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Abstract
Cellular development is tightly regulated as mature cells with aberrant functions may initiate pathogenic
processes. The endometrium is a highly regenerative tissue, shedding and regenerating each month.
Endometrial stromal �broblasts are regenerated each cycle from mesenchymal stem cells and play a
pivotal role in endometriosis, a disease characterised by endometrial cells that grow outside the uterus.
Why the cells of some women are more capable of developing into endometriosis lesions is not clear.
Using isolated, puri�ed and cultured endometrial cells of mesenchymal origin from 19 women with (n =
10) and without (n = 9) endometriosis we analysed the transcriptome of 33,758 individual cells and
compared these to clinical characteristics and in vitro growth pro�les. We show puri�ed mesenchymal
cell cultures include a mix of mesenchymal stem cells and two endometrial stromal �broblast subtypes
with distinct transcriptomic signatures indicative of varied progression through the differentiation
processes. The �broblast subgroup characterised by incomplete differentiation was predominantly (81%)
derived from women with endometriosis and exhibited an altered in vitro growth pro�le. These results
uncover an inherent difference in endometrial cells of women with endometriosis and highlight the
relevance of cellular differentiation and its potential to contribute to disease susceptibility. 

Introduction
Every tissue is a complex biological system consisting of heterogenous cell mixtures that developed
through cellular differentiation and maturation. Tight regulation of these processes are required to
maintain homeostasis. They can be in�uenced by both cell autonomous and non-autonomous factors.
Differentiation is contingent on stochastic interactions and subject to biological variability (1). Any
alterations in the differentiation or maturation process may give rise to subtle biological variations,
introduce heterogeneity that leads to functional consequences and in�uence disease susceptibility.

The endometrium is the reproductive tissue that lines the uterus and plays a critical role in reproduction. It
is unique in that it is consistently shed and regrown each month, generating up to 10mm of new mucosa.
Over the reproductive life of a women it undergoes > 400 cycles of growth, differentiation and shedding
(2). The endometrium is made up of luminal and glandular epithelial cells supported by a vascularised
stroma with immune in�ltration. Endometrial stromal �broblasts are regenerated from endometrial
mesenchymal stem cells (eMSC) located at perivascular locations in basalis, not shed during
menstruation (3). In the endometrium, local niche effects largely restrict eMSC differentiation into
mesodermal stromal �broblasts (4) that subsequently differentiate into secretory decidual cells under
hormonal stimulation. As a highly regenerative tissue, the endometrium has the potential each month for
aberrant differentiation to occur.

Endometriosis is a reproductive disorder characterised by the growth of endometrial tissue outside the
uterus. Endometrial cells are thought to enter the peritoneal cavity through retrograde menstruation (5).
Up to 80% of women experience retrograde menstruation, however only a proportion develop
endometriosis (6). Inherent factors in the cells of some women must underlie an increased disease
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susceptibility. A number of studies have reported differences between the endometrium of women with
and without endometriosis, although differentially expressed genes have been di�cult to consistently
replicate (7), potentially due to the dynamic nature of the tissue. Recent large scale genome-wide gene
expression studies on endometrial tissue also reported no signi�cant difference in gene expression
between women with and without endometriosis once menstrual stage and multiple testing correction
was applied (8, 9). Although increasing in power, these studies are limited by the complex milieu of cells
and cellular states that may mask subtle differences.

Cells of mesenchymal lineage are some of the most abundant in the endometrium and are strongly
implicated in endometriosis pathogenesis. SUSD2 + eMSC have been identi�ed in both peritoneal and
menstrual �uid and may have a key role in the establishment and proliferation of ectopic endometrial
tissue (10) through their clonogenic and multipotent differentiation capacity (5). eMSC from women with
endometriosis had impaired in vitro decidualisation (11), as well as altered activation of signalling
pathways during decidualisation (12, 13).

To identify inherent variations in the endometrium that could underlie endometrial susceptibility we
therefore assessed gene expression of individual mesenchymal-derived cells from the endometrium and
their association with clinical parameters and in vitro growth. We identi�ed eMSCs and two distinct
endometrial stromal �broblasts populations generated by divergent differentiation from MSC to their
mature cell state, one of which was characterised by gene expression pro�le indicative of an altered
immune state and was found signi�cantly more frequently in women with endometriosis. This study links
single cell transcriptome data with both functional and clinical characteristics and uncovers a potential
role for divergent mesenchymal-derived stromal �broblast maturation to contribute to endometriosis
susceptibility.

Results

Endometrial stromal cell viability and purity from patient
samples
Endometrial stromal cells isolated from endometrial biopsies were grown in culture and stored frozen
(Fig. 1A). We selected 22 frozen samples for analysis and to ensure pure, viable cells of mesenchymal
lineage from thawed preparations conducted two channel FACS sorting with forward and side scatter
(Fig. 1B), propidium iodine (PI) exclusion (Fig. 1C) and platelet derived growth factor β+ (PDGFB+)
expression (Fig. 1D). The mean cell concentration after initial thaw was 2.19 x 106; (Range 0.172 x 106 –
3.46 x 106) with 90.0% remaining viable after the thawing process. One sample did not yield a su�cient
cell concentration, and two samples had a �nal viability < 80% and were not carried forward to single cell
analysis, resulting in a �nal 19 samples.

