LRH-1 is a master transcription factor for the metabolism of large luteal cell contributing to cell identity.
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Introduction
Infertility affects approximately one in six couples worldwide1. Assisted reproductive technologies (ART), particularly in vitro fertilization (IVF), have transformed treatment options, yet overall success rates remain modest. Among the ~86% of women undergoing IVF who obtain at least one embryo suitable for transfer, only 25–30% result in a live birth, increasing to ~50% when euploidy is confirmed2. This limited efficiency—even with high quality embryos— highlights that a critical determinant of ART success is determined by embryo implantation and the maintenance of early pregnancy. Notably, early luteal progesterone levels strongly correlate with live birth outcomes, emphasizing the essential role of corpus luteum function3. Consequently, elucidating the mechanisms that govern corpus luteum formation and maintenance represents a pivotal frontier for improving ART efficacy.
The corpus luteum is a transient endocrine gland that plays a pivotal role in initiating and sustaining pregnancy by secreting progesterone until approximately weeks 8–9 of gestation4,5. In most species, steroidogenic cells within the corpus luteum are classified into two subpopulations based on size and follicular origin: large luteal cells (LLCs) derived from granulosa cells and small luteal cells (SLCs) originating from theca cells6. Ovulation, triggered by the luteinizing hormone (LH) surge, drives the differentiation of these cell types from the collapsing follicle. While both populations contribute to progesterone synthesis, they exhibit profound functional divergence7. LLCs in bovine and human maintain high basal progesterone output, whereas SLCs display strong LH responsiveness, markedly amplifying secretion upon stimulation8–11. In rodents, LLCs produce approximately fourfold more progesterone per cell than SLCs even in the absence of LH, and their superior secretory capacity persists across all LH doses, correlating with elevated P450 content12. Morphologically, SLCs in rats and cattle contain fewer lipid droplets, whereas LLCs are highly enriched in lipid content12–14. Both cell types express key steroidogenic enzymes, including 3β-HSD and cytochrome P450 family members, yet progesterone secretion is predominantly driven by lipid-filled LLCs12,15. Despite these functional distinctions, the transcriptional programs underlying LLC and SLC identity remain incompletely defined, particularly in mice, where physical separation of the two populations is challenging. 
Progesterone synthesis in luteal cells is constrained by two critical steps: securing sufficient cholesterol as a precursor and transporting it from the outer to the inner mitochondrial membrane—a key rate-limiting event in steroidogenesis16. Although luteal cells can synthesize cholesterol de novo, the primary sources are circulating lipoproteins, acquired either through endocytosis of cholesterol-rich low-density lipoprotein (LDL) or selective uptake of cholesterol esters from high-density lipoprotein (HDL)17–20. The relative contribution of LDL versus HDL is species-specific: mice, rats, and ruminants predominantly utilize HDL, whereas humans rely mainly on LDL18,21–24. Cholesterol esters are stored within cytoplasmic lipid droplets—a defining feature of luteal cells—where they must be hydrolyzed before use in steroidogenesis22. Lipid droplet remodeling has been shown to influence progesterone secretion, and lipid metabolism is essential not only for steroid production but also for ATP generation, underscoring its central role in luteal cell function25,26.
The Liver receptor homolog-1 (LRH-1, Nr5a2) is expressed exclusively in granulosa and luteal cells within the ovary27. In mice, LRH-1 is essential for ovulation, luteinization, progesterone synthesis, and ultimately fertility28–31. Our previous work demonstrated that conditional deletion of LRH-1 in luteal cells results in complete infertility, absence of progesterone secretion, and a marked reduction in the expression of key steroidogenic genes including Star, Cyp11a1, and Hsd3b29. Similarly, transcripts encoding cholesterol transport receptors (Ldlr and Scarb1) were significantly diminished, underscoring LRH-1’s role in cholesterol acquisition for steroidogenesis29. Beyond the ovary, LRH-1 is a key regulator of lipid homeostasis in hepatocytes, where its loss results in the accumulation of large cytosolic lipid droplets, elevated triglyceride levels, and impaired bile acid synthesis32–35. LRH-1 also promotes β-oxidation and mitochondrial biogenesis, positioning it as a central node in hepatic lipid homeostasis36,37. Based on these observations, we hypothesized that LRH-1 regulates lipid metabolism in luteal cells as a prerequisite for efficient progesterone secretion.
In this study, we demonstrate that LRH-1 deletion in luteal cells markedly reduces lipid droplet abundance within the corpus luteum, establishing LRH-1 as a key regulator of lipid homeostasis in this tissue. Mechanistically, LRH-1 undergoes dynamic chromatin reprogramming between follicular and luteal stages, generating luteal-specific regulatory regions that govern lipid metabolic pathways. We identify LRH-1–positive luteal cells as large luteal cells and establish LRH-1 as a master transcriptional regulator of their fate, orchestrating a distinct gene regulatory program that segregates large from small luteal cell populations while integrating lipid and energy metabolism with steroidogenesis. Furthermore, our findings reveal that ACLY and ACSS2 mediate nuclear acetyl-CoA production in large luteal cells, linking metabolic reprogramming to chromatin remodeling and epigenetic control of luteal cell differentiation. 

Maybe add or not?
In the bovine also more Star : 
https://pmc.ncbi.nlm.nih.gov/articles/PMC3674567/#S2

Do we need to talk about lipid contributing to cell identity in other model, and ACLY ans ACSS2 in bovine luteal cells + aspoect on cell identity ?
Reference for this : 
Lipid  can contribute to cell differenciation. PMID: 35045287, PMID: 32843345 PMID: 34815388
ACLY and ACSS2 contribute to cell identity : PMID: 26039447, PMID: 28689661, PMID: 27357947, PMID: 28562591, PMID: 28552616, PMID: 19461003, PMID: 27634449
ACLY and ACSS2 inhibition affects progestrone secretion in bovine small luteal cells : PMID: 39615688




Results

LRH-1 loss in luteal cells disrupts metabolic gene programs essential for corpus luteum function
To investigate the gene regulatory network controlled by LRH-1 in luteal cells, we used a granulosa cell-specific LRH-1 knockout model induced at the onset of luteinization by crossing Pgr-Cre and Nr5a2flox/flox mice ((cKO, genotype: Nr5a2fl/fl; PgrCre/+). This model has been shown to preserve normal ovulation despite Pgr-Cre expression beginning during the ovulatory phase29,38. To synchronize follicular and corpus luteum (CL) development, prepubescent female mice (25 days old) received equine chorionic gonadotropin (eCG) to stimulate their first follicular wave, followed 44 h later by human chorionic gonadotropin (hCG) to trigger ovulation and initiate CL formation, which reaches full development 48 h post-hCG39 (Figure 1A). Notably, the number of corpora lutea did not differ between control (CON; Nr5a2flox/flox) and cKO mice, LRH-1 deletion does not impair ovulation (Figure 1B). Immunofluorescence validated the specific loss of LRH-1 in luteal cells (Figure 1C), with no detectable changes in LRH-1 expression in granulosa cells of developing follicles (Figure S1A). To define the transcriptional consequences of LRH-1 depletion in luteal cells, bulk mRNA-seq was performed on CON and cKO ovaries 48 h post-hCG. DESeq2 analysis identified 1115 differentially expressed genes (DEGs; log₂FC > |0.5|; FDR < 0.05) associated with LRH-1 loss (Figure S1C). Gene Set Enrichment Analysis (GSEA) revealed strong enrichment of downregulated pathways related to energy production and lipid metabolism (Figure 1D). Specifically, LRH-1 depletion reduced expression of genes involved in fatty acid catabolism (Lipe, Cpt2), acyl-CoA metabolism (Acsl1, Acss2), and ATP production (Sdha, Coq9). Genes associated with peroxisome biogenesis (Pex10, Pex2), which contribute to β-oxidation of very-long-chain fatty acids, were also affected40–42. In addition to its role in lipid catabolism, LRH-1 also regulated anabolic lipid processes, including lipid biosynthesis (Fasn, Elovl6) and steroidogenesis (Star, Cyp11a1) (Figure 1E). Because lipid metabolism is critical in luteal cells, where the accumulation of lipid droplets provides a reservoir of cholesterol esters that fuel progesterone synthesis through steroidogenesis26,43–45 (Figure S1D), we assessed whether LRH-1 loss affects lipid accumulation. Nile Red staining revealed a marked reduction of lipid droplets in cKO luteal cells, demonstrating that LRH-1 is required to maintain lipid homeostasis in the corpus luteum (Figure 1E).

