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Time-series single-cell transcriptomic
profiling of luteal-phase endometrium
uncovers dynamic characteristics and its
dysregulation in recurrent implantation
failures

Dandan Cao1,10, Yijun Liu 2,3,10, Yanfei Cheng1,10, Jue Wang1, Bolun Zhang 1,4,
Yanhui Zhai1, Kongfu Zhu1, Ye Liu1, Ye Shang1, Xiao Xiao5, Yi Chang3,
Yin Lau Lee 1,6,7, William Shu Biu Yeung 1,6,7 , Yuanhua Huang 2,7,8 &
Yuanqing Yao 1,9

Understanding human endometrial dynamics in the establishment of endo-
metrial receptivity remains a challenge, which limits early diagnosis and
treatment of endometrial-factor infertility. Here, we decode the endometrial
dynamics of fertilewomenacross thewindowof implantation and characterize
the endometrial deficiency in women with recurrent implantation failure. A
computational model capable of both temporal prediction and pattern dis-
covery is used to analyze single-cell transcriptomic data from over 220,000
endometrial cells. The time-series atlas highlights a two-stage stromal decid-
ualization process and a gradual transitional process of the luminal epithelial
cells across the window of implantation. In addition, a time-varying gene set
regulating epithelium receptivity is identified, based on which the recurrent
implantation failure endometria are stratified into two classes of deficiencies.
Further investigation uncovers a hyper-inflammatory microenvironment for
thedysfunctional endometrial epithelial cells of recurrent implantation failure.
The holistic characterization of the physiological and pathophysiological
window of implantation and a computational tool trained on this temporal
atlas provide a platform for future therapeutic developments.

The human endometrium is a highly dynamic tissue that undergoes
cyclical regeneration, differentiation, and shedding under the primary
control of ovarian follicle-derived estrogen and corpus luteum-derived
progesterone. The monthly menstrual cycle is divided into menstrual,
proliferative, periovulatory, and secretory phases according to the
endometrial morphology1. In the secretory phase, the human endo-
metrium differentiates into a state receptive to embryo implantation2.

The receptive interval known as the window of implantation (WOI) is
short and commences on day 7 after luteinizing hormone surge
(LH + 7)3. In the WOI, the endometrial stromal, epithelial, endothelial,
and immune cells coordinately create a receptivemicroenvironment in
the endometrium, and a synchronized embryo-endometriumcrosstalk
at this stage is a prerequisite for a successful implantation and sub-
sequent pregnancy4. The importance of blastocyst-endometrium
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crosstalk on implantation is well documented. Intrauterine infusion of
spent culture medium of implanted human embryos enhances
expression of metabolic and implantation related genes, whereas
those frompoorquality embryos induces stress response of themouse
endometrium5. The human endometrial stromal cells are biosensors of
the embryo quality6 and respond to embryo-derived hsa-miR-320a by
modifying their migratory capacity towards high quality blastocysts7

and to a serine protease from poor quality embryos by reducing the
production of implantation related factors8. Secretion of the poor-
quality embryos also abolished the killing of senescent endometrial
stromal cells by uterine natural killer cells9. The biosensing function of
decidualized endometrial stromal cells has been proposed as one of
the implantation checkpoints, and its impairment may account for the
maternal age-independent stepwise increase in miscarriage rates after
each pregnancy loss10. On the other hand, embryo attachment onto
endometrial epithelial cells promotes differentiation of syncytio-
trophoblast from11 and expression of adhesion molecules on12 the
trophectoderm of human blastocysts. Endometrium-derived exoso-
mal microRNA let-7 induce diapause of mouse blastocysts and inhibit
trophoblast differentiation in a human embryo surrogate model13. A
compromised crosstalk between the endometrium and embryos cau-
ses fertility problems such as recurrent implantation failure (RIF)14.