Single cell RNA-sequencing
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In order to increase the size of the patient cohort, we used a multiplexing approach to combine samples
from different patients into four micro�uidic runs of the 10X Genomics Chromium Platform (P1: Patients
1–5, P2: 6–10, P3: 11–14 and P4: 15–19) (Fig. 1A). We obtained sequencing data from the four scRNA-
seq libraries constructed from our four pools of 19 endometrial stromal cells (ESC).

For each pool, the number of cells obtained were 10,411 (P1), 9,869 (P2), 10,894 (P3) and 9,808 (P4)
making a total of 40,982 cells. Demuxlet identi�ed 3,982 doublets that were randomly distributed across
each pool (Supplementary Fig. 1A-D). We also excluded 358 ambient cells, 2,884 with > 10%
mitochondrial DNA that were considered stressed or dying cells, and cells with either very high (> 6,500),
or very low (< 200) numbers of expressed genes. From the initial 40,982 cell dataset we retained 33,758
high quality singlets for analysis with an average read depth of 58,541 (P1), 58,277 (P2), 53,825 (P3) and
55,836 (P4) for each pool. We detected a median of 19,803 (P1), 20,095 (P2), 20,651 (P3) and 22,472
(P4) unique molecular identi�ers (UMI) per cell with the total number of genes with measurable
expression of 21,885 (P1), 21,736 (P2), 22,178 (P3) and 21,996 (P4). In total, 20,590 unique genes were
identi�ed across all four pools with the median number of genes expressed per cell as 3,780 (P1), 3,761
(P2), 3,941 (P3) and 4,050 (P4). After doublet-�ltering and quality control, between-pool batch effects
were corrected using Harmony (Fig. 1E-F).

We next investigated transcriptome similarity and assessed whether potential cellular subtypes were
present through unsupervised Louvain clustering using Seurat v3.0.2 (14). A critical step in deriving
relevant data from single cell datasets is selecting the appropriate resolution for clustering. Increasing
resolution increases cell clusters, although potentially at the expense of biological relevance
(Supplementary Fig. 2). Using the clustree (15) package, we produced a cluster tree with 13 levels of
resolutions ranging from 0.01-1.0 (Fig. 1G) to visualise the similarity between cells at multiple resolutions,
and track how cells move between clusters as resolution is varied. At a coarse resolution (0.1), three
distinct nodes were identi�ed that established stable clusters with minimal movement across nodes at
increasingly �ner resolutions. At this course resolution, there was also a distinct spatial separation for
each cluster (Fig. 1H) and the number of cells from each experimental pool within each cluster was
consistent (Fig. 1I). In contrast, clustering at a �ner resolution (0.6) generated 20 clusters which lacked
distinct spatial resolution and revealed mixing between clusters and possible over clustering resulting
from technical artifacts (Supplementary Fig. 2).

Cell cycle scoring
Genes can be periodically regulated during the cell cycle (16), in�uencing their transcriptome and
affecting the ability to accurately cluster cells based on phenotype. To characterise cell cycle for each
cell, we calculated G1, G2M and S scores using the CellCycleScoring function in Seurat and human cell
cycle phase gene expression pro�les (17). The majority of cells analysed (69.65%) showed a G1
phenotype, whilst 15.77% of cells were classi�ed as G2M and 14.58% were classi�ed as S phase (Fig.
1J). We observed an enrichment of the proliferating cells (G2M) in cluster 1 (54.94%). Cluster 1 also had
an increased proportion of cells in S phase (31.94%) compared to clusters 0 (7.88%) and 2 (12.64%). The



Page 5/25

majority of cells in cluster 0 and 2 were classi�ed as the quiescent G1 phase (90.80% and 84.11%
respectively).

Differential gene expression between clusters reveals
discrete signatures
We next examined the differentially expressed genes (DEGs) that underlie these cluster differences (Fig.
2A). Setting a log fold change (logFC) > 0.25 and adjusted p value < 1x10− 4 we found 152 signi�cant
DEGs between cells in cluster 0 and all other cells (Supplementary table 1). A comparison between cluster
1 and all remaining cells found 707 DEGs (Supplementary table 2), and cluster 2 (Supplementary table 3)
and all other cells found 113 DEGs. Spatial representation of three of the top DEGs in cluster 0 (IGFBP5;
logFC = 0.984; adj. p value < 1.0 x10− 305; MMP11; logFC = 0.887; adj. p value < 1.0 x10− 305 and ACTA2;
logFC = 0.728; adj. p value < 1.0 x10− 305) (Fig. 2B) revealed strong variation and non-synonymous
distribution within the cluster, accompanied by low but consistent expression in the two other clusters. A
similar spatial resolution was observed for UBE2S (logFC = 1.67; adj. p value < 1.0 x10− 305) with high
expression in cluster 1 but low, consistent expression in the remaining clusters, although both PTTG1
(logFC = 1.833; adj. p value < 1.0 x10− 305) and UBE2C in particular (logFC = 2.02,; adj. p value < 1.0 x10− 

305) showed a limited expression con�ned mostly to cluster 1. In cluster 2, MMP3 (logFC = 2.31; adj. p
value < 1.0 x10− 305), CST1 (logFC = 2.19; adj. p value < 1.0 x10− 305 and MMP10; (logFC = 1.56; adj. p
value < 1.0 x10− 305) showed signi�cant differential expression, and both CST1 and MMP10 expression
were limited mostly to cluster 2. We also performed differential expression analysis between speci�c
cluster pairs (cluster 0 vs 1, 1 vs 2, and 0 vs 2) and detected 242, 246 and 17 signi�cant DEGs,
respectively (logFC > 0.5, adj. p value < 1x10− 4; Supplementary Tables 4, 5 and 6).