Dynamic LRH-1 binding identifies luteal-specific regulatory elements governing metabolic programs
To identify putative luteal-specific LRH-1 target genes, LRH-1 ChIP-seq was performed on follicle-enriched (0 h hCG) and CL-enriched ovaries (48 h hCG) (Figure S2A). Differential binding analysis (DiffBind using the edgeR statistical framework; log₂FC > |1.5|; FDR < 0.1) revealed 1721 LRH-1 binding regions specific to luteal cells (Figure 2A & Figure S2C). By contrast, only 252 regions were enriched at 0 h hCG, reflecting LRH-1 activity in antral granulosa cells. These specific sites were associated with genes involved in follicular development (e.g., Fshr, Bmp2, Serpina3a)46–51 (Figure S2E). The majority of LRH-1 binding sites (n = 7813) was shared between both stages, representing regions active in granulosa cells consistent with the continued presence of granulosa cells at 48 h hCG and non-reprogrammed sites during luteinization (e.g., Amh, Cyp19a1, Hmgcs1, Dhcr7)52–58 (Figure S2F). Motif analysis identified NR5A1/2 as the top-enriched motif across all groups, confirming direct LRH-1 DNA binding. RUNX2 and CEBPB motifs—both induced by the ovulatory signal—were enriched in luteal-specific LRH-1 binding regions59–61 (Figure 2B). No major motif shifts were observed that could fully explain the differential binding dynamics between follicular and luteal stages. Consistent with previous findings, LRH-1 binding occurred predominantly at enhancer regions31,62 (Figure S2D). Gene ontology analysis using GREAT revealed that genes associated with luteal-specific LRH-1 binding sites were strongly enriched in lipid metabolic processes, including hormone biosynthesis and lipid metabolism (Figure 2C). To further determine the functional relevance of these binding events, leading-edge genes from downregulated pathways in LRH-1 cKO mice were intersected with LRH-1 binding-associated genes. On average, 61.3% of the leading-edge downregulated genes were putative LRH-1 targets, with 20.2% corresponding to reprogrammed LRH-1 binding sites (Figure 2D). Notably, the steroid metabolism pathway exhibited the strongest association, with 37.1% of genes linked to differential LRH-1 binding, including key regulators such as Cyp11a1, Star, Insig1, Soat2, and Baat 63–67(Figure 2E & Figure S2G). Together, these data demonstrate that LRH-1 undergoes dynamic chromatin binding reprogramming between follicular and luteal stages, establishing luteal-specific regulatory regions that control lipid metabolic pathways essential for corpus luteum function.

Single-cell transcriptomics defines distinct molecular signatures of large and small luteal cells in the ovary
Mammalian CL contain two major populations: large luteal cells derived from granulosa cells and small luteal cells derived from theca cells6. However, their transcriptomic features remain poorly characterized7,68–71. To address this gap, we reanalyzed previously published single-cell RNA-seq (scRNA-seq) data from cycling mouse ovaries, focusing on luteal cell populations72  (Figure S3A-B). This analysis identified seven transcriptionally distinct luteal cell clusters (Figure 3A). Clusters 1-3 contained cells from all stages of the estrous cycle (proestrus, estrus, metestrus, and diestrus), suggesting these cluster likely represent regressing luteal cells from previous cycles (Figure 3B). These clusters expressed markers associated with CL regression, such as Thbs1, Akr1c18, Onecut2, and Lgals373–77 (Figure 3C). Immunofluorescence confirmed the specific expression of THBS1 and ONECUT2 in regressing CLs (Cleaved caspase-3+), in contrast to adjacent active CLs (Figure S4A). Interestingly, regressing CLs exhibited heterogeneous marker expression patterns, including Onecut2⁺/Thbs1⁻ and Onecut2⁻/Thbs1⁺ profiles, reflecting the diversity of regressing luteal cell populations identified through the clustering analysis (Figure S4B). We speculate that this heterogeneity is in the timing and progression of luteal regression, highlighting the dynamic nature of this process. Clusters 0 and 5 were specifically enriched in the estrous phase and corresponded to luteinizing granulosa cells72 (Figure 3B-C). Cluster 0 expressed Smarca1 and Adamts1, while cluster 5 expressed Parm1, Sulf2, and Glul, consistent with their identification as cells at the follicular rupture site that do not contribute to the corpus luteum78 (Figure 3C). Clusters 4 and 6 were enriched during metestrus and diestrus, the phases during which the newly formed CL is functionally active (Figure 3B). These clusters expressed canonical active luteal markers gene including Hsd3b1, Cyp11a1, and Hsd17b712,79–81 (Figure 3D & Figure S3C). To delineate transcriptomic differences between those active luteal cells, we compared the top 150 marker genes from each cluster (Figure 3E). Forty-two genes were shared between both cell types and designated as general luteal markers (e.g., Gm2a, Plin4, Lhcgr, Prlr) (Figure 3F). Gene ontology analysis revealed that those luteal marker genes were implicated in lipid metabolism and steroid biosynthesis, underscoring their shared role in progesterone production (Figure 3G). Cluster 6 was enriched for genes involved in cell proliferation, developmental growth, and chemotaxis, consistent with the known proliferative and paracrine functions of small luteal cells in bovine corpus luteum82,83 (Figure 3G). These cells have been shown to contribute to extracellular matrix remodeling and immune cell recruitment through the expression of genes such as Cxcl12, Il25, Col6a2, and Col27a168,69 (Figure 3F & Figure S3F). In contrast, specific marker genes for cluster 4 were significantly enriched in cholesterol and lipid metabolism pathways (Figure 3G). Notably, this cluster showed elevated expression of Star, indicating enhanced steroidogenic capacity (Figure 3F). In cattle and rats, large luteal cells contain substantially higher lipid content, and more STAR expression, and produce 2- to 40-fold more progesterone than small luteal cells12,16,84. Furthermore, Nr5a2 (LRH-1) expression was exclusively observed in cluster 4, and its putative target genes were selectively enriched within this cluster (Figure 3H-I). Several other granulosa cell markers, including Inhbb, Bmpr2, and Inha, were also strongly expressed in cluster 4 (Figure S3F).  Taken together, cluster 4 displays the defining features of large luteal cells, with exclusive LRH-1 expression underscoring its key role in establishing their steroidogenic identity and function.

LRH-1 determines the identity of large luteal cells by directly regulating specific marker genes
To validate newly identified luteal markers, we performed immunofluorescence staining for BHMT, BACE2, and PLIN4 on ovarian tissue collected at 0 h and 48 h hCG. All three markers exhibited a marked induction within the corpus luteum, confirming their luteal specificity and implying functional significance (Figure 4A). BHMT expression was restricted exclusively to luteal cells throughout the ovary, establishing it as a highly specific marker for this cell population. BACE2 was also enriched in luteal cells but also exhibited expression in steroidogenic stromal, epithelial, and endothelial cells. PLIN4 showed strong expression in luteal cells, with limited expression observed in smooth muscle cells surrounding antral follicles at 0 h hCG (Figure 5SA-C). These results validate BHMT, BACE2, and PLIN4 as reliable markers of luteal identity and provide a basis for further functional characterization. To corroborate single-cell transcriptomic annotations, we performed co-immunofluorescence staining for LRH-1 in combination with BHMT, BACE2, or PLIN4. Endothelial cells, identified by their elongated nuclei, were excluded from the analysis. A strong positive correlation was observed between LRH-1 expression and large luteal markers (BHMT, r = 0.733; BACE2, r = 0.658), supporting their co-expression in large luteal cells (Figure 4B). In contrast, PLIN4, which is expressed in both large and small luteal cells, did not show a significant correlation with LRH-1 (r = 0.398), despite being a newly identified LRH-1 target gene (Figure 4B). Quantitative analysis revealed LRH-1 expression in 62.9% of luteal cells, with the remaining 37.1% comprising small luteal and endothelial cells, indicating that the active corpus luteum in mice predominantly consists of large luteal cells (Figure 4C). To further elucidate the role of LRH-1 in specifying large luteal cell identity, we integrated single-cell marker gene with LRH-1 ChIP-seq and transcriptomic profiles from LRH-1 cKO ovaries. Among large luteal-specific markers, 76.3% were identified as putative LRH-1 targets, defined by both significant downregulation in cKO ovaries and proximal LRH-1 binding (Figure 4D). Of these, 54% exhibited reprogrammed, luteal-specific LRH-1 binding sites (≥33% of peaks within ±150 kb), whereas 46% retained non-reprogrammed binding. Notably, most non-target genes (n = 23) were also downregulated in cKO ovaries but either lacked significant differential expression (fold change < –0.5, adjusted p > 0.05) or did not display detectable proximal LRH-1 binding, suggesting indirect regulatory effects (Figure 4D). These findings underscore LRH-1’s central role in establishing large luteal cell identity through direct transcriptional regulation of a distinct subset of luteal marker genes. Furthermore, LRH-1 regulated most of general luteal markers (58.5%), with 75% of these showing reprogrammed binding patterns (Figure S5E). Consistent with expectations, LRH-1 exerted minimal influence on small luteal cell markers, with only 13% classified as putative targets (Figure S5F). Collectively, these results establish LRH-1 as a master transcriptional regulator of large luteal cell identity, orchestrating a distinct gene regulatory program that differentiates large from small luteal cell populations.

