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Introduction

Global food security requires 50% more cattle production by 2050 amid acute hunger affecting
295 million people (WHO, 2025). Assisted reproductive technologies (ART), particularly in
vitro production (IVP), now dominate (>80% of 1.7M annual transfers), surpassing MOET due
to higher yields and genomic selection compatibility (Viana, 2024; WHO, 2025).

Despite advantages, IVP calves exhibit Large Offspring Syndrome (LOS) with organomegaly,
epigenetic dysregulation, and persistent metabolic disruptions across liver, muscle, brain, and
reproductive tissues (Chen et al., 2015; Rivera et al., 2022; Young et al., 1998). Previous work
using the same 3-month-old IVP/MOET Holstein calves (n=4/group) identified HPG axis
activation (hypothalamus GnRH, pituitary signalling, testis steroidogenesis) and tissue-specific
metabolic reprogramming (liver/muscle oxidative phosphorylation), (Rabaglino et al., 2021;
Rabaglino ef al., 2022), but coordinated gene regulatory networks within and across relevant
tissues remained unclear.

Traditional differential expression analyses miss modular co-expression patterns, regulatory
hierarchies, and cross-tissue integration, defining complex developmental programming. Here
we integrate within and inter-tissue weighted gene co-expression network analysis (WGCNA)
with transcription factor co-expression (TF-TF) networks to map how IVP reshapes gene
modules, hub regulators, and systemic coordination across adrenal, hypothalamus, pituitary,
testis, muscle, and liver using RNA-seq data (GSE176219, GSE196974).

Materials & Methods

Holstein male calves were produced via OPU-IVP or MOET (n=4/group) (Rabaglino et al.,
2021; Rabaglino et al., 2022). Six tissues were sequenced on the DNBSEQ platform (100bp
PE, ~5Gb/sample), and reads were aligned to ARS-UCD?2.0 using STAR (v2.7.10b) (Dobin et
al., 2013); and quantified across 38,001 genes with HTSeq-count(v2.0.5) (GEO: GSE176219,
GSE196974) (Anders et al., 2015)

Differential expression was assessed per tissue using DESeq?2 (v1.46.0) following ComBat-seq
batch correction (Leek et al., 2012; Love et al., 2014) with FDR < 0.05 as the significance
threshold.

Within-tissue co-expression networks were constructed using WGCNA (v1.73) (Langfelder &
Horvath, 2008) on VST-normalized top 25% variable genes, with scale-free topology enforced
(R? > 0.70) and minimum module size of 30. Modules with |t| > 0.60 to the [IVP/MOET trait
yielded 33 significant modules and 1,456 hub genes (MM > 0.8, GS > 0.5; 43% DEG overlap).
Inter-tissue networks were derived from hub gene expression matrices using Pearson
correlations and dynamic tree cutting. TF—TF networks were built from 2,392 bovine TFs using
igraph (v1.3.5), retaining edges at [r| > 0.75 (FDR < 0.05) and defining hubs by top 20% degree
centrality. KEGG enrichment across all gene sets was performed with clusterProfiler (v4.14.6)
(Yu et al., 2012) using tissue-specific backgrounds (q < 0.1).
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Results

RNA sequencing of six tissues detected 38,001 genes (95.3% unique mapping, mean splice
junctions 11.7M/sample). Differential expression analysis identified 7,843 unique DEGs (ad;.
P<0.05), confirming metabolic upregulation in IVP muscle/liver (oxidative phosphorylation,
ribosome, TCA cycle), steroid biosynthesis in testis, and HPG axis alterations.

Within tissue WGCNA identified 33 modules significantly associated with embryo origin ( r >
0.60, adj.P < 0.06). Positive modules in muscle (darkslateblue; r=0.88, p<0.004, 1,599 genes)
and liver (darkturquoise r=0.70, p<0.06, 5,232 genes) showed strong bioenergetic enrichment
(oxidative phosphorylation, TCA cycle, ribosome, proteasome) with 43% hub-DEG overlap
(1,456 hubs total). In testis (darkred; r=0.91, p<0.002, 143 Genes), steroid biosynthesis
pathways drove central hub genes (CYP51A1, HMGCR, LDLR). Conversely, pituitary
(yellowgreen r=-0.97, p<0.0004, 1,394 genes) exhibited coordinated suppression of ribosomal
and mTOR-autophagy pathways (96% hub-DEG overlap), with key suppressors CDK10,
LAMPI, and PNKP. Morphogenetic networks displayed tissue-specific remodelling. Liver
(blue; r=-0.90, p<0.003,1357 genes) showed downregulated focal adhesion (EGFR,
COLI12A1); muscle (violet; r=0.85, p<0.008, 60 genes) exhibited upregulated tight/gap
junctions.

