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The ovary plays a crucial role in the reproductive system of female mammals by producing mature oocytes through fol-
liculogenesis. Non-human model organisms are extensively utilized in research on human ovarian biology, thus neces-
sitating the investigation of conservation and divergence in molecular mechanisms across species. In this study, we
employed integrative single-cell analysis of transcriptome and chromatin accessibility to identify the evolutionary con-
servation and divergence patterns of ovaries among humans, monkeys, mice, rats, and rabbits. Our analyses revealed
that theca cells exhibited the most significant changes during evolution based on scRNA-seq and scATAC-seq data-
sets. Furthermore, we discovered common cis-regulatory architectures in theca cells across species by conducting
joint analyses of scRNA-seq and scATAC-seq datasets. These findings have potential applications in non-human bio-
medical and genetic research to validate molecular mechanisms found in human organisms. Additionally, our investi-
gation into non-coding genomic regions identified intergenic highly transcribed regions (igHTRs) that may contribute
to the evolution of species-specific phenotypic traits. Overall, our study provides valuable insights into understanding
the molecular characteristics of adult ovaries while offering new perspectives for studying human ovarian physiology
and diseases.

Introduction and cell proliferation in ovary [4-6]. Theca cells surround the gran-
ulosa cells, forming an envelope comprising the theca interna
housing theca endocrine cells, and the theca externa originating
from fibroblast-like cells [7]. Additionally, the theca layer facilitates
nutrient transport to granulosa cells, cumulus cells, and oocytes
through vascular tissue [8]. Stromal cells expressing BMP4 and
BMP?7 influence early follicles development [9]. Thus, the coordi-
nated development of these cells is important to folliculogenesis.

The dysfunction of ovarian somatic cells can cause the
unbalance of reproductive endocrine function, and then affects
oocyte quality and reproductive health [10, 11]. In the past period,
researchers have been able to explore the early development

The ovary is an important endocrine and reproductive organ in
female mammal, composing of oocytes and ovarian somatic cells
[1]. Folliculogenesis is a sophisticated event in the mammalian
ovary, that not only requires the support of surrounding somatic
cells but also essential hormonal signals and remodeling of ovar-
ian structure [2, 3]. Granulosa cells (GCs), stromal cells (SCs), and
theca cells (TCs) are vital for structural support and hormone syn-
thesis. Granulosa cells gradually undergo a transformation from a
squamous or cuboid shape to a cubic shape, and this alteration
in granulosa cell morphology is closely related to steroidogenesis

© The Author(s) 2024. Published by Oxford University Press on behalf of Higher Education Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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of the ovary, cellular composition, ovarian aging, and diseases,
as well as other physiological and pathological processes in
humans or other model organisms in more detail [12—21], with the
advancement of single-cell sequencing technology. For instance,
Fan et al. utilized single-cell transcriptome technology to ana-
lyze the composition of human ovarian cells [13], and Wang et
al. drew a cellular atlas of the ovary and reported transcriptional
regulatory characteristics during primordial follicle assembly in
mice [20]. Wang et al. unravelled cell type specific mechanisms
of ovarian aging and identified new diagnostic markers by non-
human primate model [21]. Morris et al. cataloged dynamic
changes of ovarian cells during the entire estrous cycle in mice
[17], and Lengyel et al. explored the changes in the cellular com-
position of the normal postmenopausal ovary by single-cell tran-
scriptome and chromatin accessibility [15].

However, current research mostly focuses on a single spe-
cies and transcriptome sequencing, the conserved and species-
specific features in the transcriptomes and chromatin states of
adult ovarian somatic cells between human and other model
organisms remain an incompletely understood area. For ethical
reasons, it is not allowed to use human organisms for biomedi-
cal or genetic experiments to study ovary. Thus, it is important to
figure out the conservation and divergence of molecular mech-
anisms across species. Here we generated a single-cell multi-
omics map of the ovaries from monkey, mouse, rat and rabbit
by 10x Genomics Chromium Single Cell Multiome ATAC + Gene
Expression platform, and integrated a reported adult human
multi-omics ovarian dataset [14] for revealing the conservation
and divergence of ovarian somatic cells across species. Our
comprehensive analysis provides new insights into transcriptomic
and epigenetic evolutionary process of ovarian somatic cells.
Furthermore, cis-regulatory architecture of ovarian somatic cells
identified by conjoint analyses of scRNA-seq and scATAC-seq
datasets figured out overlapping epigenetic regulatory across
species. Besides, this work identified intergenic highly transcribed
regions (igHTRs) in non-coding genomic regions that might con-
tribute to the evolution of species-specific phenotypic traits. This
work is advantageous to better understand molecular character-
istics of adult ovary and offer new insights for the study of human
ovarian physiology and disease.