Nuclear ACLY and ACSS2 link metabolic reprogramming to chromatin remodeling in large luteal cells
Given that LRH-1 regulates metabolic gene programs and undergoes chromatin binding reprogramming in large luteal cells, we hypothesized that the metabolic transition from granulosa to luteal cells—particularly via lipid metabolism—contributes to luteal cell differentiation. Metabolic shifts are increasingly recognized as active drivers of cell fate decisions, part through the generation of metabolites that modulate chromatin states85–89. Notably, the enzymes ACLY and ACSS2, which produce acetyl-CoA, have been reported to translocate to the nucleus and promote histone acetylation during cellular differentiation90–96. Both enzymes emerged as putative LRH-1 target genes and were identified as markers of large luteal cells (Figure 4D). We first validated that ACLY and ACSS2 serve as a marker of large luteal cells by demonstrating increased expression at 48 h hCG and exhibit strong co-expression with LRH-1 in the corpus luteum (ACLY, r = 0.714; ACSS2, r = 0.691) (Figure S6A-B). Immunofluorescence analysis revealed enhanced nuclear localization of ACLY and ACSS2 in luteal cells compared to granulosa cells, suggesting their involvement in chromatin remodeling during luteal differentiation (Figure 5A). Interestingly, the two enzymes exhibited distinct subnuclear localization patterns: ACSS2 was confined to punctate nuclear foci, whereas ACLY displayed broader distribution across both the nucleus and cytoplasm, implying potentially divergent roles in chromatin regulation. To evaluate the functional contribution of ACLY and ACSS2 to luteal cell differentiation, we pharmacologically inhibited each enzyme during the superovulation protocol. Mice received either ACLY inhibitor (Aclyi) (SB-204990, 135 mg/kg)97,98 or ACSS2 inhibitor (Acss2i) (Ac-CoA Synthase Inhibitor1, 25 mg/kg)99 one hour prior to hCG administration, followed by a second dose at 24 h (Figure 5B). Ovaries were collected at 48 h post-hCG. Inhibitor treatment did not affect the number of corpora lutea, suggesting that ovulation was not impaired (Figure 5C). TUNEL staining confirmed the absence of increased apoptosis, thereby excluding cytotoxic effects (Figure 5D & Figure S7A). Subsequently, histone acetylation in luteal cells was assessed via immunofluorescence. ACLY inhibition resulted in a significant reduction in H3K9ac and H2A.Zac, but not H3K27ac, H4K16ac, and H2BK20ac, whereas ACSS2 inhibition selectively decreased H3K9ac (Figure 5E & Figure S7B). The broader impact of ACLY inhibition on histone acetylation aligns with its diffuse nuclear localization, whereas the more localized effect of ACSS2 may reflect its punctate nuclear distribution and potential targeting of specific chromatin regions. Importantly, these alterations were restricted to luteal cells, with minimal effects observed in adjacent follicles, except for a modest reduction in H2A.Zac following ACLY inhibition (Figure S7C-D). Together, these findings suggest that ACLY and ACSS2 mediate nuclear acetyl-CoA production in large luteal cells, thereby linking metabolic reprogramming to chromatin remodeling and supporting their role in the epigenetic regulation of luteal cell differentiation.
Distinct transcriptional responses to ACLY and ACSS2 inhibition in CL-enriched ovaries reveal divergent gene expression profiles and shared metabolic vulnerabilities  
To investigate the transcriptional consequences of ACLY and ACSS2 inhibition in ovarian tissue, bulk mRNA sequencing was conducted on control and treated mouse CL-enriched ovaries. Principal component analysis demonstrated distinct clustering of ACLY- and ACSS2-inhibited samples, indicating divergent gene expression profiles (Figure 6A). ACLY inhibition resulted in 561 differentially expressed genes (DEGs), whereas ACSS2 inhibition yielded 435 DEGs (log₂FC > |0.5|, adjusted p < 0.1), with only 137 genes overlapping between the two treatments (Figure 6B-D). Notably, expression levels of ACLY and ACSS2 were not upregulated in treated animals, suggesting an absence of compensatory transcriptional responses in luteal cells (Figure S8A). Despite limited overlap in DEGs, both treatments converged on similar biological pathways. Mitochondrial function and fatty acid catabolism, including β-oxidation, were consistently downregulated. Conversely, pathways related to morphogenesis, cell migration, and tissue development were upregulated; with ACLY inhibition additionally affecting glucose homeostasis and vascularization, potentially reflecting compensatory metabolic adaptations (Figure 6E-F). Neutral lipid staining with Nile Red revealed no statistically significant differences in neutral lipid content within the corpus luteum, although a modest increase was observed in some treated samples (Figure 6G & Figure S8B). Oil Red O staining indicated a slight reduction in lipid droplet size following treatment, suggesting altered lipid remodeling and utilization (Figure 6H & Figure S8C). Filipin staining for free cholesterol showed no change in overall intensity between control and treated groups; however, treated samples exhibited accumulation of free cholesterol within lipid droplets, indicative of impaired esterification and storage (Figure 6I & Figure S8D). This phenotype, common to both treatments, implies reduced availability of acetyl-CoA for cholesterol esterification, pointing to a metabolic rather than epigenetic mechanism. TOM20 immunofluorescence revealed diminished mitochondrial abundance in luteal cells following ACSS2 inhibition, whereas ACLY inhibition did not alter mitochondrial content (Figure 6J), highlighting differential reliance on acetate-derived acetyl-CoA for mitochondrial integrity. To assess the impact of ACLY and ACSS2 inhibition on luteal cell identity, expression of established luteal markers was examined. ACSS2 inhibition affected 33% of large luteal cell markers, with equal representation among LRH-1–reprogrammed and non-reprogrammed genes (Figure 6K-L). In contrast, ACLY inhibition altered only 14% of large luteal markers, most of which were associated with LRH-1–reprogrammed binding sites (Figure 6K & Figure S8F). Neither treatment significantly affected small luteal cell markers, suggesting specificity for large luteal cell identity (Figure S8G-H). Additionally, upregulation of granulosa cell markers such as Cyp19a1 and Esr2 suggests impaired granulosa-to-luteal cell differentiation (Figure S8I-J). To determine whether local histone acetylation modulates LRH-1–reprogrammed binding sites, ChIP-qPCR was performed on genes highly affected by treatment and associated with reprogrammed LRH-1 binding. No significant changes in LRH-1 binding were observed at these loci, indicating that LRH-1 reprogramming is independent of ACLY- or ACSS2-mediated acetylation, consistent with its proposed role as a pioneer transcription factor100–102 (Figure 6M). Collectively, these findings demonstrate that ACLY and ACSS2 inhibition disrupt luteal cell differentiation and lipid metabolism through distinct transcriptional programs, yet converge on shared metabolic vulnerabilities, highlighting acetyl-CoA availability as a central regulator of ovarian function.






Materials and Methods
Animal Models and Ethical Approval
All animal experiments involving knock-out models were approved by the Université de Montréal Animal Care Committee and conducted in accordance with the guidelines of the Canadian Council on Animal Care (#Rech-1565). Mice were maintained on a C57BL/6 genetic background under a 14-hour light/10-hour dark cycle with unrestricted access to food and water.  LRH-1/Nr5a2 floxed (Nr5a2f/f) mice, originally generated by J. Auwerx and previously described103, were used as controls (CON) and were littermates of the cKO mice. Conditional knock-out (cKO) mice were generated by crossing Nr5a2f/f mice with PgrCre/+ mice, which express Cre recombinase under the control of the progesterone receptor promoter (gift from Dr. Franco DeMayo)38 (PR (Pgrtm2(cre)Lyd MGI: 3576366). The resulting genotype, Nr5a2f/fPgrCre/+, enables Cre-mediated excision of exons 4–5 of the Nr5a2 gene in luteinizing granulosa cells by 12 hCG. Genotyping was performed as previously described via PCR using DNA extracted from tail tips and primer sequences are provided in Table X and were previously validated29. Experiments involving wild-type C57BL/6 mice (Charles River Laboratories, cat# 027) were conducted in accordance with the Canadian Council on Animal Care guidelines and approved by the Comité d’éthique animale de l’Université de Sherbrooke under protocol number (#2025-5061). All mice were euthanized using isoflurane anesthesia followed by cervical dislocation.