To gain further insight into the biological differences underlying the three clusters, we performed pathway
analysis using the top 200 signi�cant DEGs for each cluster using Reactome, KEGG and gene ontology
databases (Fig. 2C). This revealed signi�cantly enriched processes involved in extracellular matrix
organisation (adj. p value < 1.33x10− 12) and focal adhesion (adj. p value = 1.1x10− 3) for cluster 0. For
cluster 1 we observed signi�cant enrichment of cell cycle (adj. p value = 6.97x10− 12), progesterone-
mediated oocyte maturation (adj. p value = 4.28x10− 8) and oocyte meiosis (adj. p value = 2.53x10− 7),
whereas cluster 2 DEGs were enriched for extracellular matrix organisation (adj. p value = 1.89x10− 14) but
also antigen processing and presentation (adj. p value = 0.0049), and allograft rejection (adj. p value = 
0.0389), indicating a potentially immune-reactive cell population (Fig. 2C).

Cell- type annotation identi�cation
Mesenchymal maturation can take multiple pathways leading to divergent progeny such as �broblasts,
adipocytes and smooth muscle cells (18). To annotate our transcriptomically de�ned cell clusters we
applied SingleR (19). This utilises the transcriptomic signatures from the Human Primary Cell Atlas, a
database curated from publicly available microarray datasets of human primary cells (20). The analysis
con�rmed a close alignment with cells of mesenchymal lineage, albeit with variations in mesenchymal
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progeny distributed across the clusters (Fig. 3A). The �ve most prevalent cell types identi�ed were
�broblasts (84.78%), mesenchymal stem cells (MSCs, 13.66%), smooth muscle cells (1.21%), induced
pluripotent stem (IPS) cells (0.24%) and tissue stem cells (0.11%) (Fig. 3B).

Overlay of the different cell types with the clustering analysis revealed �broblasts were the predominant
cell type of cluster 0, representing (98.34%) of the cells in this cluster, with 0.93% identi�ed as MSCs. As
this was the largest cluster of �broblast cells we designated this cluster ‘�broblast major’. Similarly,
cluster 2 while distinct from cluster 0 was predominately �broblasts (97.34%) with the inclusion of some
MSCs (2.50%) and was subsequently termed ‘�broblast minor’. The clustering differences observed
between the �broblast clusters (clusters 0 and 2) could not be attributed to cell cycle differences (Fig. 2E).
Cluster 1 identi�ed predominantly as MSCs (57.42%), and as such was named the ‘MSC cluster’, although
42.53% of cells within this cluster also identi�ed as �broblasts (Fig. 3C).

Cell fate trajectory between MSCs and �broblasts
To investigate dynamic biological processes within our dataset we applied pseudotime and RNA velocity
analysis using Monocle 2 and scVelo (21, 22) (23, 24). This allowed the opportunity to study cellular
differentiation or lineage progression by ordering individual cells along a trajectory, which can then be
used to infer the state of individual cells in processes such as cell maturation (Fig. 3D). Overlay of the
clustering data on the pseudotime trajectory predictions suggested a directional progression from cluster
1 (MSC cluster) as the root cell directing a cell fate lineage towards cluster 0 (�broblast major) (Fig. 3E).
This directional progression was also observed in the RNA velocity analysis (Fig. 3F), supporting the
hypothesis that the cell differentiation pathway extends from cluster 1 (MSC cluster) to cluster 0
(�broblast major). Cluster 2 (�broblast minor) in contrast, was spread uniformly across the differentiation
trajectory. Finally, we overlaid cell cycle information onto the trajectory plot and observed that most G2M
phase cells, as well as the S phase cells corresponding to MSCs and the less differentiated �broblasts
consistent with the initial cell cycle analysis of each cluster and indicative of higher proliferative ability of
the MSCs. (Fig. 3G).

Deconvolution of individual patient cells
To ascertain whether cell types, or cell clusters were associated with clinical phenotype we assigned each
cell from the 33,758 cell dataset to the source patient. To demultiplex the individual patient samples in
the 4 micro�uidic pools we collected SNP genotyping information and used demuxlet (25) to assign each
cell to the patient from which it was derived. Demuxlet uses statistical modelling to identify RNA-seq
reads that overlap single nucleotide polymorphisms (SNPs). Using SNP data and imputation generated
from genotyping the most likely donor for each cell can be identi�ed. Demuxlet identi�ed an average of
1,229 SNPs (range = 13 − 3,970) per cell across pools; P1 (mean = 1,264 SNPs/cell), P2 (mean = 1,270
SNPs/cell), P3 (mean = 1,213 SNPs/cell) and P4 (mean = 1,176 SNPs/cell) (Supplementary Fig. 3A-D),
allowing the con�dent assignment of 100% of the cells. Using this method the number of cells analysed
for each patient in each pool was identi�ed (Fig. 4A).

