could further refine and elucidate
the mechanism of RFC toxicity caused by NEFAs.

GO and KEGG pathway enrichment analyses revealed
the pathways that may be affected by NEFA exposure
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and the molecular processes involved in the progres-
sion of RFC, thereby enabling a deeper understanding of
the biological mechanisms underlying NEFA exposure
leading to RFC. The combined GO and KEGG enrich-
ment analyses of 403 potential targets and 8 hub targets
suggested that NEFAs may affect RFC through multiple
pathways, including the AGE-RAGE signaling pathway
in diabetic complications, the GnRH signaling pathway,
lipid metabolism disorders, apoptosis, the MAPK sig-
naling pathway, the VEGF signaling pathway, and the
FoxO signaling pathway. These pathways are involved in
key processes, including hormone regulation, inflamma-
tion, oxidative stress, angiogenesis, tissue remodeling,
apoptosis, cell survival and energy metabolism. In addi-
tion, the GO enrichment analysis of MCODE cluster 1,
the highest-scoring gene cluster via the MCODE method,
involved mainly the steroid hormone signaling pathway.
These findings suggest that NEFAs may disrupt the com-
plex endocrine-immune-metabolic network, leading to
hormonal disturbances, inflammatory responses, and
lipid metabolism imbalances, which in turn cause repro-
ductive toxicity in dairy cows.

We performed PCA to assess the overall variation and
distribution of gene expression data between the normal
(CON) and NEFA groups. The PCA results did not show
clear separation between groups, which may be due to
the limited sample size (n = 3 per group) and the inherent
biological variability of the tissue samples. However, PCA
has limitations in identifying transcriptional differences:
as an unsupervised method, PCA can identify direc-
tions that explain the maximum variance in high-dimen-
sional datasets, but such separation relies on global gene
expression rather than individual genes; even though
PCA captures an overall trend of variance, it does not
yield specific DEGs [41-43]. Therefore, the lack of clear
separation in PCA does not imply the absence of bio-
logical differences. The interpretation of the PCA results
should be combined with subsequent analysis of the
DEGs, enrichment analysis, etc [44]. In this study, even
though the PCA results were unsatisfactory, on the basis
of the hierarchical clustering of DEGs (Fig. 3) and enrich-
ment analyses (Fig. 6C and E), the DEG group exhibited a
consistent trend of gene expression, and the enrichment
analyses revealed RFC-associated pathways, including
the AGE-RAGE signaling pathway in diabetic complica-
tions and the GnRH signaling pathway. In addition, we
performed hierarchical clustering based on all expressed
genes (Supplementary Fig. 1), which also exhibited par-
tial yet less distinct group separation—consistent with
the PCA results. Together, these analyses indicate that
while overall transcriptomic variance was modest, bio-
logically relevant differential expression signals were cap-
tured at the DEG level.
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In this study, we prioritized MMP2, MAPKI,
PRKACA, and PRKCB as hub targets based on sev-
eral methodological considerations. First, although the
GSE165476 dataset provided experimentally supported
transcriptomic responses, among the four DEG-derived
hub targets (MMP2, CTSB, CTSK, and SOD2), only
MMP2 passed molecular docking validation (< - 5.0 kcal/
mol), indicating its reliable direct interaction with NEFAs
(Fig. 8). Second, to predict a comprehensive landscape of
NEFA-mediated RFC toxicity, we applied multiple Cyto-
Hubba algorithms to the PPI network constructed from
the 403 overlapping genes (Fig. 6). This multi-algorithm
integration strategy identified four top-ranking hub
genes—PRKACA, PRKCB, IL6, and MAPKIl—across
multiple topological metrics. These algorithms capture
critical nodes from the perspectives of network structure,
information flow, and centrality. Among these, PRKACA,
PRKCB, and MAPK1 confirmed potential interactions
with NEFAs through molecular docking (Fig. 8), whereas
IL6 was excluded from the prioritized list as it failed to
pass docking validation. This integrative strategy not only
highlights transcriptomic evidence but also expands the
predictive capacity of network toxicology to uncover
potential regulatory mechanisms. Although some non-
DEG hub targets lack direct transcriptional support, they
may represent upstream signaling regulators or indirect
effectors, thereby providing a hypothetical basis for sub-
sequent experimental validation.

In conclusion, although this study provides novel
insights into the toxicological mechanisms underly-
ing NEFA-mediated fertility reduction in dairy cows,
it has several limitations. First, all analyses relied on
in silico predictions and a publicly available transcrip-
tomic dataset (GSE165476), thereby introducing poten-
tial confounding factors due to the inability to control
experimental conditions. Second, the absence of in vitro
or in vivo validation constrains the direct biological and
translational relevance of the findings. Future studies
should prioritize the validation of the expression of hub
genes such as MMP2, MAPK1, PRKACA, and PRKCB
via qPCR and Western blotting in NEFA-exposed bovine
ovarian or granulosa cell models. These experiments will
serve to confirm the regulatory roles of these genes and
pathways in NEFA-induced reproductive toxicity. Fur-
thermore, subsequent studies should explore systemic
metabolic interactions involving endocrine and immune
responses during NEFA exposure. Integrating these
experimental data with in silico predictions from this
study will contribute to a more comprehensive elucida-
tion of NEFA-induced reproductive toxicity.
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Conclusions

This study is the first to integrate network toxicology,
transcriptomics, and molecular docking approaches to
systematically explore the potential molecular mecha-
nisms of the endogenous metabolite NEFA-mediated
RFC. By integrating these three approaches, we estab-
lished a complete systematic chain of screening-pre-
diction-verification, which not only advances the
understanding of NEFA-mediated reproductive toxicity
but also provides potential biomarkers and molecular
targets for improving reproductive management strat-
egies in dairy cows. Future studies should focus on ani-
mal and cell modeling experiments, multiomics studies,
endocrine—immune—metabolic networks and molecular
dynamics simulations to explore and validate the poten-
tial effects of these targets on RFC across multiple levels.
These studies provide deeper and more comprehensive
insights into targeting the inhibition of NEFA toxicity
to REC to ultimately improve reproductive performance
and reduce culling rates in dairy cows.
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