Superstimulation Protocol and Inhibitor Administration
To synchronize follicular and corpus luteum development, immature female mice (25 days old) were group-housed and administered 5 IU equine chorionic gonadotropin (eCG; Folligon, Intervet, Whitby, ON, Canada) via intraperitoneal injection to stimulate follicular growth. Forty-four hours later, 5 IU human chorionic gonadotropin (hCG; Chorulon, Intervet, Whitby, ON, Canada) was injected to induce ovulation39. Ovarian tissues were collected either immediately (0 h) or 48 h post-hCG injection. For inhibitor experiments, same-sex littermates were randomly allocated to treatment groups. Animals received intraperitoneal injections of Acss2 inhibitor (Acss2i; N-(2,3-Di-2-thienyl-6-quinoxalinyl)-N'-(2-methoxyethyl) urea, CAS No. 508186-14-9, HY-104032, 25 mg/kg)99, Acly inhibitor (Aclyi; SB-204990, CAS No. 154566-12-8, HY-16450, 135 mg/kg)97,98, or vehicle (10% DMSO, 40% PEG300, 5% Tween-80, 45% saline) at the time of hCG administration and again 24 h later. Ovaries were harvested at 48 h post-hCG. For all experimental models, one ovary was snap-frozen in liquid nitrogen and stored at −80 °C for downstream mRNA-seq or ChIP-seq analyses. The contralateral ovary was fixed in 10% formalin (Sigma-Aldrich, HT501128) overnight and subsequently embedded in paraffin for histological analysis, or alternatively embedded in optimal cutting temperature (OCT, Tissue-Tek® O.C.T. Compound, Sakura, 4583) compound for cryosectioning.

Histology and Tissue Staining
Formalin-fixed and OCT-embedded ovarian tissues were processed and sectioned by the Histology and Electron Microscopy Core Facility at Université de Sherbrooke. Paraffin and cryosections were stained with hematoxylin and eosin (H&E) following standard protocols; cryosections were additionally stained with Oil Red O to assess lipid content. Whole-slide brightfield images were acquired using a Zeiss Axio Observer Z1 microscope equipped with a Zeiss Axiocam 105 color camera and a 40×/0.95 Plan-Apochromat objective. Images were captured as tiled scans covering the entire tissue and stitched using Zeiss Zen software (v2.0). H&E images were linearly brightened for clarity. Image analysis was performed in QuPath104(v0.5.1). Corpora lutea were manually delineated, and nuclei and lipid droplets were detected using Stardist105 (v?) via the QuPath Stardist extension. For fluorescent lipid staining, frozen sections were incubated for 1 h at room temperature with Nile Red (0.2 μg/mL in PBS; Cayman Chemical, 30787, Lot #0607926-7) and Filipin III (50 μg/mL in PBS; Cayman Chemical, 70440, Lot #0624161-4) to visualize neutral lipids and cholesterol, respectively. Nuclei were counterstained with Hoechst 33342 (1 μg/mL; ThermoFisher, cat#62249) or Sytox Green (1 μM; Invitrogen, cat#S7020). 

Immunofluorescence 
Paraffin-embedded sections were deparaffinized in xylene, rehydrated through a graded ethanol series, and subjected to antigen retrieval by boiling in 10 mM sodium citrate buffer (pH 6.0) at 95 °C. Frozen sections were fixed in 10% formalin for 15 min at room temperature, then permeabilized with 0.15% Triton X-100 in PBS and processed identically to paraffin sections from the blocking step onward. When mouse primary antibodies were used, samples were blocked for 1 h with Mouse-on-Mouse blocking reagent (Vector Laboratories, MKB-2213), followed by an additional 1 h block in 10% normal goat serum (NGS; Wisent, 053110) in PBS. Primary antibodies (see Table X for details) were diluted in 10% NGS and incubated overnight at 4 °C. The following day, sections were incubated for 1 h at room temperature with secondary antibodies: Alexa Fluor 555 goat anti-rabbit (Invitrogen, A21428, Lot #2873183) and/or Alexa Fluor 647 goat anti-mouse (Invitrogen, A28181, Lot #2159735), each at 1:400 in 10% NGS in PBS. Nuclei were counterstained with Hoechst 33342 (1 μg/mL). Negative controls were processed identically but without primary antibody.

TUNEL assay.
Apoptotic cells were detected using the OneStep TUNEL Apoptosis Kit (Red, Alexa Fluor 555; Novus Biologicals, NP3-12093) according to the manufacturer’s instructions. Positive controls were treated with DNase I, and negative controls were processed without the TdT enzyme. Corpora lutea were manually delineated, and TUNEL-positive cells and nuclei were quantified using the Positive Cell Detection tool in QuPath104 (v0.5.1). The percentage of apoptotic cells per corpus luteum was calculated.

Confocal Imaging and Quantitative Analysis
Fluorescence imaging of follicle and corpus luteum was performed in Z-stack mode using an Olympus FV3000 confocal microscope to maintain consistent focus throughout tissue depth. Imaging parameters were standardized across all replicates and treatment groups, and all images were acquired on the same day to ensure comparability. Whole follicle and corpus luteum images were captured with an Olympus 20×/0.75 UPLSAPO objective using Olympus Fluoview software (v2.1). High-resolution imaging of follicle and corpus luteum was performed with a 60×/1.4 PlanApo objective and 2× zoom. For enhanced mitochondrial resolution, images were processed by constrained iterative deconvolution using Olympus CellSens Dimension software (v1.16). Maximum intensity projections were generated in Fiji106 (v?) prior to analysis. Whole corpus luteum and follicle were manually delineated in QuPath104 (v0.6). Nuclei were segmented using Cellpose107 (v3.1), and a 5-pixel ring was generated around each nucleus to measure cytoplasmic fluorescence intensity. Mean nuclear or whole-cell (nuclear + cytoplasmic) intensities were calculated for each follicle or corpus luteum. LRH-1-positive cells were identified using the classifier module in QuPath104 (v0.6). The classifier was trained by visually scoring positive and negative cells on several representative images. Once trained, the classifier was applied to all images for automated detection. Filipin-stained lipid droplets found in corpus luteum were segmented in CellProfiler108 (v4.2.8), and droplet counts per corpus luteum were recorded. For whole-ovary imaging, tiled Z-stacks were acquired with an Olympus FV3000 equipped with a 10×/0.4 UPLSAPO objective, ensuring sufficient overlap for stitching. Maximum intensity projections were generated in Fiji106 (v?), and tiles were stitched using the Grid/Collection Stitching Fiji plugin. For visualization, image brightness was uniformly adjusted, and scale bars were added.

RNA Extraction, Library Preparation, and Sequencing
Total RNA was extracted from whole ovaries using the Direct-zol™ RNA Miniprep Kit with TRI Reagent® (Zymo Research, R2051-A) following the manufacturer’s protocol, including on-column DNase I treatment to remove residual genomic DNA. RNA integrity was assessed using the Fragment Analyzer RNA kit (Agilent, DNF-471-0500), and RNA concentration was quantified with the Qubit™ RNA Broad Range Assay Kit (Life Technologies, Q10210). For each condition, libraries were prepared from 1 μg of RNA obtained from 4–5 biologically independent samples. mRNA was enriched using oligo(dT) magnetic beads (NEBNext® Poly(A) mRNA Magnetic Isolation Module; New England Biolabs) and used for directional library construction with the NEBNext® Ultra™ II Directional RNA Library Prep Kit and NEBNext® Multiplex Oligos for Illumina (New England Biolabs), according to the manufacturer’s instructions. Sequencing was performed at the RNomics platform (Université de Sherbrooke) on an Illumina NextSeq system using the NextSeq® 500/550 High Output Kit v2 (75 cycles), generating approximately 20 million reads per sample. Post-sequencing quality control was conducted using MultiQC109 (v1.25.1). Data were processed with the GenPipes RNA-seq pipeline110 (v4.4.5) using default parameters and aligned to the GRCm38 (mm10) mouse genome assembly.

mRNA-seq Data Processing and Analysis
Raw count matrices generated by the GenPipes RNA-seq pipeline were filtered to exclude low-abundance transcripts (≥5 counts in at least three samples per condition), normalized, and analyzed using DESeq2111 (v1.42.0). For inhibitor-treated samples, batch effects were corrected using ComBat-seq112 (sva R package, v3.50.0) prior to DESeq2 analysis. Differentially expressed genes (DEGs) were defined as those with ∣log2 FC∣>0.5 and FDR < 0.05 for cKO samples, and ∣log2 FC∣>0.5 with FDR < 0.1 for inhibitor-treated samples. Normalized Rlog counts from DESeq2 were visualized using ComplexHeatmap113 (v2.18.0). All mRNA-seq data have been deposited in the NCBI Gene Expression Omnibus under accession number [X]. Ranked gene lists were generated based on adjusted p-values (padj) and fold-change directionality and served as input for Gene Set Enrichment Analysis114 (GSEA, v4.1.0). GSEA was performed using weighted scoring (p = 1), 2,000 permutations, and gene set sizes between 10–200. An FDR threshold of 0.2 was applied, adjusted to 0.05 for inhibitor-treated samples. Enrichment was assessed using Biological Process gene sets from the Molecular Signatures Database (MSigDB; v2024-01-02). Significant pathways were visualized in Cytoscape115 (v3.10.1) as previously described116 . For inhibitor-treated samples, enriched pathways were clustered by Jaccard similarity of leading-edge genes, and the five most significant positive and negative pathways within each cluster were selected as representatives.