Results

Cross-species transcriptomic conservation and divergence
of ovarian somatic cells

To evaluate the conservation and divergence of ovarian somatic
cellsinadultmammals, we integrated scRNA-seq data of adult ova-
ries from five placental mammalian species: one from published
data of human (21- to 31-year-old, antral follicles) [14], and four
generated data in this study of monkey (6- to 10-year-old), mouse
(10-week-old), rat (10- to 22-week-old), and rabbit (20-week-old)
(Fig. 1A, 1B and S1B, Table S1). Through strict quality control,

OXFORD

UNIVERSITY PRESS

Life Medicine

a total of 57,408 high-quality single cells were obtained for sub-
sequent analysis (Table S2). The datasets included 13 libraries,
with the median gene number more than 1,300 and the median
unique molecular identifiers (UMIs) number reaching up to 10,000
(Fig. STA). The uniform manifold approximation and projection
(UMAP) dimension reduction result showed that cells were clus-
tered together according to specific somatic cell types rather than
species (Fig. 1C, 1D, and 1E). This result indicated that our data
captured the ovarian somatic cell gene expression programming
shared by placental mammals, despite their divergent evolution
was approximately 90 million years (Fig. 1A and 1B). In accor-
dance with this, the functional genes for specific cell types were
expressed in the corresponding cell population (Figs. 1E, 1F and
S1C), for example, CYP17A1, CYP11A1 (coding steroidogenic
enzyme) in theca cells [22—24], TCF21, BGN (former suppresses
the expression of SF1; later is a paracrine signaling factor) in stro-
mal cells [25, 26], and FST, INHA (regulating FSH levels) in gran-
ulosa cells [27-29] (Figs. 1A, 1B and S1B, Table S1).

To further explore the transcriptomic features of ovarian
somatic cells across species, we used a single-cell coordinated
gene activity in pattern sets (scCoGAPS) algorithm to find gene
patterns specific to human stromal cells, granulosa cells and
theca cells (Fig. 2A). The scCoGAPS is a non-negative matrix fac-
torization (NMF) method to define latent spaces from scRNA-seq
dataset, which reveal more about biological systems than marker
genes alone [30]. Then, the specific patterns in human somatic
cells were projected into the somatic cells of other species (Fig.
S2A, S2B, and S2C). Some patterns were conserved across five
species, for instance, pattern 52 and pattern 56 (Fig. S2D and
S2E). Pattern 52 was involved in Gene Ontology (GO) terms
like mesenchymal cell proliferation, Wnt/BMP signaling pathway
and response to peptide hormone, and pattern 56 was involved
in GO terms like steroid hormone biosynthetic process, such as,
estrogen (Fig. S2F and S2G). However, some patterns for theca
cells were only identified in one species (Fig. 2B, 2C, and 2D). For
example, pattern 33 which was specific in rabbit theca cells was
enriched in GO terms like oocyte development and maturation.
Pattern 29 related to sterol or cholesterol transport and pattern 64
related to estrous cycle were specific in human theca cells.

To explore the relationship of ovarian cells across species from
an evolutionary aspect, we constructed the gene expression trees
based on the pseudo-bulk transcriptomes of the whole ovaries (Fig.
2E), stromal cells, granulosa cells and theca cells, respectively (Fig.
S2H), which were consistent with the known mammalian phylogeny
development (Fig. 1B). The total branch length of trees of somatic
cells showed that theca cells had the longest length (Fig. 2F). This
indicted that the theca cells obtained more evolutionary expression
changes. In ovaries, theca cells play an important role in maintain-
ing follicular structural integrity, facilitating nutrient transport, and
synthesizing essential steroid hormones (such as, testosterone and
estradiol) [7, 8]. Comparative analysis of theca cell gene expres-
sion across species using the Seurat tool ‘FindMarkers’ function
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Figure 1. Single-cell transcriptome profiling across human, monkey, mouse, rat, and rabbit.

(A) Schematic representation of the experimental and bioinformatics workflow. Adapted from BioRender templates. (B) Phylogeny of the five
mammals included in this study based on TimeTree5. (C, D) UMAP visualization of the integrated scRNA-seq datasets, colored by cell type
(C) and species (D), respectively. (E) Dot plot showing the average expression levels of marker genes in all cell types, respectively. Average
expression levels were calculated using natural logarithm-scaled normalized counts. The size of each dot represents the percentage of cell
expressing a particular gene. (F) UMAP visualization of the marker genes of theca cells, stromal cells and granulosa cells.
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Figure 2. The comparison of single-cell transcriptomes across species.

(A) Heatmap showing the patterns of gene expression using scCoGAPS algorithm in human cells. The correlation of each pattern to human
types was colored. (B—-D) Heatmap showing the correlation to three cell types of the pattern 33 (B), 29 (C), and 64 (D) across species (upper);
lollipop charts showing the GO terms of genes from corresponding pattern (lower). (E) Phylogeny tree showing the relationships across five
species based on pseudo-bulk transcriptomes of whole cells. Bootstrap values were colored. (F) Boxplot showing branch lengths of trees
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identified differentially expressed genes across species in TCs (Fig.
2l and 2G). GO analysis revealed that genes highly expressed in
human TCs were related to lipid metabolism and hormone secre-
tion, such as, lipid oxidation and insulin secretion. Insulin has been
reported to stimulate the production and secretion of androgens
by the ovarian theca cells [31]. Highly expressed genes in mon-
key TCs were related to carbohydrate metabolism such as hexose
metabolic process and gluconeogenesis. Highly expressed genes
in mouse TCs were associated with BMP signaling pathway and
oocyte development. BMPs can act directly on the theca cell to
inhibit androgen production [8]. Female gamete generation related
genes were highly expressed in rat TCs. Hippo signaling and Notch
signaling pathway related genes were highly expressed in rabbit
TCs. Besides, six functions involving the reshaping of reproduc-
tive structures and response to peptide hormones (Fig. 2H) were
enriched across the five species. These GO terms enriched by
the species-specifically highly expressed genes were consistent
to reported TCs functions during folliculogenesis. Taken together,
although the gene expression patterns of TCs varied across spe-
cies, the functions of TCs were conservative.