Clinical relationship with identi�ed cell types
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Using the clinical data we compared the number of MSCs, �broblasts and smooth muscle cells derived
from women with and without endometriosis. In total, 16,650 cells (49.3%) were sourced from 9 women
without endometriosis and 17,108 (50.7%) cells from 10 women with endometriosis. The results indicate
no signi�cant variation in the percentage of �broblasts from the endometrium of cases (84.93%)
compared to controls (81.74%) (Fig. 4B). There was also no difference between the percentage of MSCs
derived from the cases (14.48%) versus the controls (17.83%) (Fig. 4C). The percentage of smooth
muscle cells derived from cases (0.24%) was larger compared to controls (0.08%) (Fig. 4D) although the
difference did not reach signi�cance (p = 0.0738).

Our data indicates that �broblasts could be split into two distinct groups. We therefore also compared the
number of �broblast major (cluster 0), �broblast minor (cluster 2) and MSC cluster (cluster 1) cells that
were from women with and without endometriosis (Fig. 4E). The MSC cluster (cluster 1) had a total of
9,033 cells of which 4,199 (46.5%) were from women with endometriosis and 4,834 (53.5%) from women
without endometriosis. The �broblast major cluster (cluster 0) contained 22,881 cells with 11,418 (49.9%)
from women with endometriosis and 11,463 (50.1%) from women without endometriosis. The �broblast
minor cluster (cluster 2) which contained 1,844 cells consisted of 1,491 (80.9%) cells from women with
endometriosis and only 353 (19.1%) cells from women without endometriosis (Fig. 4F). A Chi-squared
test indicated signi�cantly more �broblast minor cells (cluster 2) were from women with endometriosis (p 
< 0.0001).

Relationship between cell type, cell clusters and in vitro
growth
Finally, we performed an analysis of cell growth rates for a continuous 100 hour period using a subset of
11 cell preparations and the xCELLigence assay. We compared growth rates of individual cell
preparations, endometriosis status, and the percentage of cell type (MSCs and �broblasts) or cell subset
(MSC cluster, �broblast major, �broblast minor). For individual preparations, the growth rates varied for
both endometriosis cases and controls (Fig. 5A). Grouping cell preparation by endometriosis status
showed variable rates of proliferation between cases and controls at different time points. Cells from
controls had an initial (0–15 hours) increased rate of proliferation with the growth rate eventually
plateauing after 35 hours. In contrast the growth rate of cells from endometriosis cases continued to
increase until the end of the incubation period (100 hours) resulting in an increased number of cells from
endometriosis cases, although the difference was not signi�cant (p = 0.4725)(Fig. 5B).

We also investigated the association between the contents of each cell preparation and growth rates by
plotting the correlation between the percentage of each cell type, as determined by scRNA-seq and SinglR
ananlysis and cell growth rates against time. The analysis revealed a positive association between MSC
content and cell index that reached the strongest correlation between 8.25–9.75 hours (Pearson’s r = 
0.6364, p = 0.0402) (Fig. 5C). Similarly there was an opposite negative correlation with the percentage of
�broblasts and cell index between 8.5–9.5 hours (Pearson’s r = -0.618, p = 0.0478 ) (Fig. 5D).
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As the scRNA-seq analysis identi�ed two subsets of �broblasts (�broblast major and �broblast minor) we
further assessed the association between the percent content of these cells in each cell preparation and
growth rates. We found that each subtype displayed contrasting growth pro�les, with the �broblast major
cluster (cluster 0) showing a non-signi�cant positive association with growth rate and the �broblast
minor cluster (cluster 2) showing a signi�cant negative correlation between 17.25–26 hours (Pearson’s r
= -0.681, p = 0.025) (Fig. 5E). con�rming the relative presence of each �broblasts in�uenced in vitro
growth pro�les at a later time points after seeding compared to MSCs.

Discussion
Cellular heterogeneity both within tissue and within cell types is a key driver of tissue variation and
disease susceptibility. To better understand endometrium and endometrial pathologies such as
endometriosis, we assessed cell heterogeneity within the endometrial mesenchymal cell lineage and
association with clinical variables and in vitro cellular function. By pro�ling their gene expression at the
single-cell level we identi�ed three mesenchymal cell populations; a MSCs and two distinct stromal
�broblasts groups and charted their dynamic changes in gene expression. These data revealed the
abundance of MSCs isolated was not related to endometriosis, but was associated with increased short-
term in vitro growth. In addition, one �broblast subpopulation displayed a gene expression pro�le
indicative of dysregulated differentiation, altered immune reactivity, and their percentage within each cell
preparation inhibited in vitro growth rates. Importantly, this subpopulation was more likely to be derived
from the endometrium of women with endometriosis compared to women without endometriosis. These
results support a divergence in mesenchymal differentiation that alters �broblast function and may
predispose some women to endometriosis susceptibility.