Chromatin immunoprecipitation assay
Given that LRH-1 is exclusively expressed in granulosa and luteal cells, chromatin immunoprecipitation (ChIP) assays were performed on whole ovaries. For ChIP-seq, ovarian tissues were collected at 0 and 48 h post-hCG treatment, with each replicate comprising three ovaries, two technical replicates per condition, and two independent experiments. For ChIP-qPCR in inhibitor-treated mice, two ovaries per condition were obtained from a single treated mouse at 48 h post-hCG, and four independent experiments were performed. All tissues were rinsed in PBS and immediately flash-frozen. ChIP experiments were performed essentially as previously described117 with minor modifications. Briefly, flash-frozen ovaries were cryofractured using a CP02 cryoPREP Automated Dry Pulverizer (Covaris) and crosslinked sequentially with 2 mM disuccinimidyl glutarate (DSG; Covachem, 13301) for 30 min, followed by 1.1% methanol-free formaldehyde (Life Technologies, 28906) in PBS for 10 min at room temperature with agitation. Crosslinking was quenched with 125 mM glycine, and tissues were washed three times in PBS containing 0.5 mg/mL BSA. Before lysis, mechanical disruption by syringe passages was applied to facilitate cell lysis: five passes through a 25-gauge needle in Buffer I, followed by five passes through a 27-gauge needle in Buffer II. Chromatin was sheared using a ME220 Focused-ultrasonicator (Covaris) with the following parameters: Peak Incident Power = 75W; Duty Factor = 15%; and Cycles Per Burst = 1000; for 14 minutes at 4 °C (Average Incident Power = 11.25 W), yielding chromatin fragments predominantly ranging from 50 to 300 bp. After centrifugation (15,000 × g, 10 min, 4 °C), chromatin was incubated overnight at 4 °C with 5 μg LRH-1 antibody (R&D Systems), while 5% was reserved as input control. Immunocomplexes were captured using Protein A magnetic Dynabeads (Life Technologies, 10002D), washed, and eluted. Crosslinks were reversed at 58 °C, and DNA was purified using the Monarch PCR & DNA Cleanup Kit (NEB, T1130L) and quantified with the Qubit™ 1× dsDNA High Sensitivity Assay Kit (Life Technologies, Q33230). DNA from technical replicates was pooled prior to library preparation. Sequencing libraries were prepared using the NEBNext® Ultra™ II DNA Library Prep Kit for Illumina and sequenced at the RNomics platform (Université de Sherbrooke) on an Illumina NextSeq system with the NextSeq® 500/550 High Output Kit v2 (75 cycles). For ChIP-qPCR, purified DNA was analyzed on a CFX96 Touch Real-Time PCR System (Bio-Rad) using primers listed in Table X. Primers efficiencies were validated by standard curves analysis, and enrichment was calculated relative to input. ChIP-qPCR validations were performed with negative and positive control regions.
ChIP-seq Data Processing and Analysis 
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Trimmomatic
Aligment with bowtie  on mm10
Remove PCR duplicates (using Picard’s MarkDuplicates) + remove blacklist
 Raw sequencing reads were quality-checked and aligned to the mouse reference genome (GRCm38/mm10) using standard pipelines. Peak calling was performed with MACS2118 (v2.2.7.1) using a permissive threshold (-p 3e-2) against input controls. Reproducible peaks across biological replicates were identified using the Irreproducible Discovery Rate framework119 (IDR, v2.0.3) with an IDR cutoff of 0.05 to ensure high-confidence binding sites. Differential binding analysis between experimental conditions was conducted using DiffBind120,121 (v3.12.0), with normalization to full library size and statistical testing via edgeR122 (v3.32.0). Regions with ∣log2 FC∣>1.5 and FDR < 0.1 were considered differentially bound. All raw and processed ChIP-seq data have been deposited in the NCBI Gene Expression Omnibus under accession number [X]. Genomic annotation and functional enrichment of LRH-1 peaks were performed using GREAT123 (v4.0.4) with the Basal+extension association rule (5 kb upstream, 1 kb downstream, 300 kb maximum extension, curated regulatory domains included). Peak distribution relative to genomic features (promoters, introns, intergenic regions) was annotated using ChIPseeker124 (v1.38.0). Signal visualization was standardized across conditions: replicate BAM files were merged using Picard125 (v2.23.3), normalized by CPM, and plotted with DeepTools126 (v3.5.1) for heatmaps and profile plots. SparK.py127 (v2.6.2) was used for high-resolution snapshots of individual loci. De novo motif discovery was performed within LRH-1 peak summits (±150 bp) using HOMER128 (v4.11). Enriched motifs were subsequently compared against curated transcription factor motif databases.

Single-Cell RNA-seq Analysis
Single-cell transcriptomic analysis was performed using Seurat129,130 (v5.0.1) in R131 (v 4.3.1). Reclustering was applied to 2,223 luteal or luteinizing cells derived from previously annotated granulosa cell clusters in whole-ovary cycling data (GC_CL_lytic, GC_CL_active, GC_Estrous, GC_Mural; Morris et al.)72 to refine luteal cell-state resolution. Data were normalized and variance-stabilized using the SCTransform workflow to correct for sequencing depth and technical variation with cell cycle effects regressed out. Dimensionality reduction was performed by PCA, retaining the first 14 principal components to capture cellular heterogeneity. Clustering optimization involved systematic testing of k.param values and resolution parameters, with cluster quality assessed using silhouette scores132 (Cluster R Package, v2.1.8.1) and adjusted Rand index133,134 (ARI) (Aricode R Package, v1.0.3). Final clustering was determined at k = 20 and resolution = 0.5, visualized by UMAP, ensuring robust separation of luteal subpopulations. Differential gene expression between clusters was assessed using Seurat’s FindMarkers function (Wilcoxon rank-sum test, adjusted p-values for multiple comparisons). To define marker genes for Active Luteal clusters (Clusters 4 and 6), these clusters were integrated into the whole-ovary dataset, and FindMarkers was rerun with only.pos = TRUE to identify global markers rather than subcluster-specific markers. Marker genes were annotated based on LRH-1 binding sites. Genes were classified as LRH-1–reprogrammed if LRH-1 ChIP-seq peaks were present within ±150 kb of the transcription start site (TSS) and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48 h post-hCG. Gene Ontology enrichment analysis of cluster-specific markers was performed using ShinyGO135 (v0.85), restricting to non-redundant Biological Process terms with gene set sizes between 10 and 1,000. Putative LRH-1 target genes—defined as genes downregulated in the cKO and associated to LRH-1 ChIP-seq peaks (n = 398)—were highlighted using Seurat’s AddModuleScore function.

Statistical Analysis
All statistical analyses were performed using GraphPad Prism (v10.1). Data are presented as mean ± SEM, and sample sizes (n), representing biological replicates, are indicated in figure legends. Statistical tests applied to each dataset are specified in the corresponding figure legends and detailed further in Method Details where appropriate. For histological quantification, when multiple follicles or corpora lutea were present per mouse, nested t-tests or nested one-way ANOVA with Dunnett’s correction for multiple comparisons were applied to the mean follicle or corpus luteum value per animal; plots display per-mouse averages. Outliers were identified using the ROUT method (Q = 1%) and removed when appropriate; only one wild-type mouse (0 h hCG) was excluded from all analyses. For sequencing datasets, statistical thresholds and sample sizes are provided in Method Details.
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Figure legends

Figure 1. Loss of LRH-1 disrupts lipid accumulation and metabolic gene networks in luteal cells.
(A) Schematic of the mouse ovarian superstimulation protocol and timing of Pgr-Cre expression. Created with BioRender.com. eCG, equine chorionic gonadotropin; hCG, human chorionic gonadotropin.
(B) LRH-1 loss does not affect corpus luteum number. Representative H&E-stained ovarian sections from control (CON; Nr5a2flox/flox) and LRH-1 conditional knockout (cKO; Nr5a2fl/fl; PgrCre/+) mice at 48h post-hCG, with quantification of corpus luteum per section (CON, n = 13; cKO, n = 10; Student’s t-test).
(C) LRH-1 expression is markedly reduced in luteal cells of cKO mice. Representative immunofluorescence images of LRH-1 (yellow) in ovarian sections from CON and cKO mice. White outlines indicate corpus luteum. Quantification of nuclear LRH-1 intensity (CON, n = 6; cKO, n = 5; nested t-test).
(D) Enrichment map of Gene Ontology biological processes from GSEA analysis (FDR < 0.2), highlighting pathways related to lipid metabolism and energy production.
(E) Heatmap of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries, showing leading-edge genes representative of major downregulated pathway clusters.
(F) LRH-1 loss disrupts lipid droplets accumulation. Representative Nile Red staining of corpus luteum from CON and cKO mice. White outlines indicate corpus luteum. Quantification of Nile Red mean fluorescence intensity. (n = 4 per group; nested t-test).
Data are represented as mean ± SEM; ∗p < 0.05; ∗∗p < 0.01. Each n represents a biological replicate, corresponding to one mouse. 