The epigenetic changes during evolutionary process of
ovarian cells across human, monkey, mouse, rat, and rabbit
To investigate the epigenetic changes of evolution in mammalian
ovarian somatic cells, we simultaneously performed single-cell
sequencing assay for transposase-accessible chromatin (ScATAC-
seq) of ovarian somatic cells in humans, monkeys, mouses, rats
and rabbits (Table S1). After filtering out low-quality nuclei, a total
of 23,804 single nuclei with high-quality open chromatin profiles
(5,189 for human, 7,263 for monkey, 4,788 for mouse, 5,951 for rat
and 613 for rabbit) were obtained from scATAC-seq data. Then,
we integrated scRNA-seq and scATAC-seq by identifying shared
patterns in the gene activity matrix and gene expression matrix.
The cell identities were assigned using cross-modality integration
and label transfer (Fig. 3A), and the representative genes exhib-
ited high accessibility levels (Figs. 1F and S3).

Next, we converted monkey, mouse, rat and rabbit peaks
coordinates into human genome coordinates using liftOver to
address the evolutionary relationships of chromatin accessibil-
ity across species. Peaks were categorized into “Not alignable”
(non-conserved DNA sequence) and “others” (conserved DNA
sequence). “Others” was further divided into ‘Alignable, but not
accessible” (conserved DNA sequence but not open chromatin
regions in other species) and “Conserved accessible” (conserved
DNA sequence and open chromatin regions in other species)
[32]. Consistent with the evolutionary distances of species in
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the phylogenetic tree, our results revealed that the proportion of
“Conserved accessible” regions decreased sequentially in mon-
key, mouse and rat, ranging from approximately 40% to 20% (Fig.
3B). PCA (principal components analysis) was done based on
‘Alignable, but not accessible” and “Conserved accessible” peaks,
and interestingly, the human, monkey, mouse and rat theca cells
were further away from stromal cells and granulosa cells (Fig. 3C
and 3D). The phylogenetic trees built by the genetic distance of
DNA sequence of conserved peaks among five species from stro-
mal cells, granulosa cells and theca cells documented that theca
cells acquired more changes during evolutionary process (Fig. 3E
and 3F), which was consistent with the phylogenetic trees built by
gene expression (Fig. 2F).

Cis-regulatory architecture of theca cells across species
Since both phylogenetic trees based on scRNA-seq and scATAC-
seq documented that theca cells changes most among the three
ovarian somatic cells during evolution, we further performed
cojoint analyses of the two datasets to elucidate the cis-regulatory
architecture of theca cells across species [33]. First, we identified
the candidate cis-regulatory elements (cCREs) and their target
genes which were obtained from co-accessible peaks annotated
as promoter elements. The theca cell cCREs with similar distribu-
tions of distance from genes across species (Fig. 4A) and chro-
matin accessibility of which having a strong positive correlation
(Pearson’s r > 95th Pearson’s r) with target genes (Fig. 4B), were
defined as gene-linked cCREs (gl-cCREs) (Table S4). A gene was
linked with 1 to 3 cCREs (Fig. 4C), and the majority of gl-cCREs
in five species were mapped to intronic regions (Fig. S4A). For all
species in this study, we found little overlap between gl-cCREs
genes and species-specifically highly expressed theca cell genes
identified by scRNA-seq datasets (Figs. 2G, 2I, and S4B). This
result may indicate a different role of gl-cCREs genes in theca cell
transcriptomic and epigenetic evolution.

Next, we analyzed the function of gl-cCREs genes in each
species, and found gl-cCREs genes of different species were
partially overlapped and some GO terms were shared (Fig. 4D
and 4E). For instance, cellular component disassembly, nucleo-
cytoplasmic transport and nuclear transport were enriched in all
the five species (Fig. 4F). Moreover, motif enrichment analysis of
gl-cCREs by MEME SEA showed that 122 TFs (transcription fac-
tors) were shared across five species (Fig. 4G). 51 of the 122 TFs
were expressed (average normalized expression > 0.2) in human
and 21 of 51 TFs were conservatively expressed across the five
species (Fig. 4H; Table S5). For example, FOSB was reported as a
hub gene of transcriptional regulatory in monkey ovarian somatic

based on pseudo-bulk transcriptomes. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, n.s. denotes not significant (Wilcoxon rank-sum
test). (G) UpSet plot showing intersection of species-specifically highly expressed theca cell genes. (H) UpSet plot showing intersection of
GO terms of genes identified in Fig. 2G per species. (I) Heatmap showing the scaled average expression levels of species-specifically highly
expressed TC genes (detected only once) in each species. The representative GO terms were displayed on the right.
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Figure 3. Comparison of single-cell ATAC-seq datasets across species.

(A) UMAP visualization of the single-cell chromatin accessibility, colored by cell type. (B) Bar plot showing the fraction of three categories of
peaks. (C) PCA visualization based on conserved peaks; colored by cell types and shaped by species. (D) Radar chart showing the distance
in PC2 among granulosa cells, stromal cells and theca cells, related to Fig. 3C. (E) Phylogeny tree showing the relationships across five
species based on the sequences of conserved peaks. Bootstrap values were colored. (F) Boxplot showing branch lengths of trees based on
the sequences of conserved peaks. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, n.s. denotes not significant (Wilcoxon rank-sum test).

cells and FOS affected somatic cell apoptosis and oocyte matura-
tion [21, 34, 35]. Besides, some studies documented that EGR1
was regulated by FSH and LH, and it mediated the proliferation of
theca cells by FGF signaling during folliculogenesis [36, 37]. These
results revealed common epigenetic regulatory across species,
which could be candidate of biomedical and genetic research con-
tents in non-human organisms to validate findings of human data.