Single-cell transcriptome analysis has previously revealed insights into endometrial cells, although it has
not yet provided insight into clinical observations or endometrial pathologies. Previous analysis of whole
endometrium con�rmed 6 distinct cell types; endothelial, epithelial (ciliated and unciliated), stromal and
immune cells (26), although variations within cell types were not explored, potentially because it was not
investigated and underpowered to do so with only 2,149 cells and one biological replicate at each day of
the menstrual cycle. In our study we focused on cultured endometrial cells selected via the mesenchymal
marker PDGFRβ. Previous single-cell investigations of transcriptomic pro�les of endometrial stromal cells
showed 64.9% of gene displayed consistent expression between both fresh and cultured cells (27). While
subtle variation mediated by niche environment will be lost during ex vivo processing, the use of primary
cultured cells provides the opportunity to examine cell lineage differentiation in the absence of
exogenous cues. It also provides the opportunity to perform experiments at scale, integrate clinical data
and importantly assess the transcriptomic relationship to in vitro growth characteristics.

Using these cultured samples we identi�ed a signi�cant proportion of MSCs remaining in all 19 culture
preparations. MSCs reside in both the basalis and functionalis of the endometrium and are shed during
menstruation potentially initiating endometriotic lesion growth (3). In this dataset we did not identify any
differences in the MSC populations from women with and without endometriosis. Pseudotime trajectory
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and RNA velocity analysis indicated a variable differentiation from the MSC cluster to the �broblast minor
cluster that may have derived from inherent variability within a subset of MSC cells, or lack of appropriate
niche signals in the culture environment. It has previously been shown transcriptomic variations in MSCs
are inherited by daughter cells creating variation in the gene expression pro�le and biological function,
potentially leading to increased disease susceptibility (11).

The �broblast minor cluster was characterised by a transcriptome with potential for extracellular matrix
organisation. Some of the most differentially regulated genes included matrix metalloproteinases
(MMPs), MMP3 and MMP10, both of which are within the stromelysin subclass of MMPs that have
signi�cant roles in extracellular remodelling of laminin �bronectin and gelatin (I-V) and collagens (28). A
genetic polymorphism in the promoter of MMP3 is reported to be associated endometriosis (29) and in
the normal menstrual cycle there is no MMP3 expression in the proliferative phase, with an upregulation
during the secretory stage that is signi�cantly higher in women with endometriosis compared to women
without (30). Previous evidence reports the focal expression of MMP3 in developing endometrium (31,
32), data that would be consistent with our cluster analysis. Studies in skin have suggested MMP10
expression is predominantly limited to epithelial cells (33), but has also been reported in endometriosis
(34) and shown to control immune response in macrophages (35). MMP10 expression is increased in the
bladder (36), oesophagus (37) and skin cancer (38) and has been shown to be instrumental in bladder
tumour cell migration and invasion (39), and wound healing and matrix remodelling in skin cancer (38).

The �broblast minor cluster was also characterised by strong expression of CST1. CST1 has limited
expression in most tissues of the body (40, 41), although deep proteome and transcriptome sequencing
con�rmed endometrial expression (42). Upregulation of CST1 has been observed in malignant tumours
and is associated with cancer cell proliferation, invasion and tumour recurrence (43–45). The
combination of extracellular matrix with upregulation of these genes may provide the �broblast minor
cluster, through its enhanced adhesion and in�ltration capabilities, the capacity to establish lesions and
thus increase disease susceptibility.

CST1 has also been proposed as a �broblast senescence marker (46). The presence of senescent
decidual endometrial stromal cells has been observed both in vitro and in vivo (47). Decidual endometrial
stromal �broblasts differentiate from stromal �broblasts approximately at mid cycle and in response to
rising progesterone concentrations. Single-cell sequencing of cultured endometrial stromal cells
undergoing induced decidualisation identi�ed the emergence of this subset of senescent decidualised
stromal cells and found they were linked to aberrant endometrial biology, increasing susceptibility to
recurrent pregnancy loss (48). Cellular senescence is a state of permeant cell-cycle arrest and is
accompanied by the secretion of extracellular matrix proteins, proin�ammatory cytokines and growth
factors (49).

The �broblast minor cluster we observe with altered immune reactivity may have a corollary to these
subset of decidualised endometrial cells produced from divergent differentiation pathways. Variation in
the transcriptome of decidualised cells was observed that were acquired during maturation and were
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dependent on gene expression pro�les of the starting cell. Isolated SUSD2+ and SUSD- endometrial
stromal cells that underwent differentiation to decidualising stromal cells retained distinct transcriptomic
pro�les that were characterised by differences in the secretion of in�ammatory mediators with the
decidualised SUSD2+ cells producing signi�cantly more leukaemia inhibitory factor (LIF) and chemokine
ligand 7 (CCL7) compared to the decidualised SUSD- stromal �broblast (4).

Finally, information from this study may also contribute to the understanding of endometriosis
progression and not just pathogenesis. There is an increasing understanding of the importance of
�brosis in endometriotic lesions, in�uencing both disease progression and treatment. Gli1 + marks
perivascular MSC-like cells that contribute to organ �brosis (50) and in endometriosis the immune
environment of the peritoneal cavity can stimulate �brosis through smooth muscle metaplasia (SMM) of
endometrial stromal cells (51, 52). The identi�cation of the smooth muscle cells in this dataset supports
this hypothesis and may represent a further progression of the differentiation pathway that can be
induced when exposed to variations in the extracellular environment.