Figure 2.  Temporal LRH-1 binding dynamics coordinate metabolic gene programs in luteal cells.
(A) LRH-1 binding sites are remodeled in luteal cells. Average ChIP–seq signal profiles and heatmap for LRH-1 regions classified as 0 h specific, common, or 48 h specific (DiffBind; log₂FC > |1.5|, FDR < 0.1) are centered on summits within a ±3 kb window. Both visualizations display normalized CPM signal from merged replicates, grouped by dynamic category.
(B) LRH-1 consistently binds its own NR5A1/2 motif across all dynamic categories. The top four motifs enriched at LRH-1 summits (±150 bp) in each category were identified by HOMER de novo analysis.
(C) LRH-1 48 h-specific binding sites are associated with lipid and hormone metabolism. Gene Ontology (GO) analysis of biological processes associated with LRH-1 binding categories using GREAT (Basal+extension rule: 5 kb upstream, 1 kb downstream, 300 kb max extension, curated domains included).
(D) Enrichment map of GO biological processes from GSEA (FDR < 0.2) highlighting pathways linked to lipid metabolism and energy production in cKO mRNA-seq data. Clusters with positive normalized enrichment scores (NES) are indicated in red, and those with negative NES in blue. Leading-edge genes (n = 455) were overlapped with LRH-1 binding categories; genes present in multiple categories were assigned to 48 h specific sites (48 h & common = 48 h; 48 h & 0 h = 48 h; 0 h & common = common). No leading-edge genes were exclusive to 0 h specific sites.
(E) Genome browser snapshot of LRH-1 binding at steroid metabolism genes. Tracks show LRH-1 ChIP–seq signal at 0 h (purple) and 48 h post-hCG (orange). Gray boxes indicate common peaks; orange boxes indicate 48 h specific reprogrammed sites.

Figure 3. Single-cell transcriptomics uncovers distinct molecular signatures of active luteal cell populations in the ovary.
(A) Luteal cell heterogeneity. Clustering analysis identified seven transcriptionally distinct luteal cell subpopulations. Uniform Manifold Approximation and Projection (UMAP) visualization of luteal cells from cycling whole ovaries (data from Morris et al.). 
(B) Estrous cycle representation across clusters. UMAP and bar plot show the distribution of cells from proestrus, estrus, metestrus, and diestrus within each cluster.
(C) Cluster-specific marker genes. Heatmap of the top 10 marker genes per cluster, curated to highlight functionally relevant markers. Log₂(fold-change) values from LRH-1 cKO bulk mRNA-seq were clipped between –3 and 3 to visualize LRH-1 impact on marker genes. LRH-1 ChIP-seq binding is indicated; genes were classified as LRH-1–reprogrammed if ChIP-seq peaks occurred within ±150 kb of the transcription start site and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48 h post-hCG. 
(D) Identification of active luteal cell clusters. Clusters 4 and 6 exhibit high expression of Hsd3b1, a key enzyme in progesterone biosynthesis. UMAP visualization of Hsd3b1 expression.
(E) Active luteal marker overlap. Venn diagram comparing the top 150 markers of clusters 4 and 6. Marker genes were defined by integrating clusters 4 and 6 into the whole-ovary dataset and rerunning differential expression analysis to identify global markers (Figure S3D).
(F) Active luteal-specific markers. Dot plot of the top 10 markers for clusters 4 and 6 alongside common luteal markers.
(G) Luteal cell markers are enriched in lipid and steroid metabolism. The top four non-redundant Gene Ontology biological processes for marker genes specific to clusters 4 and 6, as well as common luteal markers, were identified using ShinyGO.
(H) Nr5a2 (LRH-1) expression is absent in active luteal cluster 6 and reduced in regressing cluster 3. UMAP visualization of Nr5a2 expression.
(I) Putative LRH-1 target genes are enriched in active luteal cluster 4. Genes downregulated in LRH-1 cKO and associated with LRH-1 ChIP-seq peaks at 48 h post-hCG (n = 398; including common and 48 h-specific binding) show significant enrichment in cluster 4.

Figure 4. LRH-1 coordinates large luteal cell identity. 
(A) BACE2, BHMT and PLIN4 are specifically expressed in luteal cells compared to granulosa cells. Representative immunofluorescence images of BACE2, BHMT or PLIN4 (magenta) of follicle (0 h hCG) and corpus luteum (48 h hCG). White outlines indicate follicle or corpus luteum. Quantification of mean fluorescence intensity for BACE2, BHMT, and PLIN4 (0 h, n = 4 for BACE2 and BHMT, n = 6 for PLIN4; 48 h, n = 4; nested t-test).
(B) LRH-1 expression correlates with BACE2 and BHMT but not PLIN4. High-resolution representative immunofluorescence images of BACE2, BHMT, or PLIN4 (magenta) with LRH-1 (yellow) in corpus luteum (48 h hCG). White outlines indicate nuclei (cyan). Scatter plots show LRH-1 nuclear integrated intensity versus BACE2, BHMT, or PLIN4 cellular integrated intensity for luteal cells from 17–26 corpora lutea across four mice (~80 luteal cells per corpus luteum). Each dot represents a luteal cell; endothelial cells were excluded based on nuclear morphology. Sample sizes: BACE2, n = 1,630; BHMT, n = 2,023; PLIN4, n = 891. Pearson correlation coefficient (r) is indicated. 
(C) LRH-1 is expressed in a subset of luteal cells. Representative immunofluorescence images of LRH-1 in corpus luteum with trained detection masks (blue: LRH-1 positive; pink: LRH-1 negative). Mean percentage of LRH-1–positive cells per corpus luteum (n = 33 corpora lutea from four mice). 
(D)  Heatmap of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries, showing large luteal specific marker genes (n = 97). Log₂(fold-change) values from LRH-1 cKO bulk mRNA-seq were clipped between –4 and 4 to visualize LRH-1 impact on marker genes. LRH-1 ChIP-seq binding is indicated; genes were classified as LRH-1–reprogrammed if ChIP-seq peaks occurred within ±150 kb of the transcription start site and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48 h post-hCG. Marker genes were categorized as LRH-1 putative targets (green; significant downregulation in cKO and proximal LRH-1 binding) or non-targets (pink).
Data are represented as mean ± SEM; ∗p < 0.05; ∗∗p < 0.01, ∗∗∗p < 0.001. Each n represents a biological replicate, corresponding to one mouse.
Figure 5. Nuclear enrichment and functional inhibition of ACSS2 and ACLY during luteinization.
(A) ACSS2 and ACLY increased in luteal cell nuclei. Representative immunofluorescence images of ACSS2 or ACLY (magenta) in follicle (0 h hCG) and corpus luteum (48 h hCG). White outlines indicate nuclei; red outlines indicate endothelial cells excluded based on nuclear morphology. Quantification of mean nuclear fluorescence intensity for ACSS2 and ACLY (0 h, n = 5; 48 h, n = 4; nested t-test).
(B) Experimental design for ACSS2 and ACLY inhibition during luteinization. Mice were treated with inhibitors at 0 h and 24 h post-hCG, and ovaries collected at 48 h. Schematic of ovarian superstimulation and inhibitor administration (created with BioRender.com). eCG, equine chorionic gonadotropin; hCG, human chorionic gonadotropin; Aclyi, SB-204990 (135 mg/kg); Acss2i, Ac-CoA Synthase Inhibitor 1 (25 mg/kg).
(C) ACSS2 or ACLY inhibition does not alter corpus luteum number. Representative H&E-stained ovarian sections from control (DMSO), ACSS2-inhibited (Acss2i), and ACLY-inhibited (Aclyi) mice at 48 h post-hCG, with quantification of corpus luteum per section.
(D) Inhibitor treatment does not induce cytotoxicity. Percentage of TUNEL-positive cell per condition.
(E) ACLY or ACSS2 inhibition reduces histone acetylation. Quantification of mean nuclear fluorescence intensity for H3K27ac, H3K9ac, H4K16ac, H2BK20ac, and H2AZac.
Data are represented as mean ± SEM; ∗p < 0.05. Each n represents a biological replicate, corresponding to one mouse. (C)-(D) DMSO; n = 2-3; Acss2i, n = 4; Aclyi, n = 3-4, nested one-way ANOVA with Dunnett’s multiple comparison test.