The evolution of transcriptional activities at non-annotated
genome regions of ovaries across species

To assess if other genomic regions (non-coding regions) have tran-
scriptional activity and contribute to evolution of species-specific
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phenotypic traits, we aggregated our scRNA-seq reads as pseudo-
bulk base on species and cell types. Generally, more than 50%
of the reads were mapped to exons and introns regions (included
repeats), and the remaining reads were mapped within non-coding
and intergenic regions (Fig. S5A). Such distribution of transcrip-
tome reads was common in the five species, but the percentage
of genomic regions varied among species. Taken theca cells as
example, nearly 60% of human reads were mapped to exons
regions, more than 20% of monkey and rabbit reads were mapped
to intergenic regions without repeats, and 14.1% of mouse reads
were annotated to non-coding RNA regions (Fig. 5A). We also
explored the distribution of reads in independent samples of
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Figure 4. Analysis of cis-regulatory elements in theca cells of different species.
(A) Density plot showing the distributions of distance between cCREs and genes, dash line indicates the median distance. (B) Line plot showing
the ordered Pearson’s r between chromatin accessibility of cCREs and expression of their target genes, dash line indicates 95th Pearson’s r.
(C) Line plot showing the number of cCREs linked by genes, dash line indicates x = 2. (D) UpSet plot showing the intersection of gl-cCREs
genes. (E) UpSet plot showing GO terms of gl-cCREs genes per species, sets marked with asterisk (*) were shown in Fig. 4F. (F) Heatmap
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Figure 5. Analysis of highly transcribed intergenic regions.

(A) Bar plot showing the percentages of annotated genomic elements in theca cell transcriptome alignment regions. (B) Bar plot showing the
expression levels (reads per 1 kb) of exons and igHTRs in theca cells. (C) Bar plot showing the distribution of distance between igHTRs and
TSS in theca cells. (D) Line plots showing the chromatin accessibility of igHTRs, and their 2 kb upstream and downstream. As control, random
genomic regions were selected in corresponding species. (E) Cicero co-accessibility at selected igHTRs (x 100 kb) in human theca cells,
colored by the score of co-accessibility. Arcs connecting peaks represent co-accessibility. (F) Bar plot showing the fraction of three categories
of igHTRs. (G) Venn diagram showing the overlaps of motif enrichment in igHTRs. (H) Dot plot showing the average expression levels of
transcription factors expressing in human theca cells. The size of each dot represents the P-value and the color of each dot represents average
expression levels (blue indicates no expression, average expression levels < 0.2).

human and monkey, and the similar pattern was obtained (Fig.
S5B). Without taking into account of differences in the quality of
genome annotation among species, this might indicate the evolu-
tion of different genomic regions.

To characterize intergenic regions (without repeats) in theca
cells in depth, we merged the regions and calculated the expres-
sion levels of intergenic regions. Notably, the expression levels

of such regions greatly exceed the expression levels of exons for
each species and we defined these regions as intergenic highly
transcribed regions (igHTRs) [38] (Fig. 5B; Table S6). The length
of igHTRs was mainly distributed between 300 and 600 bp (Fig.
S5C), which was slightly shorter in rabbits and the great majority of
reads were 10—-100 kb away from the transcription start site (TSS)
(Fig. 5C). In addition, igHTRs were of high chromatin accessibility

(H) Dot plot showing the average expression levels of transcription factors expressing in human theca cells. The size of each dot represents
the P-value and the color of each dot represents average expression levels (blue indicates no expression, average expression levels < 0.2).
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The conservation and divergence of ovarian somatic cells were characterized by transcriptome and chromatin accessibility across rodents,

monkeys, and humans.

(Fig. 5D) and some igHTRs were co-accessible with TSS in theca
cells of primates and non-primates (Fig. 5E). To evaluate conser-
vativeness of igHTRs across species from the aspect of chromatin
accessibility, we converted monkey, mouse, rat and rabbit igHTRs
coordinates into human genome coordinates by liftOver. The
igHTRs were firstly classed into “Not conserved” (non-conserved
DNA sequence) and “others” (conserved DNA sequence). “Others”
was further divided into “Conserved, but not igHTRs” (conserved
DNA sequence but not igHTRs in human) and “Conserved” (con-
served DNA sequence and overlapped with human igHTRS).
These results showed that the other species igHTRs shared con-
served DNA sequence with human (Fig. 5F), but their chromatin
accessibility differed from human igHTRs (Fig. S5D).

From another aspect to evaluate the conservativeness of
igHTRs, the TF enrichment was performed using igHTRs from
five species and 41 TFs were enriched in five species (Fig. 5G).
Based on scRNA-seq data, 22 of the 41 TFs were expressed
in human theca cells and 7 of 22 TFs were conserved across
five species (Fig. 5H), for example, FOSL2, which is involved in
the regulation of CYP711A7 and the later encodes the enzyme

Life Medicine, 2024, Volume 3

P450scc related to the production of pregnenolone [39, 40], and
KLF9, a gene that is reported to regulate the activity of progester-
one receptor [41]. These results indicated that the non-annotated
genome regions can contribute to the evolution and conservative-
ness of TCs across the five species.