In summary, previous work on endometriosis has suggested signi�cant differences in the endometrium of
women with and without endometriosis, although the mechanisms behind these variations and their
contribution to endometrial pathologies is yet to be fully elucidated. Cell heterogeneity derived from
variations in cell states or altered maturation pathways is common and may be embedded during cell
fate lineage determination and can be leveraged by disease processes. By analysing endometrial stromal
cells at a single-cell level with su�cient cell numbers, depth of sequencing and appropriate resolution we
have uncovered a divergent mesenchymal differentiation of stromal �broblasts that is signi�cantly more
likely to occur in cells from women with endometriosis. This could increase the susceptibility of the cells
of some women to initiate endometriosis lesions at any particular cycle and may represent a potential
biomarker. Divergent differentiation of stromal �broblasts may provide and provide novel targets for
future treatment paradigms and warrants further investigation.

Methods

Sample collection
Prior to surgery the relevant institutional review board granted ethical approval for the collection of
samples and informed consent was obtained from all patients. Exclusion criteria for the study included
abnormal ovulatory menstrual cycles, the use of either hormonal medication in the past 3 months.
Patients with prior or current infections and liver dysfunction were also excluded. During laparoscopic
surgery endometriotic biopsies were collected via soft curette (Pipelle de Cornier, Laboratorie CCD, France)
and stored in Complete IMDM media (10% fetal calf serum (FCS), 1% antibiotics/antimycotics (Invitrogen
Life Technologies)) supplemented with 10% dimethyl sulfoxide (DMSO) (Thermo Fischer Scienti�c,
Waltham, MA, USA) using the slow freezing method in a Bicell vessel to -80°C. The pelvic cavity of each
patient was subsequently examined, any endometriotic lesions removed and the patient staged according
to the revised American Fertility Society staging system (rAFS) (53).
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Endometrial stromal cell preparation
The endometrial stromal cells were prepared as described previously (54). Brie�y, the tissue was thawed
at 37°C, washed with serum-free medium to remove DMSO and dissected into smaller pieces. The tissue
was washed in phosphate buffered saline (PBS) and incubated for 90 min at 37°C in the presence of
collagenase (10mg/ml, Sigma) and subsequently �ltered through 100µm mesh (Falcon) to remove debris
and undigested material. This was followed by a second �ltration through 40µm mesh which will retain
intact epithelial glands and allow individual stromal cells to pass through. Two volumes of IMDM was
immediately added to the �ltrate containing single stromal cells. The cells were centrifuged 5 x 500g, the
supernatant discarded and the pellet resuspended in 1ml fresh complete IMDM.

Cells were maintained in culture using complete media (IMDM, 10% FCS, 1% antibiotic/antimycotic).
Growth curves and cell viability were monitored via recording of population doubling and cells
maintained in a proliferative state by passaging using a standardised 1:3 split with trypsin/EDTA when
cells were approximately 80% con�uent. Once su�cient cell stocks were grown for subsequent
experiments cells were trypsinsed and counted using the automated Countess Cell Counters (Thermo
Fisher Scienti�c). Cells were stored frozen at 4x106 cells per vial in complete media with 10% DMSO
(v/v).

FACS analysis, cell selection and sample pooling
All samples were removed from liquid nitrogen, thawed and washed twice in IMDM complete media and
cells counted as described. A �nal concentration of 2x106 cells were diluted into 50µl of PBS. Cells were
incubated in blocking buffer (PBS, 40% FCS, 1% BSA) for 30 min and subsequently incubated with the
mouse monoclonal anti-human PDGRFβ + antibody conjugated to BV786-A (Becton Dickinson Cat No;
743038) with a 1:37.5 dilution in PBS, 10% FCS and 1% BSA for 1 hour. Prior to cell sorting, 2µl of
propidium iodide (PI) was added to each sample. FACS was performed using the Aria II FACS machine
(Becton Dickinson) with a dual-colour setting to select PDGFRβ + positive cells via dedicated excitation
and emission settings for Brilliant Violet 421 and cells that excluded PI. Sorted cells were collected in PBS
containing 10% FCS, and were then counted and their viability determined by haemocytometer and
Trypan Blue staining. Cells with viability < 80% were excluded from further analysis.

Pools of cells from multiple patient samples were generated prior to loading the 10x Genomics Chromium
micro�uidic chip channels. To obtain a �nal concentration of 20,000 cells per pool with an equimolar
concentration of cells from each sample, we aimed to pool samples as follows: for pools of 5 samples,
we added approximately 8,000 cells from each sample, and for pools of 4 samples we added
approximately 10,000 cells per sample. This yielded a �nal count of approximately 20,000 cells per pool
due to the expected loss of cells during micro�uidic processing.

Genotyping and imputation
DNA samples were isolated from the cell cultures and were genotyped using the In�nium Global
Screening Array (Illumina Inc, San Diego). Quality control of genotypes was performed using PLINK(55)
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and SNPs with a missing rate of > 5%, minor allele frequency (MAF) < 1 x 10− 4 and with a Hardy-Weinberg
Equilibrium (HWE) p < 1 x 10− 6 were removed, leaving 645,726 SNPs for imputation. Imputation was
performed using the 1000 Genomes Phase 3 reference panel. Genotyping data were used to identify the
ancestry of each patient using 1000 Genome genotype data and principal component analysis.