One commonly used definition of RIF is the failure to achieve a
clinical pregnancy after the transfer of at least four good-quality
cleavage embryos in a minimum of three cycles in a woman <40 years
of age15. RIF is a major obstacle in assisted reproduction technology
treatment and causes psychological pain to the patients. Both
embryonic and endometrial factors contribute to RIF pathogenesis.
The effect of embryonic factors has recently been reduced using
advanced embryo selection techniques such as time-lapse morphoki-
netic embryo selection and pre-implantation genetic testing for
aneuploidy (PGT-A). However, the treatmentmethods for endometrial
factor infertility remain rudimentary16. Although bulk transcriptomic
studies have identified displaced WOI and in-phase pathological gene
signatures of RIF17, they fail to pinpoint the cellular-specific features in
the RIF endometrium.

Recent application of single-cell transcriptome sequencing tech-
nology to endometrial studies greatly improves our temporal and spatial
insights into the cell type composition,molecular profiles and dynamics,
regulatory mechanism of epithelial subtype differentiation in healthy
human endometrium18,19, as well as dysregulated cellular and molecular
programs in disturbed conditions such as endometriosis20,21, thin
endometrium22, and Asherman syndrome23. Previous single-cell studies
onWOI andRIF either had a limited sample size or collected endometrial
biopsy without precise menstrual cycle dating, which may cause
misinterpretations18,24,25. Daily serum LH measurement could provide
precise timing of theWOI, and knowledge of normal dynamic changes in
endometrial gene expression during the WOI could serve as a reference
for a comprehensive characterization of endometrial disorders.

In this study, we used single-cell transcriptomic sequencing and
computational analysis to interrogate the cellular states, molecular
dynamics, and interactions of human endometrial cells across WOI in
fertile women. We also investigated the endometrial factors at WOI in
women with RIF. We developed an algorithm, StemVAE to model the
time-series single-cell data of the endometrium (LH + 3 to LH + 11) to
elucidate its transcriptomic dynamics in descriptive and predictive
manners. We uncovered a clear-cut two-stage decidualization process
for the stromal cells and a gradual transition process for the epithelial
cells across the WOI. We also defined a set of epithelial receptivity
genes and identified stromal and epithelial regulators shaping the
immune microenvironment. Finally, displaced WOI and dysregulated
epithelium in a hyper-inflammatorymicroenvironment were identified
in the RIF endometria. The findings strengthen the knowledge of WOI
from both physiological and pathophysiological views and provide
insights into the improvement of human fertility.

Results
High-resolution single-cell landscape of human endometrium
across WOI
To generate a high-resolution cellular map of human endometrium
across WOI and to characterize the endometrial cellular profiles
affecting embryo implantation, endometrial aspirates from fertile
women and women with RIF were subjected to droplet-based scRNA-
seq (seeMethods, Fig. 1a). In total, 28 endometrial biopsies spanning 5
timepoints around theWOI (LH + 3, LH+ 5, LH + 7, LH+ 9, LH + 11)were
included (Supplementary Data 1). The time-point LH + 7 consisted of
two types of donors, namely fertilewomen (n = 6), andwomenwithRIF
(n = 10). The other time points contained samples only from fertile
women (n = 3 for each timepoint). All the recruitedwomenhad regular
menstrual cycles. Dates of the menstrual cycle were relative to LH
surge as determined by serial blood tests for LH (see Methods). The
collected endometrial biopsies were enzymatically dispersed, and
single cells were captured using a 10X Chromium system (see
Methods).