Discussion

To date, several non-human model organisms were employed to
explore molecular mechanism found in human ovary using bio-
medical and genetic approaches. However, the credibility of con-
clusions made by non-human organisms needs to be carefully
evaluated due to differences between species and it is necessary
to study the evolutionary conservation and divergence of ovary
across species. Integration of single-cell multi-omics has been
used to catalog cell states and activities in various species [42]
and this can improve our knowledge of the transcriptional regu-
latory program in adult ovarian cells. There is a lack of compre-
hensive analysis of ovarian cells across species from a molecular
point of view.
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The integrative comparison of the scRNA-seq and scATAC-
seq between human and other model organisms in our study
uncovered significant evolutionary changes across species,
including gene expression patterns, open chromatin regions,
gene-linked regulatory elements, and non-coding genomic
regions (Fig. 6). Moreover, the evolution processing of ovarian
somatic cells was varied, with the theca cells having the most
evolutionary changes, both in gene expression and chromatin
accessibility (Figs. 2F and 3F), while the granulosa cells being
the most conservative. These results highlighted the importance
of evaluating the evolutionary conservation and divergence when
selecting a model system. Thus, choosing common cis-regulatory
architecture across human and other species as candidate bio-
medical and genetic research contents in non-human organisms
would draw more convincing conclusion for the study of human
ovarian physiology and disease. Our conjoint analyses of scRNA-
seq and scATAC-seq datasets revealed such common molec-
ular characteristics even in the most different cell types among
species.

In summary, this is a comparative frontier single-cell multi-
omics analysis of ovaries across species. Our work deepens the
understanding of the transcriptome and epigenetic features of
ovarian somatic cells in adult, uncovers the evolutionary conser-
vation and divergence of ovary across species, and provides new
insights for the study of human ovarian physiology and disease.

Research limitations

Combining other omics, such as methylome and proteome will be
helpful to find more conservative regulatory architecture across
species. In addition, higher quality of genome annotation is
needed for cross-species analysis.

Methods

Research ethics
The datasets of human ovaries were downloaded from the GEO database
(GSE192722). And the experiments of cynomolgus monkeys were con-
ducted according to the Principles for the Ethical Treatment of Non-human
Primates and were approved in advance by the Institutional Animal Care
and Use Committee of the Institute of Zoology (I0Z-IACUC-2021-178).
The experiments of mouse, rats and rabbits were conducted accord-
ing to the standard operating procedure of the Institute of Zoology
(I0Z-IACUC-2020-107).

All applicable institutional and national guidelines for the care and
use of animals were followed in this study.

Ovary collection and single-cell dissociation

Single-cell isolation was performed based on a protocol described pre-
viously with modification [43]. In brief, animals were killed following
experimental animal welfare and ovaries were collected for single-cell dis-
sociation. Then, ovaries from same species were transferred into a 1.5 mL
tube with 400 pL M2 medium (Sigma-Aldrich, M7167) and 50 pL colla-
genase IV (1 mg/mL, Gibco, 17104-019), and incubates at 37°C under
1,000 rpm for 15—20 minutes. Then adding 200 pL 0.05% TrypLE Express
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Enzyme (Gibco, 12604021) into tube after removing the supernatant and
incubates at 37°C under 1,000 rpm for 20—30 minutes. Next, 400 puL M2
medium was added to stop digestion and pipette for 50—100 times to disso-
ciate the ovary into cell suspension. Then spin down the cells on Mini-spin
for 30 s and removing the supernatant, 400 uL M2 medium was added
to resuspend the cells (repeat once). Finally, removing the supernatant,
cells were resuspended with 1x DPBS and 0.04% BSA. These cells were
counted using a cell counter and then used for single-cell sequencing.

Hematoxylin-eosin staining

Fresh ovaries were fixed, dehydrated, and then the tissues were embed-
ded in paraffin. Next, the embedded ovaries were cut into sections using
a rotary microtome (Leica, HistoCore BIOCUT). After deparaffinizing, the
sections were processed for hematoxylin-eosin staining. Finally, the tissue
sections were dried in fume hood for at least 2 days before imaging using
slide scanner (Leica, Aperio VERSA 8).

Immunofluorescence staining

Fresh ovarian tissues were fixed, dehydrated, and embedded in OCT
medium prepared for sectioning using a cryostat microtome (Leica,
CM1860). Subsequently, the sections were permeabilized and blocked in
turn, followed by incubating with primary antibodies (Abcam, ab134910,
1:100; Santa Cruz, sc-374244, 1:100). Samples were further incubated
with secondary antibodies (Thermo Fisher, A-21429, 1:500). Finally, sam-
ples were stained using DAPI and imaged under an upright fluorescence
microscope (Nikon, Ci-L Plus).

Single-cell library construction and sequencing

For the construction of scRNA-seq or scATAC-seq libraries, 10x Genomics
Chromium Next GEM Single Cell Multiome ATAC + Gene Expression
Reagent Bundle were used according to the manufacturer’s instructions.
Sequencing was run on lllumina NovaSeq 6000 and roughly 30—40 million
reads were obtained per library.