Single cell RNA-sequencing and analysis
The FACS single-cell suspensions were used to generate barcoded single-cell 3’ cDNA libraries for each of
the pools with the Chromium Single cell 3’ Gel Bead and library kit v2 (10x Genomics). Library quality
control was performed with the Agilent Bioanalyzer High sensitivity DNA chip (Agilent). Denatured
libraries were loaded onto an Illumina NovaSeq6000 and sequenced with a 2 x 100 base pair output for
an average depth of 54,321 reads/cell.

The cellranger pipeline (v3.0.2) was used to process the sequencing data that included the mkfastq,
count and aggr functions. The raw Illumina base call �les were demultiplexed into sample-speci�c FASTQ
�les using cellranger mkfastq. Quality control (QC) was performed on the sample-speci�c �les and
subsequently aligned to the hg38 human reference using STAR (56) within the cellranger count algorithm.
Aligned reads were �ltered for valid cell barcodes and unique molecular identi�ers, and resulting count
matrices were combined into a single dataset using the cellranger aggr function. SNP genotyping data
was used to identify doublets, multiplets and ambient cells using the Demuxlet software (25). Remaining
cells were taken forward for further analysis using the Seurat package (v3.0.2) in R (v3.4.1). We applied
the following QC and �ltering steps to the raw data: exclude (i) cells with > 10% mitochondrial gene
expression, (ii) cells with very low (< 200) or very high (> 6,500) numbers of expressed genes and (iii)
genes expressed in very small numbers of cells (≤ 3). Between-cell gene expression was normalised
using scTransform (57). Between-pool variation due to technical and biological differences was corrected
using �ltered and normalised data with Harmony (58).

Bioinformatic analysis
Seurat was subsequently used to perform Louvain clustering of cells with the �rst 50 principal
components and using a parameter sweep across multiple resolutions between 0.01 and 1.0. Cluster
stability was assessed using clustree (15) and, based on clustering stability, clustering information from
resolution 0.1 was retained for analysis. Differentially expressed genes (DEGs) between each cluster were
determined with the Wilcoxon rank sum test in Seurat with minimum percent expressing cells > = 0.25 and
minimum absolute log2 fold-change threshold > = 0.25. Gene expression differences were considered
signi�cant if the adjusted p-value was < 1 x 10− 4 (Benjamini-Hochberg correction for multiple testing) and
the absolute log fold expression changes ≥ 0.5. Pathway enrichment analysis was performed with the
top 200 DEGs in each cluster using the EnrichR package (59). The enrichment ranking for pathways,
ontologies, transcription factor networks and protein network analysis was calculated from the
multiplication of a log p-value from Fisher exact test by the Z-score of the deviation of the expected rank.
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To identify the potential cell types within the dataset, a transcriptome-based cell-type classi�cation was
performed with SingleR (19) interrogating the Human Primary Cell atlas (HPCA) and the Blueprint + 
Encode reference datasets. Cell fate trajectory was predicted using the Monocle 2 package’s pseudotime
analysis (21) using the 500 genes with the highest variation in expression across all cells. For the
Monocle 2 analysis, variation in gene expression was determined using a log2(counts + 1)-transformed
dataset and genes ranked from the most to least variable. Cellular trajectory was further analysed via
RNA velocity using dynamic modelling with velocyto (23)and scVelo (60)

Demultiplexing patient samples from single cell pools
Sample demultiplexing was performed using the Demuxlet software (25) to assign cells to genotyped
individuals and identify doublets. The position-sorted BAM �le produced by the cellranger count function
and a VCF �le containing the genotype information for each sample were used as input into Demuxlet,
where each cell barcode was assigned to a speci�c sample (or a pair of samples) in the VCF �le using the
genetic variation sequenced in each cell.

Real-time analysis of cell adhesion and proliferation
Selected ESCs isolated from endometrial biopsies that remained in log phase of growth as determined by
population doubling calculations were grown to approximately 80% con�uence. Cells were trypsinized
and counting using the methods described above. Sixteen-well E-plates (ACEA Bioscience) were pre-
incubated with 50µl of prewarmed media and allowed to equilibrate in the incubator at 37°C with 5% CO2

for 60 min to equilibrate. Each well per plate was inoculated with 10,000 cells in a total volume of 100µl,
as this was previously determined as the optimal seeding density for cellular proliferation. The
xCELLigence RTCA was set to perform a complete sweep across the plate to record cell growth, as Cell
Index, every 15 min. Growth was pro�led over a 48 hour period. Cell index data were normalised at the
�rst time point post seeding to account for variations in cell concentrations, and exported for statistical
analysis in Graphpad Prism v8.