Figure 6. Transcriptomic and metabolic consequences of ACSS2 and ACLY inhibition during luteinization. 
(A) Principal component analysis (PCA) of rlog-normalized mRNA-seq counts reveals distinct clustering of ACLY- and ACSS2-inhibited ovaries, indicating divergent transcriptional profiles (DMSO, n = 4; Acss2i, Ac-CoA Synthase Inhibitor 1, 25 mg/kg, n = 5; Aclyi, SB-204990, 135 mg/kg, n = 5). 
(B–C) Differential gene expression analysis comparing Acss2i (B) or Aclyi (C) to DMSO-treated ovaries. Volcano plots show DESeq2 results (log₂FC > |0.5|, FDR < 0.1). See also Table X. 
(D) Limited overlap between transcriptional responses to ACSS2 and ACLY inhibition. Venn diagram illustrates shared (n = 137 genes) and treatment-specific differentially expressed genes (DEGs); representative upregulated (red) and downregulated (blue) genes are indicated. 
(E–F) Despite minimal overlap, ACSS2 and ACLY inhibition converge on similar biological pathways. Gene Ontology (GO) biological processes significantly enriched by GSEA (FDR < 0.05) were clustered based on Jaccard similarity index of leading-edge genes. For each cluster, the most significant GO term was selected, and the top five positive and negative clusters are shown for (E) Acss2i and (F) Aclyi treatments.
(G) Neutral lipid content within the corpus luteum is not significantly altered by ACSS2 or ACLY inhibition. Quantification of Nile red mean fluorescence intensity.
(H) Oil Red O staining reveals a modest reduction in lipid droplet size following ACSS2 inhibition. Quantification of lipid droplet area (µm²).
(I) Treated samples exhibited accumulation of free cholesterol within lipid droplets. Representative images of Filipin III (cyan) staining in luteal cells from DMSO-, Acss2i-, and Aclyi-treated mice at 48 h post-hCG. Quantification of Filipin III–positive droplet number normalized to area (µm²).
(J) ACSS2 inhibition reduces mitochondrial abundance. Representative immunofluorescence images of TOM20 (red) in luteal cells from control and treated mice. Quantification of mean fluorescence intensity.
(K) Distribution of large luteal cell marker genes downregulated by ACSS2 or ACLY inhibition stratified by LRH-1 regulatory status (log₂FC > |0.3|, FDR < 0.1).  Genes are categorized as LRH-1 putative targets (green; significantly downregulated in LRH-1 cKO and exhibiting proximal LRH-1 binding) or non-targets (pink).
(L) Heatmap of rlog-normalized counts from DMSO (n = 4) and Acss2i (n = 5) ovaries, showing large luteal specific marker genes affected by ACSS2 inhibition (n = 33). Log₂(FC) values from Acss2i bulk mRNA-seq were clipped between –1 and 1 to visualize Acss2i impact on marker genes. LRH-1 ChIP-seq binding is indicated; genes were classified as LRH-1–reprogrammed if ChIP-seq peaks occurred within ±150 kb of the transcription start site and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48 h post-hCG. Marker genes were categorized as LRH-1 putative targets (green; significant downregulation in cKO and proximal LRH-1 binding) or non-targets (pink).
(M) LRH-1 chromatin binding is preserved at genes downregulated upon ACSS2 or ACLY inhibition. ChIP–qPCR analysis of LRH-1 occupancy at representative loci (Ssu2 +10 kb, Bpifb6 +14 kb), with Star (–2 kb) as a positive control and a distal genomic region as a negative control.
Data are represented as mean ± SEM; ∗p < 0.05. Each n represents a biological replicate, corresponding to one mouse. (G)-(J) (DMSO, n = 3; Acss2i, n = 4; Aclyi, n = 4; nested one-way ANOVA with Dunnett’s multiple-comparisons test).  

Figure 1S. LRH-1 transcriptional changes are independent of granulosa cell effects (Not sure)
(A) LRH-1 expression remains unchanged in granulosa cells of growing follicles in cKO mice. Representative immunofluorescence images of LRH-1 (yellow) in ovarian sections from CON and cKO mice. White outlines indicate follicle. Quantification of mean nuclear fluorescence intensity (CON, n = 6; cKO, n = 5; nested t-test). Negative control without primary antibody is shown.
(B) Principal component analysis (PCA) of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries.
(C) Differential gene expression between CON (n = 4) and cKO (n = 5) ovaries. Volcano plot of DESeq2 results (log₂FC > |0.5|, FDR < 0.05). See also Table X. 
(D) Luteal cells accumulate lipids and cholesterol. Representative Nile Red (red) and Filipin III (cyan) staining of follicle (0 h hCG) and corpus luteum (48 h hCG). White outlines indicate follicle at 0 h and corpus luteum at 48 h post-hCG. Quantification of mean fluorescence intensity for Nile Red and Filipin III (0 h, n = 5; 48 h, n = 4; nested t-test).
Data are represented as mean ± SEM; ∗p < 0.05; ∗∗p < 0.01. Each n represents a biological replicate, corresponding to one mouse.
Figure 2S. LRH-1 chromatin occupancy shifts between follicular and luteal stages.
(A) Representative H&E-stained ovarian sections enriched for follicles (0 h hCG) or corpora lutea (CL; 48 h hCG).
(B) Principal component analysis (PCA) of library size–normalized LRH-1 ChIP-seq counts from 0 h and 48 h post-hCG ovaries (n = 2 per group).
(C) Differential LRH-1 binding between 0 h and 48 h hCG ovaries. Volcano plot of DiffBind using the edgeR statistical framework results (log₂FC > |1.5|, FDR < 0.1; n = 2 per group). See also Table X.
(D) LRH-1 binding is predominantly at enhancers. Genomic distribution of LRH-1 peaks classified as 0 h specific, common, or 48 h specific using ChIPseeker (promoter defined as ±3 kb).
(E) Genome browser snapshot of LRH-1 binding at follicular development genes. Tracks show LRH-1 ChIP–seq signal at 0 h (purple) and 48 h post-hCG (orange). Gray boxes indicate common peaks; purple boxes indicate 0 h specific reprogrammed sites.
(F) Genome browser snapshot of LRH-1 binding at follicular development and luteinization genes. Tracks show LRH-1 ChIP–seq signal at 0 h (purple) and 48 h post-hCG (orange). Gray boxes indicate common peaks.
(G) Genome browser snapshot of LRH-1 binding at two key genes in steroid metabolism. Tracks show LRH-1 ChIP–seq signal at 0 h (purple) and 48 h post-hCG (orange). Gray boxes indicate common peaks; orange boxes indicate 48 h specific reprogrammed sites.

Figure 3S. Validation of active luteal cell subclusters within whole-ovary single-cell transcriptomic data
(A) Whole-ovary clustering. UMAP visualization of cycling whole ovaries (data and analyses from Morris et al.).
(B) Luteal cells subset identification. Luteal cells (GC_CL_lytic, GC_CL_active, GC_Estrous, GC_Mural) highlighted in red within the whole-ovary UMAP, selected for subsequent clustering analysis.
(C) Clusters 4 and 6 exhibit high expression of Cyp11a1 and Hsd17b7. UMAP visualization of Cyp11a1 and Hsd17b7 expression.
(D) Active luteal clusters (4 and 6) highlighted within the whole-ovary UMAP visualization. 
(E) Putative LRH-1 targets—genes downregulated in LRH-1 cKO and associated with LRH-1 ChIP-seq peaks at 48 h post-hCG (n = 398; including common and 48 h specific binding)—show significant enrichment in active luteal cluster 4 within the whole-ovary UMAP visualization.
(F) Dot plot of markers distinguishing large and small luteal cells, including granulosa and theca cell markers and bovine luteal markers derived from transcriptomic datasets.