Genomes and annotations

For human and mouse, reference genomes were obtained from 10x
Genomics: human (GRCh38-2020-A-2.0.0), mouse (mm10-2020-A-2.0.0).
And for other species, genomes and corresponding annotations were
downloaded the from Ensembl: cynomolgus monkey (macFas5), rabbit
(OryCun2.0), rat (mRatBN7.2) and then, reference genomes were gener-
ated as instructed by Cell Ranger ARC (v2.0, 10x Genomics).

Alignment of sequencing reads and low-quality cells removal

For sequencing data generated by 10x Genomics platform, raw sequenc-
ing reads were aligned to corresponding reference, the count, peak
and fragment matrices was generated by Cell Ranger ARC (v2.0, 10x
Genomics). For each sample independently, cells were marked low qual-
ity were filtered and quality control standards were provided in Table S1.

Cell type assignment

For single-cell RNA sequencing data, first, Seurat [44] object was
created and normalization was performed for each species, respec-
tively. And the high variable genes (HVGs) were identified using the
FindVariableFeatures with default parameters. The batch correction was
then performed by FindIntegrationAnchors and IntegrateData in monkey
data. Next, uniform manifold approximation and projection (UMAP) was
performed by RunUMAP, followed the cluster identification was done with
FindNeighbors and FindClusters. Subsequently, the cell populations were
identified based on the enriched expression of selected markers in each
seurat object.
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For single-cell ATAC sequencing data, cell type labels were trans-
ferred to the scATAC-seq data, based on the same barcodes between
scRNA-seq and scATAC-seq data in human, mouse and rat database [45].
Besides, for monkey and rabbit database, TF-IDF matrix from the count
matrix was computed by RunTFIDF function in Signac. Then, features
were selected by using FindTopFeatures and the two-dimension visual-
ization were generated by using RunUMAP. Cell types were transferred
based on single-cell RNA sequencing data by using FindTransferAnchors
and TransferData.

Integration of single-cell RNA sequencing data

To integrate single-cell RNA sequencing data from different species,
1:1 orthologue genes were obtained by R package biomaRt. Then the
previous Seurat objects were filtered by orthologue genes set. Next, for
correcting batch effect, the Seurat anchoring approach was applied by
FindIntegrationAnchors and IntegrateData functions with 30 principal
components to integrate all datasets together into a single Seurat object.
For integrated Seurat object, the two-dimension visualization was done
followed as recommended in Seurat.

Identification of differentially expressed genes and GO enrichment
analysis

The differentially expressed genes were identified by using the
FindAllMarkers or FindMarkers functions in Seurat. All GO enrichment
analysis was performed by using the R package clusterProfiler [46] and
the annotation R package org.Hs.eg.db.

Peak calling and co-accessible peaks identifying

For peak calling by MACS2 based on cell type, the Seurat objects of
SCcATAC-seq were firstly converted ArchR object based on genome anno-
tations [47, 48]. And then, the pseudo-bulk replicates and reproducible
peak sets were generated using the addGroupCoverages and addRe-
produciblePeakSet. Next, the peak-to-peak links were identified by using
the R package Cicero.

Transcriptome composition and intergenic highly transcribed
regions analysis

The PCR or optical duplicated reads in aligned bam files were filtered by
using samtools with -F 1024 refer to previous studies [38]. The filtered bam
files were split into individual files based on cell barcodes and bedtools
was used to obtained information about alignments of specific genomic
regions. For define the intergenic highly transcribed regions (igHTRs), two
parameters, the spacing between two neighboring reads less than 150 bp
and the number of mapped sequences more 10 was used.

Motif enrichment within accessible peaks

The SEA tool (simple enrichment analysis) (v5.5.5) was used to identify
enriched transcription factor binding motifs within accessible peaks. For
each species, the genome regions were inputted into the SEA tool with
the motif database (vertebrates (in vivo and in silico)) and the significantly
enriched motifs were identified (P-value less than 0.05).

Statistical analysis

Statistical parameters were reported in corresponding figure legends and
all statistical analyses were done in R (v4.1.2).

Supplementary data
Supplementary material is available at Life Medicine online.

Life Medicine, 2024, Volume 3

Resource

Acknowledgements

We are grateful to the instrument platform of CAS for support of 10x
Genomics Chromium instruments. This work was supported by the
Initiative Scientific Research Program, Institute of Zoology, Chinese
Academy of Sciences (No. 20231020102).

Author contributions

Qiancheng Zhang (Formal analysis [Equal], Software [Equal], Investigation
[Equal], Writing—original draft [Equal]), Fengyuan Sun (Methodology
[Equal]), Ruifeng Zhang (Methodology [Equal], Validation [Equal]),
Donghong Zhao (Validation [Equal]), Ran Zhu (Methodology [Equal]), Xin
Cheng (Methodology [Equal]), Xin Long (Formal analysis [Equal], Software
[Equal]), Xinling Hou (Methodology [Equal]), Rui Yan (Methodology
[Equal]), Yu Cao (Methodology [Equal]), Fan Guo (Conceptualization
[Equal], Funding acquisition [Lead], Project administration [Equal],
Supervision [Equal]), Long Yan (Conceptualization [Equal], Resources
[Equal], Supervision [Equal]), and Yugiong Hu (Conceptualization [Equal],
Investigation [Equal], Writing—original draft [Equal] , Project administration
[Equal], Supervision [Equal])

Conflict of interest

The authors declare no competing interests.