In total, 220,848 cells with a median of 8481 unique transcripts
and 2983 genes per cell (Supplementary Fig. 1a–d) were retained after
doublet removal and filter of low-quality cells (see Methods). Eight
segregated groups of cells weredetermined after batch correction and
were manually annotated as unciliated (37,152, 16.8%) and ciliated
epithelial cells (4326, 1.9%), stromal cells (79,183, 35.8%), endothelial
cells (1318, 0.6%), natural killer (NK)/T cells (85,060, 38.5%), myeloid
cells (8313, 3.8%), B cells (4057, 1.8%) and mast cells (1439, 0.6%) with
expression of corresponding well-recognized marker genes (Fig. 1b, c,
Supplementary Fig. 2a). Collectively, the NK/T, stromal and epithelial
cells were the most abundant cell types, consistent with previous
findings in human endometrial tissues18,19. There were large inter-
individual variations in the cellular composition of the fertile indivi-
duals across theWOI (Supplementary Fig. 2a, b), in linewith a previous
single-cell study on healthy endometrium20. Deconvolution of pub-
lished bulk RNA-seq data of human endometrium across the WOI also
showed large variations in the cellular composition of major cell types
among endometrial samples (Supplementary Fig. 2c). As we strictly
controlled sample processing to minimize technical variation (see
Methods), the inter-individual cellular differences among samples
were likely due to genuine tissue variation. By considering the large
variation which usually requires large sample size to achieve the
power, we didn’t perform cell type composition comparison in this
study to get biological conclusions with such a limited sample size
from a statistical view.

To delineate endometrial cellular landscape across WOI in high
resolution, we performed clustering analysis within epithelial, stromal,
NK/T, and myeloid cells. This analysis identified 8 epithelial cell sub-
populations, 5 stromal cell subpopulations, 11 NK/T cell subpopulation
and 10 myeloid cells subpopulations (Fig. 1b, Supplementary
Fig. 1e–h), highlighting the complex cellular architecture of human
endometrium. Inter-individual variations in the composition of the
subpopulations were also observed (Supplementary Fig. 2d–g).

Based on UMAP visualization of transcriptomic dimensional
reduction results, distinct luminal, glandular, unciliated secretory
(high-PAEP expressing) and proliferative (cycling) epithelial sub-
populations were identified (Fig. 1b, Supplementary Fig. 1e). Interest-
ingly, the luminal cell population exhibited both luminal and glandular
characteristics by expressing corresponding marker genes (luminal:
LGR4, FGFR2, ERBB4; glandular:MMP26, SPP1,MUC16). These cellswere
localized to the surface layer and the glandular area of the endome-
trium (Supplementary Fig. 1e, Supplementary Fig. 3a) by utilizing a
public spatial transcriptomic dataset of secretory human
endometrium19. To dissect the heterogeneity in the luminal cell sub-
population, we determined cell clusters of the subpopulation at dif-
ferent resolutions and constructed the cell cluster tree. Within the
luminal group, subclusters were in the same tree instead of clustering
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Fig. 1 | Cellular landscape of human endometrium across the window of
implantation. a Schematic summary of the experimental design. Endometrial cells
from fertile control and RIF were processed by single-cell 3’ transcriptomic
sequencing. Created in BioRender. Gong (2024) https://BioRender.com/c12o660.
b UMAP plots of a total of 220,248 cells and epithelial, stromal, NK/T, and myeloid
subsets color-coded by major cell types (left) and subpopulations (right), respec-
tively. cThe expressionofmarker genes for themajor cell types.dTheRNAvelocity

trajectory (left) and latent time (right) for epithelial cell subpopulations.
e Immunostaining of luminal marker genes (CDH1, LGR5, EDG7) and glandular
marker gene (FOXA2) in endometrium of proliferative phase (n = 3). G: gland.
f Immunostaining of epithelial cell marker EPCAM and stromal cell marker VIM in
LH+ 5 endometrial tissue (n = 1). Results for other time points could be found in
Supplementary Fig. 5 (n = 4 in total). Source data are provided as a Source Data file.
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with the secretory or glandular subclusters supporting their distinct
identity (Supplementary Fig. 3b, c). We used reported luminal and
glandular cell markers18,19,26 for expression pattern analysis (Supple-
mentary Fig. 3d). Spatially, the most luminal cell-like clusters (clusters
10, 22, 30 with high expression of LIFR and LPAR3) were localized to
both the luminal surface and the glandular areas (Supplementary
Fig. 3a–d). Interestingly, the luminal subpopulation exhibited a low
latent time indicating relatively high differentiation potential (Fig. 1d).
In addition, the vector stream of RNA velocity trajectory showed that
the cells could differentiate toward glandular cells (Fig. 1d). Con-
sistently, both uterine luminal epithelium and newly formed glands in
proliferative phase endometrium expressed immuno-reactivities of
luminal epithelial cell markers LGR5 and EDG7 (Fig. 1e). The expression
of LGR5 and EDG7 in both epithelial cells was also observed in secre-
tory endometrium (Supplementary Fig. 4) Therefore, we proposed
that the identified luminal population represented a group of luminal
cells which not only lined the uterine cavity but also extended to newly
formed glands. Similar findings were also observed for the epithelial
cell marker CDH1, but the expression of glandular-specific marker
FOXA2 was only detected in the glands (Fig. 1e) supporting our
proposal.