Inter-tissue analysis revealed 2.5-fold higher IVP modularity (10 vs 4 MOET modules), with
908 hub genes distributed as: 337 shared (37%), 294 MOET-specific (32%), 277 IVP-specific
(31%), modules were enriched for neural signaling (axon guidance, dopaminergic synapse,
neuroactive ligand-receptor interaction), adrenal/endocrine stress response (cortisol and
aldosterone synthesis), and focal adhesion pathways Fig. 1. TF-TF networks (2,392 TFs)
showed reduced IVP hubs (hypothalamus 403—104) with MOET developmental signaling
(MAPK/Wnt) vs IVP pluripotency/stress programs.

IVP Modules: KEGG Pathway Enrichment
Gene Counts per Module and Tissue (IVP Calves)
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Figurel: Inter-tissue hub gene modules and KEGG pathway enrichment in IVP calves. Left:
number of hub genes per WGCNA inter-tissue module and tissue, showing uneven hub
distribution across adrenal, hypothalamus, pituitary, testis, muscle, and liver. Right: KEGG
enrichment of IVP-specific inter-tissue modules, highlighting over-representation of neural
signaling, stress response, and focal adhesion pathways.

Discussion

Our multi-tissue WGCNA and TF-TF analysis reveals that IVP profoundly reprograms
postnatal transcriptional networks compared to MOET. The coordinated upregulation of
metabolic pathways (oxidative phosphorylation, TCA cycle, ribosome) in muscle, liver, and
adrenal reflects compensatory responses to suboptimal culture environments encountered
during early development. These "high-energy state" adaptations, driven by hub genes such as
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NDUFS2 and SDHA, persist into juvenile life, consistent with prior studies of altered energy
metabolism in IVP cattle (Rabaglino et al., 2021; Rabaglino et al., 2022). The simultaneous
suppression of cellular maintenance pathways in the pituitary (mTOR, autophagy) suggests an
"economy mode" response to sustained metabolic stress, a pattern echoing developmental
programming under stress conditions (Acevedo-Rodriguez et al., 2018).

HPG axis shows peripheral activation (testis steroidogenesis, pituitary oxytocin signaling)
contrasting hypothalamic TF network loss of GnRH regulation, establishing tissue-autonomous
neuroendocrine control characteristic of stress responses (Acevedo-Rodriguez et al., 2018;
Rabaglino et al., 2021).

The 2.5-fold increase in inter-tissue network modularity under IVP signals fragmentation of
systemic gene coordination. IVP-specific hubs localize to individual tissues, whereas MOET-
specific hubs span multiple organs, showing that in vitro culture uncouples multi-tissue
integration in favor of localized regulatory adaptations. This fragmentation extends to
transcriptional hierarchies: MOET's cohesive developmental TF pathways (Wnt/MAPK/TGF-
B) shift toward stress-response and pluripotency programs in IVP, suggesting that embryo
culture conditions rewrite the regulatory code underlying postnatal development.
Morphogenetic network remodelling demonstrates tissue-specific vulnerability and
compensation. Liver adhesion suppression (blue module, EGFR/COL12A1 downregulation)
alongside muscle cytoskeletal reinforcement (violet upregulation) reveals complex adaptive
strategies. Early developmental disruptions during culture may trigger persistent alterations in
tissue architecture that influence later performance and welfare, consistent with placental
abnormalities and chronic hypoxia hypotheses in IVP pregnancy.

Conclusions

Multi-tissue WGCNA and TF-TF networks reveal that in vitro embryo culture reshapes
postnatal gene regulatory architecture: coordinated metabolic upregulation, tissue-specific
adhesion remodeling, HPG axis dysregulation (peripheral activation, central attenuation),
increased network modularity reflecting systemic fragmentation, and transcriptional rewiring
toward stress/pluripotency programs. Hub genes (NDUFS2, SDHA, CDK10, EGFR) and
dysregulated pathways offer targets for optimizing IVP culture media via mitochondrial
substrates, antioxidants, extracellular matrix components, or developmental transcription
factor support. These systems-level insights provide molecular evidence that early
developmental programming establishes persistent changes in gene network organization.
Despite normal phenotype/growth in juvenile calves tested, long-term productivity impacts
post-puberty remain undetermined; future scRNA-seq and functional validation studies are
warranted.
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