Data availability

All raw data of single-cell sequencing have been deposited in the Genome
Sequence Archive (GSA: CRA015823). The scRNA-seq and scATAC-seq
data of human antral follicles were downloaded from the GEO database
(GSE192722).

References

1. Richards JS, Pangas SA. The ovary: basic biology and clinical impli-
cations. J Clin Invest 2010;120:963-72.

2. Baerwald AR, Adams GP, Pierson RA. Ovarian antral folliculogenesis
during the human menstrual cycle: a review. Hum Reprod Update
2012;18:73-91.

3. Hsueh AJ, Kawamura K, ChengY, et al. Intraovarian control of early
folliculogenesis. Endocr Rev 2015;36:1-24.

4. Cavalcanti GS, Carvalho KC, Ferreira CS, et al. Granulosa cells and
follicular development: a brief review. Rev Assoc Med Bras (1992)
2023;69:€20230175.

5. Havelock JC, Rainey WE, Carr BR. Ovarian granulosa cell lines. Mol
Cell Endocrinol 2004;228:67-78.

6. Skinner MK. Regulation of primordial follicle assembly and develop-
ment. Hum Reprod Update 2005;11:461-71.

7. Richards JS, Ren YA, Candelaria N, et al. Ovarian follicular theca
cell recruitment, differentiation, and impact on fertility: 2017 update.
Endocr Rev 2018;39:1-20.

8. Young JM, McNeilly AS. Theca: the forgotten cell of the ovarian folli-
cle. Reproduction 2010;140:489-504.

9. Knight PG, Glister C. TGF-beta superfamily members and ovarian
follicle development. Reproduction 2006;132:191-206.

10. Ferrer MJ, Silva AF, Abruzzese GA, et al. Lipid metabolism and
relevant disorders to female reproductive health. Curr Med Chem
2021;28:5625-47.

https://academic.oup.com/lifemedi



Resource

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

OXFORD

Seli E, Babayev E, Collins SC, et al. Minireview: metabolism of female
reproduction: regulatory mechanisms and clinical implications. Mol
Endocrinol 2014;28:790-804.

Chen M, Long X, Chen M, et al. Integration of single-cell transcriptome
and chromatin accessibility of early gonads development among
goats, pigs, macaques, and humans. Cell Rep 2022;41:111587.

Fan X, Bialecka M, Moustakas I, et al. Single-cell reconstruction
of follicular remodeling in the human adult ovary. Nat Commun
2019;10:3164.

Guahmich NL, Man L, Wang J, et al. Human theca arises from ovar-
ian stroma and is comprised of three discrete subtypes. Commun
Biol 2023;6:7.

Lengyel E, Li Y, Weigert M, et al. A molecular atlas of the human
postmenopausal fallopian tube and ovary from single-cell RNA and
ATAC sequencing. Cell Rep 2022;41:111838.

Long X, Yang Q, Qian J, et al. Obesity modulates cell—cell interac-
tions during ovarian folliculogenesis. iScience 2022;25:103627.
Morris ME, Meinsohn M-C, Chauvin M, et al. A single-cell atlas of the
cycling murine ovary. Elife 2022;11:e77239.

Niu W, Spradling AC. Two distinct pathways of pregranulosa cell dif-
ferentiation support follicle formation in the mouse ovary. Proc Natl
Acad Sci U S A 2020;117:20015-26.

Wamaitha SE, Nie X, Pandolfi EC, et al. Single-cell analysis of the
developing human ovary defines distinct insights into ovarian somatic
and germline progenitors. Dev Cell 2023;58:2097—-111.e3.

Wang JJ, Ge W, Zhai Q-Y, et al. Single-cell transcriptome landscape
of ovarian cells during primordial follicle assembly in mice. PLoS Biol
2020;18:e3001025.

Wang S, Zheng Y, Li J, et al. Single-cell transcriptomic atlas of pri-
mate ovarian aging. Cell 2020;180:585—-600.e19.

Jakimiuk AJ, Weitsman SR, Navab A, et al. Luteinizing hormone
receptor, steroidogenesis acute regulatory protein, and steroidogenic
enzyme messenger ribonucleic acids are overexpressed in thecal
and granulosa cells from polycystic ovaries. J Clin Endocrinol Metab
2001;86:1318-23.

Ortega |, Cress AB, Wong DH, et al. Simvastatin reduces ste-
roidogenesis by inhibiting Cyp17al gene expression in rat ovarian
theca-interstitial cells. Biol Reprod 2012;86:1-9.

Wickenheisser JK, Nelson-Degrave VL, McAllister JM. Dysregulation
of cytochrome P450 17alpha-hydroxylase messenger ribonucleic
acid stability in theca cells isolated from women with polycystic ovary
syndrome. J Clin Endocrinol Metab 2005;90:1720-7.

Adam M, Saller S, Stroébl S, et al. Decorin is a part of the ovarian
extracellular matrix in primates and may act as a signaling molecule.
Hum Reprod 2012;27:3249-58.

Rotgers E, Jorgensen A, Yao HH. At the crossroads of fate-
somatic cell lineage specification in the fetal gonad. Endocr Rev
2018;39:739-59.

Harlow CR, Davidson L, Burns KH, et al. FSH and TGF-beta
superfamily members regulate granulosa cell connective tissue
growth factor gene expression in vitro and in vivo. Endocrinology
2002;143:3316-25.