Among the endometrial cells, a group of rare epithelial cells
undergoing epithelial-mesenchymal transition (EMT) and another
group of rare stromal cells undergoing mesenchymal-epithelial tran-
sition (MET) were observed (Fig. 1b, Supplementary Fig. 1e). They
simultaneously expressed epithelial cell marker genes such as KRT8,
ALCAM, andmesenchymal cell marker genes including CDH11, COL1A1,
COL3A1, together with EMT/MET process regulators TWIST2, ZEB1,
ZEB2, SNAI2, EHF and PAX2 (Fig. 1b, Supplementary Fig. 1e). Potential
EMT/METcells co-expressing epithelial cellmarker EPCAM and stromal
cell marker VIM were also found through immunostaining (Fig. 1f) but
with patient variability (Supplementary Fig. 5) which required future
extensive study. The ability of our dataset to detect rare cells was
reinforced by the identification of EPCAM+SOX9+ progenitor cells
which highly expressed MUC5B (Supplementary Fig. 1e), an endo-
metrial epithelial progenitor marker20. A distinct LGR5+ epithelial cell
cluster was also revealed. LGR5 is both a progenitor and a luminal
marker in endometrium18,27. Interestingly, the stem cell regulator
FGFR228 was highly expressed in this cluster suggestive of its stem/
progenitor identity (Supplementary Fig. 1e). RNA velocity analysis
suggested that the LGR5+ cluster should be a progenitor cluster with
lowest pseudo time (highest differentiation potential) when compared
to other epithelial cells (Fig. 1d). Utilizing a public endometrial spatial
transcriptomic dataset19, the LGR5+ and the EPCAM+SOX9+ cells were
mainly located at the luminal surface and the basalis layer, respectively
(Supplementary Fig. 3a). It is speculated that they represent two dif-
ferent populations of stem cells residing in the endometrium collec-
tively responsible for endometrial regeneration and homeostasis27,29.

A newly developed VAE model reveals time-variant and time-
invariant endometrial cells
To decipher the temporal dynamics across WOI, we first identified
potential time-associated genes using variancePartition30 by con-
sidering the sampling time as a continuous variable (Methods). Inter-
estingly, for the four major cell types (epithelial, stromal, NK/T,
myeloid), the number of genes with at least 10% of the gene-level
expression variance that could be explained by time in the epithelial
(675 genes) and stromal cells (251 genes) differed significantly from
that of the immune cells (NK/T: 2 genes, Myeloid: 5 genes), indicating
their time-variant and time-invariant hormonal responses, respectively
across the WOI (Supplementary Fig. 6a). Through inspection of well-
known WOI-related genes in the epithelial cells and the stromal cells,
we found temporal changes in endometrial activity across theWOI. For
instance, there was a decreasing expression trend of hormone recep-
tors PGR and ESR1 in the epithelial cells (Supplementary Fig. 6b). but a

persistent expression pattern in the stromal cells (Supplementary
Fig. 6c), aswell as an increasing trend ofGPX3,DPP4 andCXCL14, which
were used to establish the secretory endometrial dating method
EndoTime31 from LH+ 3 to LH + 11 in the epithelial cells (Supplemen-
tary Fig. 6b, c).