Figure 4S. Validation of corpus luteum regression markers 
(A) THBS1 and ONECUT2 expression is increased in regressing corpus luteum (CL). Immunofluorescence of ovarian sections showing elevated ONECUT2 (yellow) and THBS1 (red) in regressing CL relative to adjacent active CL. Cleaved caspase-3 (green) marks apoptotic cells. White outlines indicate regressing CL; “CL” labels denote active CL. Negative control without primary antibody is shown, with erythrocyte autofluorescence visible.
(B) UMAP visualization of Onecut2 and Thbs1 expression within luteal cell clusters.
(C) UMAP visualization of Onecut2 and Thbs1 expression across the whole-ovary dataset.
Figure 5S. LRH-1 and luteal cell marker expression in the ovary.
(A) BHMT, BACE2, and PLIN4 mark luteal cells. Representative immunofluorescence images of BACE2, BHMT, or PLIN4 (magenta) in a whole ovary section at 48 h post-hCG, merged with nuclear staining (cyan). Negative control without primary antibody is shown, indicating minimal nonspecific staining.
(B) UMAP visualization of Bhmt, Bace2, and Plin4 expression within luteal cell clusters.
(C) UMAP visualization of Bhmt, Bace2, and Plin4 expression across the whole-ovary dataset.
(D) LRH-1 expression in corpus luteum at 48 h post-hCG. Representative immunofluorescence images of LRH-1 (yellow) with trained detection masks (blue: LRH-1 positive; pink: LRH-1 negative). Insets show LRH-1 alone and merged with nuclear staining (cyan). 
(E) Heatmap of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries, showing luteal marker genes (n = 41). Log₂(FC) values from LRH-1 cKO bulk mRNA-seq were clipped between –4 and 4 to visualize LRH-1 impact on marker genes. LRH-1 ChIP-seq binding is indicated; genes were classified as LRH-1–reprogrammed if ChIP-seq peaks occurred within ±150 kb of the transcription start site and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48h post-hCG. Marker genes were categorized as LRH-1 putative targets (green; significant downregulation in cKO and proximal LRH-1 binding) or non-targets (pink).
(F) Heatmap of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries, showing small luteal specific marker genes (n = 80), with classification and visualization as in (E).
(G) Representative immunofluorescence images of SF-1 (magenta) and LRH-1 (yellow) staining of follicle and corpus luteum. White outlines indicate follicle or corpus luteum. Negative control without primary antibody is shown.
(H) LRH-1 expression doesn’t correlate with SF-1. High-resolution representative immunofluorescence images of SF-1 (magenta) with LRH-1 (yellow) in corpus luteum (48 h hCG). White outlines indicate nuclei (cyan). Scatter plots show LRH-1 nuclear integrated intensity versus SF-1 foci integrated intensity for luteal cells from 22 corpora lutea across four mice (~80 luteal cells per corpus luteum). Each dot represents a luteal cell; endothelial cells were excluded based on nuclear morphology. Sample size: n = 1,711. Pearson correlation coefficient (r) is indicated.
Maybe with CXCL12 IF but I am not sure as the IF is not particulary good, would it raised more doubt, or be more well validated?
Fig S6. LRH-1 does not correlate with small luteal marker genes.
(A) Heatmap of rlog-normalized counts from CON (n = 4) and cKO (n = 5) ovaries, showing small luteal specific marker genes (n = 80). Log₂(FC) values from LRH-1 cKO bulk mRNA-seq were clipped between –4 and 4 to visualize LRH-1 impact on marker genes. LRH-1 ChIP-seq binding is indicated; genes were classified as LRH-1–reprogrammed if ChIP-seq peaks occurred within ±150 kb of the transcription start site and ≥33.3% of peaks were dynamically gained or lost between 0 h and 48h post-hCG. Marker genes were categorized as LRH-1 putative targets (green; significant downregulation in cKO and proximal LRH-1 binding) or non-targets (pink).
(B) LRH-1 expression doesn’t correlate with CXCL12 and SF-1. High-resolution representative immunofluorescence images of CXCL12 or SF-1 (magenta) with LRH-1 (yellow) in corpus luteum (48 h hCG). White outlines indicate nuclei (cyan). Scatter plots show LRH-1 nuclear integrated intensity versus CXCL12 cellular integrated intensity or SF-1 foci integrated intensity for luteal cells from 18-22 corpora lutea across four mice (~80 luteal cells per corpus luteum). Each dot represents a luteal cell; endothelial cells were excluded based on nuclear morphology. Sample sizes: CXCL12, n = 1,630; SF-1, n = 1,711 Pearson correlation coefficient (r) is indicated.
(C) Representative immunofluorescence images of SF-1 (magenta) and LRH-1 (yellow) staining localization in a follicle or corpus luteum. White outlines indicate follicle or corpus luteum. Negative control without primary antibody is shown.  
(D) Representative immunofluorescence images of CXCL12 (magenta) and LRH-1 (yellow) staining localization in a corpus luteum. White outlines indicate corpus luteum. Negative control without primary antibody is shown.
(E) Representative immunofluorescence images of CXCL12 (magenta) in a whole ovary section at 48 h post-hCG, merged with nuclear staining (cyan).
(F) UMAP visualization of Cxcl12 expression within luteal cell clusters.
(G) UMAP visualization of Cxcl12 expression across the whole-ovary dataset.

FigS6. ACSS2 and ACLY mark luteal cells and correlate with LRH-1 expression.
(A) ACSS2 and ACLY increased in luteal cells. Representative immunofluorescence images of ACSS2 or ACLY (magenta) in follicle (0 h hCG) and corpus luteum (48 h hCG). White outlines indicate follicle or corpus luteum. Quantification of mean fluorescence intensity for ACSS2 and ACLY (0 h, n = 5; 48 h, n = 4; nested t-test). Data are represented as mean ± SEM; ∗p < 0.05. Each n represents a biological replicate, corresponding to one mouse.
(B) LRH-1 expression correlates with ACSS2 and ACLY. High-resolution representative immunofluorescence images of ACSS2 or ACLY (magenta) with LRH-1 (yellow) in corpus luteum (48 h hCG). White outlines indicate nuclei (cyan). Scatter plots show LRH-1 nuclear integrated intensity versus ACSS2 or ACLY cellular integrated intensity for luteal cells from 23–25 corpora lutea across four mice (~80 luteal cells per corpus luteum). Each dot represents a luteal cell; endothelial cells were excluded based on nuclear morphology. Sample sizes: ACSS2, n = 1,436; ACLY, n = 1,566. Pearson correlation coefficient (r) is indicated.
(C) ACSS2 and ACLY mark luteal cells. Representative immunofluorescence images of ACSS2 and ACLY (magenta) in a whole ovary section at 48 h hCG, merged with nuclear staining (cyan). Negative control without primary antibody is shown.
(D) UMAP visualization of Acss2 and Acly expression within luteal cell clusters.
(E) UMAP visualization of Acss2 and Acly expression across the whole-ovary dataset.

FigS7. Validation of histone acetylation changes following ACSS2 and ACLY inhibition
(A) Representative TUNEL assay images in corpus luteum (48 h hCG) from control and inhibitor-treated mice. Negative control omitting TdT enzyme and positive control treated with DNase I are shown.
(B) Representative immunofluorescence images of histone acetylation marks (H3K27ac, H3K9ac, H4K16ac, H2BK20ac, H2AZac; green) in corpus luteum (48 h hCG) from control and inhibitor-treated mice. Negative control without primary antibody is shown.
(C) Representative immunofluorescence images of the same histone acetylation marks in adjacent follicles from control and inhibitor-treated mice.
(D) Quantification of mean nuclear fluorescence intensity for H3K27ac, H3K9ac, H4K16ac, H2BK20ac, and H2AZac (CON; n = 2-3; Acss2i, n = 4; Aclyi, n = 3-4, nested one-way ANOVA with Dunnett’s multiple comparison test)
Data are represented as mean ± SEM; ∗p < 0.05. Each n represents a biological replicate, corresponding to one mouse.
FigS8. 
(A)  Acss2 and Acly transcript levels show no compensatory changes upon inhibition. Relative counts per million (CPM) in DMSO, Acss2i, and Aclyi ovaries (CON, n = 4; Acss2i, n = 5; Aclyi, n = 5; Ordinary one-way ANOVA with Dunnett’s multiple comparison test).
(B–C) Representative images of neutral lipid staining in corpus luteum. (B) Nile Red staining (red) and (C) Oil Red O staining (red) in control and inhibitor-treated mice; white outlines indicate corpus luteum.
(D) Free cholesterol content remains unchanged following ACSS2 or ACLY inhibition. Representative images of Filipin III (cyan) staining of corpus luteum and quantification of mean fluorescence intensity (DMSO, n = 3; Acss2i, n = 4; Aclyi, n = 4; nested one-way ANOVA with Dunnett’s multiple comparison test). White outlines indicate corpus luteum.
(E) Negative control for TOM20 immunofluorescence omitting primary antibody.
(F) Most downregulated large luteal marker genes in Aclyi overlap with Acss2i. Venn diagram showing shared downregulated large luteal markers; examples of upregulated (red) and downregulated (blue) genes highlighted.  
(G–H) Distribution of downregulated luteal cell markers (G) and small luteal markers (H) following ACSS2 or ACLY inhibition, stratified by LRH-1 regulatory status (log₂FC > |0.3|, FDR < 0.1). Genes are classified as LRH-1 putative targets (green; significantly downregulated in LRH-1 cKO and exhibiting proximal LRH-1 binding) or non-targets (pink).
(I) Most upregulated granulosa cell marker genes in Aclyi overlap with Acss2i. Venn diagram showing shared upregulated granulosa markers; examples of upregulated (red) and downregulated (blue) genes highlighted. 
(J) Heatmap of rlog-normalized counts from DMSO (n = 4) and Acss2i (n = 5) ovaries, showing granulosa cell marker genes affected by Acss2i (n = 52). Log₂(FC) values from Acss2i bulk mRNA-seq were clipped between –1 and 1 to visualize Acss2i impact on marker genes. 
Data are represented as mean ± SEM; ∗p < 0.05, ∗∗p < 0.01. Each n represents a biological replicate, corresponding to one mouse.