Jorgez CJ, Klysik M, Jamin SP, et al. Granulosa cell-specific inac-
tivation of follistatin causes female fertility defects. Mol Endocrinol
2004;18:953-67.

Nagaraja AK, Middlebrook BS, Rajanahally S, et al. Defective
gonadotropin-dependent ovarian folliculogenesis and

Life Medicine

UNIVERSITY PRESS

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

granulosa cell gene expression in inhibin-deficient mice.
Endocrinology 2010;151:4994-5006.

Stein-O’Brien GL, Clark BS, Sherman T, et al. Decomposing cell
identity for transfer learning across cellular measurements, plat-
forms, tissues, and species. Cell Syst 2019;8:395-411.e8.

Wang J, Wu DC, Guo H, et al. Hyperandrogenemia and insulin
resistance: the chief culprit of polycystic ovary syndrome. Life Sci
2019;236:116940.

LiYE, Preiss| S, Miller M, et al. A comparative atlas of single-cell chro-
matin accessibility in the human brain. Science 2023;382:eadf7044.
Morabito S, Miyoshi E, Michael N, et al. Single-nucleus chromatin
accessibility and transcriptomic characterization of Alzheimer’s dis-
ease. Nat Genet 2021;53:1143-55.

Klein JD, Qu C, Yang X, et al. c-Fos repression by Piwi regulates dro-
sophila ovarian germline formation and tissue morphogenesis. PLoS
Genet 2016;12:€1006281.

Ge T, Wen Y, Li B, et al. Single-cell sequencing reveals the repro-
ductive variations between primiparous and multiparous Hu ewes. J
Anim Sci Biotechnol 2023;14:144.

Russell DL, Doyle KM, Gonzales-Robayna |, et al. Egr-1 induction
in rat granulosa cells by follicle-stimulating hormone and luteiniz-
ing hormone: combinatorial regulation by transcription factors cyclic
adenosine 3;5’-monophosphate regulatory element binding protein,
serum response factor, sp1, and early growth response factor-1. Mo/
Endocrinol 2003;17:520-33.

Han P, Guerrero-Netro H, Estienne A, et al. Effects of fibroblast
growth factors and the transcription factor, early growth response 1,
on bovine theca cells. Mol Cell Endocrinol 2018;476:96—-102.
Minnoye L, Taskiran Il, Mauduit D, et al. Cross-species anal-
ysis of enhancer logic using deep learning. Genome Res
2020;30:1815-34.

LaVoie HA. Transcriptional control of genes mediating ovarian follic-
ular growth, differentiation, and steroidogenesis in pigs. Mol Reprod
Dev 2017;84:788-801.

Pusalkar M, Meherji P, Gokral J, et al. CYP11A1 and CYP17 pro-
moter polymorphisms associate with hyperandrogenemia in polycys-
tic ovary syndrome. Fertil Steril 2009;92:653-9.

Du H, Sarno J, Taylor HS. HOXA10 inhibits Kruppel-like factor 9
expression in the human endometrial epithelium. Biol Reprod
2010;83:205-11.

Baysoy A, Bai Z, Satija R, et al. The technological landscape and
applications of single-cell multi-omics. Nat Rev Mol Cell Biol
2023;24:695-713.

Yan R, Gu C, You D, et al. Decoding dynamic epigenetic landscapes
in human oocytes using single-cell multi-omics sequencing. Cell
Stem Cell 2021;28:1641-56.e7.

Stuart T, Butler A, Hoffman P, et al. Comprehensive integration of
single-cell data. Cell 2019;177:1888-902.e21.

Stuart T, Srivastava A, Madad S, et al. Single-cell chromatin state
analysis with Signac. Nat Methods 2021;18:1333—41.

Wu T, Hu E, Xu S, et al. clusterProfiler 4.0: a universal enrichment
tool for interpreting omics data. Innovation (Camb) 2021;2:100141.
Granja JM, Corces MR, Pierce SE, et al. ArchR is a scalable software
package for integrative single-cell chromatin accessibility analysis.
Nat Genet 2021;53:403—11.

Zhang Y, Liu T, Meyer CA, et al. Model-based analysis of ChlP-Seq
(MACS). Genome Biol 2008;9:R137.

Life Medicine, 2024, Volume 3

c
&
<
@
=

uIdI




	The evolution of ovarian somatic cells characterized by transcriptome and chromatin accessibility across rodents, monkeys, and humans
	Introduction
	Results
	Cross-species transcriptomic conservation and divergence of ovarian somatic cells
	The epigenetic changes during evolutionary process of ovarian cells across human, monkey, mouse, rat, and rabbit
	Cis-regulatory architecture of theca cells across species
	The evolution of transcriptional activities at non-annotated genome regions of ovaries across species

	Discussion
	Research limitations
	Methods
	Research ethics
	Ovary collection and single-cell dissociation
	Hematoxylin-eosin staining
	Immunofluorescence staining
	Single-cell library construction and sequencing
	Genomes and annotations
	Alignment of sequencing reads and low-quality cells removal
	Cell type assignment
	Integration of single-cell RNA sequencing data
	Identification of differentially expressed genes and GO enrichment analysis
	Peak calling and co-accessible peaks identifying
	Transcriptome composition and intergenic highly transcribed regions analysis
	Motif enrichment within accessible peaks
	Statistical analysis

	Supplementary data
	Acknowledgements
	References