Data and statistical analysis
All data have been presented unless otherwise stated as mean ± standard error of mean (SEM). Samples
sizes for each experiment are indicated in the relevant results section or �gure legends and represent
biological replicates. Statistical analysis was performed in R (v3.4.1) and GraphPad Prism v8 software.
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Figure 1

Experimental design and quality control for high throughput single-cell RNA sequencing of puri�ed
endometrial mesenchymal cells. (A) Endometrial biopsies were isolated, from 19 different women and
cultured. In vitro growth assays, DNA isolation for genotyping and PDGFRβ+ FACS puri�cation was
performed. Puri�ed cells from nineteen samples were pooled into 4 lanes and run on the 10X Chromium
controller and scRNA-seq data analysed and cell clustering performed. Samples were assigned to their
source individual and clusters compared to clinical data. Both scRNA-seq data and clinical data was
compared to in vitro growth. Mesenchymal stromal cells were puri�ed via FACS (B) forward and side
scatter, (C) viability and (D) PDGFRβ+ expression. UMAP plot distribution of scRNA-seq data was
determined both (E) pre- and (F) post harmony correction of between-pool variations introduced through
technical variations. (G) Clustree analysis was used to determine the most stable level for cellular
clustering. (H) UMAP plot of integrated scRNA-seq data at a clustering resolution of 0.1 identi�ed three
distinct clusters with minimal subsequent mixing at �ner resolution. (I) At a cluster resolution of 0.1, cell
numbers from each pool in each cluster remained stable suggesting clusters were formed from biological
differences rather than technical effects. (J) UMAP plot of scRNA-seq data labelled by cell cycle phase
inferred by CellcycleSorting. (A) Created with BioRender.com
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Figure 2

Differential gene expression and cell cycle characteristics of cell clusters. (A) A heatmap representation
of the differentially expressed genes (DEGs) across the different clusters. (B) UMAP plots coloured by log
normalized expression of the top DEGs per cluster show strong gene expression in cells consistent with
the location of the respective cluster, although for each gene the individual cellular expression is variable.
IGFBP5, MMP11 and ACTA2 showed strong expression in cluster 0, but in distinct cells. (C) Pathway
analysis indicated a role for extracellular matrix organisation in cluster 0, oocyte maturation and meiosis
and cluster 1 and activation of matrix metalloproteinases, interferon gamma signalling and antigen
processing and presentation in cluster 2.
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Figure 3

Cell type identi�cation. SingleR was used to assign cell type based on transcriptomic signatures.
Strongest correlations were observed in red with weakest in blue. (A) Heatmap visualisation of the
transcriptomic signatures aligned strongly with cells of mesenchymal origin. This was consistent across
all three clusters, although the actual identity varied across the clusters. (B) Distribution of the top cell
type assignments across the three clusters. Circle size represents the proportion of each cell type
identi�ed in each cluster. Analysis indicated that �broblasts were the predominant cells in cluster 0 and
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cluster 2. The majority of cluster 1 were MSCs, although 42.53% were considered �broblast. (C) UMAP
plot of scRNA-seq data labelled by cell type. Overlay of cell type on spatially resolved distribution depicts
�broblasts as the predominant cell in cluster 0 and cluster 2 and an association between MSCs with
cluster 1. (D) Pseudotime cell fate trajectory analysis using Monocle 2 placed each cell on a continuum
based on the similarity of the transcriptome. (E) An overlay of the clusters identi�ed the majority of the
cluster 1 MSCs as the root source directing cell fate lineage towards the �broblast major cluster (cluster
0). The additional �broblast minor cluster (cluster 2) was uniformly scattered across the continuum. (F)
ScVelo analysis supports the developmental trajectory direction of cluster 1 to cluster 0. A similar
direction is also taken by cluster 2. (G) An overlay of the cell cycle analysis identi�es the majority of G2M
phase cells aligned with earlier trajectory and MSCs, transitioning to S phase followed by movement
towards the majority G1 stage cells.
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Figure 4

Cell type and cell cluster relationship to endometriosis status. (A) Genotype data and the demuxlet
program was used to deconvolute individual samples from the mixed pool of cells; 100% of cells were
correctly assigned to the patient donor. Overlaying clinical data and comparing the number of cells
derived from women with endometriosis (cases) and without endometriosis (controls) found no
signi�cant difference between (B) the number of �broblasts, (C) the number of MSCs or (D) the number
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of smooth muscle cells. (E) UMAP plot of scRNA-seq data labelled by endometriosis status. (F)
Percentage of cells assigned case or control status across all cells and per cluster (cluster 0, 1 and 2). A
Chi-squared comparison between each cluster con�rmed a signi�cant association (p < 0.0001) between
endometriosis cases and cluster 2.

Figure 5

Relationship between cell types and cell clusters and in vitro behaviour. We assessed cell growth rates
over a 100 hour period with the xCELLigence assay and compared the cell index to the percentage of cell
types, or cell clusters identi�ed in each cell preparation. (A) A comparison of the cell index for each
individual preparation showed large variations in growth rates. (B) Categorisation of cell preparations
based on endometriosis status showed varying rates of increase for both cases and controls across the
100 hour growth assay. At the 100 hour end point the number of cells was higher for endometriosis cases
compared to controls, although not signi�cantly (p = 0.4725). We subsequently compared the percentage
of cell types in each preparation with the cell index across all time points. This identi�ed an increasingly
positive correlation with cell index that reached signi�cance (dotted line) with (C) MSC between 8.25–
9.75 hours after cell seeding, peaking at 9.25 (inset correlation graph). Conversely, for �broblasts (D), a
signi�cant negative correlation with cell index was observed at the same time point (inset correlation
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graph). (E) Lastly, comparison with the �broblast cell clusters revealed the association with cell growth
was strongest between 17-26 hours after initial seeding, with the slower growth rate of cluster 2 reaching
signi�cance (inset correlation graph) during this time period.
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