As single cells from one time-point/sample represent a mixture of
states, continuous time reconstruction should improve the investiga-
tion of the temporal dynamics. Existing unsupervised pseudotime
computational techniques rarely infer time series-specific tran-
scriptomic changes, and such methods therefore are suboptimal to
generate individual cell orderings in this study. Here we developed
StemVAE, a single-cell temporal inference model that leveraged a
variational autoencoder with input of luteal time labels (LH+n)
(Fig. 2a). Briefly, this approach is structured with one encoder on the
observed cell-by-gene expression data with time labels and two
decoders for reconstruction of cell-by-gene expression and luteal time
of each cell, thereby establishing an order for the cells (Methods,
Supplementary Note). StemVAE is highly flexible and capable of both
temporal prediction and pattern discovery.

By applying StemVAE to the 130,094 cells from 18 fertile donors
covering theWOI, the predicted cell orderings highly corresponded to
the input time labels in overall cell populations or specifically to epi-
thelial cells and stromal cells (Fig. 2b, Supplementary Fig. 7a). The
predicted time distribution domain mostly remained within the same
interval when StemVAE was built solely on the epithelial cells or the
stromal cells (Supplementary Fig. 7b). Meanwhile, the orderingswithin
each time-point showed major in-frame domain distribution together
with preceding or lagging cells in the adjacent frames. The result was
consistent with the idea that bulk assessments of cells at specific time
points overlook for the heterogeneity and differential kinetics of
responses exhibited by single cells. Based on the predictions, we
quantified the time association across theWOI for eachmajor cell type
as well as their subpopulations by calculating the Spearman’s rank
correlation coefficient between sampling and predicted time. The
results supported our speculation that the dynamic changes of the
unciliated epithelial cells and the stromal cells were highly correlated
with the time while that of the immune subsets as well as ciliated
epithelial cells and endothelial cells showed moderate (around 0.5) or
low (less than0.5) time-association irrespective of the gene sets (HVGs
or time-associated genes identified by variancePartition) that StemVAE
was built on (Fig. 2c, Supplementary Fig. 8a).

To check the dynamics across WOI, we first identified genes that
varied coherently along the predicted orders for each cell subset using
mutual information (MI) calculation as previously reported in another
endometrial study18. The MI score distribution of genes in different
subsets consistently showed the time-variant characteristics of the
epithelial cells and the stromal cells and the time-invariant properties
of the immune cells (Supplementary Fig. 9) echoing the results from
the variancePartition analysis. The expression of the top genes along
the orderings of the epithelial cells and the stromal cells consistently
showed great dynamic changes (Fig. 2d). However, no such pattern
was observed for the NK or T cells (Supplementary Fig. 8b).

To avoid biased findings, we further validated the robustness of
StemVAE using independent internal samples and public datasets18.
StemVAE, trained on the 18 donors of the present study, could locate
single cells of new LH+ 7 endometrial biopsies within the timeframeof
LH + 7 (Fig. 2e), and could order single cells from early-/mid-/late-
secretory endometrium in a sequential manner regardless of the
sequencing platforms (Supplementary Fig. 10). Moreover, a different
ordering method psupertime32 which also takes into time-series as
input was applied to our dataset and revealed the distinctions across
WOI for the unciliated epithelial cells and the stromal cells, as well as
the indistinguishable states for the immune subsets confirming their
relative steady molecular profiles across the WOI (Supplemen-
tary Fig. 8c).
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Fig. 2 | StemVAE reconstruction uncovers endometrial cell time-association
across WOI. a Architecture of StemVAE. Composed of a deep nonlinear encoder
and two decoders, StemVAE represents single-cell expression data labeled with
sampling time into a lower-dimensional latent space for expression and time
reconstruction. b Predicted time distribution for the fertile controls collected at
different time points. A predicted time∈[−1,1] was generated by StemVAE for each
cell from each individual. Density plots showing predicted time distribution of all
cells from samples collected at a given time LH + 3/ + 5/ + 7/ + 9/ + 11. c Spearman’s
rank correlation coefficient of predicted time and sampling time for eachmajor cell
type under different training modes of StemVAE. hvg: highly variable genes; rc:

random cell; vp: time-associated genes from variancePartition. Nonparametric
Spearman’s rank sum test was used. P values ≤ 0.05 were represented as *,≤0.01 as
**, ≤0.001 as ***, ≤0.0001 as ****. d Heatmap showing the dynamic time-associated
gene expression along the time axis for epithelial (top) and stromal cells (bottom).
Cells were ordered according to the predicted time within each group. e Predicted
time distribution for epithelial and stromal cells of independent samples collected
at LH+ 7 basedon the trainingmodelon 18 fertile controls. E34was an independent
donor recruited for validation; E35was the repeated endometrium biopsy of donor
LH7_1 one year later since the first sampling.

Article https://doi.org/10.1038/s41467-024-55419-z

Nature Communications |          (2025) 16:137 5

www.nature.com/naturecommunications


The stromal cells exhibited homogenous actions across WOI
To understand the nature of endometrial receptivity, we separately
investigated the functional activities of the stromal cells and the epi-
thelial cells acrossWOI by dissecting their genedynamics. Comparison
among the time-variable gene sets identified from all the stromal cells
together and each subpopulation showed high overlap (Supplemen-
tary Fig. 11a), suggesting similarmolecular changes acrossWOI in these
cells. Further inspection of the top 500 expressed genes in the three
major subpopulations (Str1, Str2, Str3) showed the same changing
patternwith an abrupt transition fromLH+ 5 to LH+ 7 (Supplementary
Fig. 11b). Therefore, all the stromal cells were regarded as an integral
population for the following biological investigation.

In total, 131 genes withMI score greater than 0.1 were identified in
the stromal cells (Supplementary Data 2). Ordering these genes based
on the time at which the StemVAE predicted the occurrence of their
global maximum revealed global features of transcriptomic dynamics
across the WOI (Fig. 3a). A clear-cut difference in gene expression
between LH+ 5 and LH + 7 was observed: a similar gene set was acti-
vated at LH + 3 and LH + 5, but a different gene set was activated at and
beyond LH + 7. The similarity at transcriptomic level between LH+ 3
and LH + 5 endometrium was reported by a previous bulk study33.
Furthermore, gene subsets with enhanced or suppressed expression at
LH + 9 and LH+ 11, respectively relative to that of LH + 7 were
observed. To determine the main biological processes at each stage,
we identified 5 gene clusters based on their expression pattern.

Gene cluster 1 and cluster 2 exhibited high expressions at LH + 3
and LH + 5 and decreased continuously thereafter. These genes were
related to genome organization, hedgehog signaling-regulated tran-
scription, cell replication, and production of collagens reflecting initial
decidualization (Fig. 3a, SupplementaryData 2, 3). The results revealed
that the stromal cells at these time points were molecularly prepared
for the transition to WOI by self-expansion and extracellular matrix
remodeling. Functional enrichment analysis of Gene cluster 3 was
omitted because it contained only two genes. Genes in cluster 4 and
cluster 5were significantly activated fromLH+ 7onwards (Fig. 3a). The
cluster 4 genes plateau off from LH+9, while the cluster 5 genes
started to decrease after LH + 9. They included well-recognized
decidualization regulators such as FOXO1, and CEBPD, which were
highly expressed not only in the LH+ 7 cells but also in those at LH + 9
and LH+ 11. Decidualization is crucial to embryo invasion and
development34. The observations indicated widespread and strong
activation of stromal cell differentiation for decidualization at the start
of WOI (LH + 7) that persisted till a later stage to synchronize with
embryo implantation. In addition to genes for decidualization, the two
clusters were enriched with genes related to inflammation and
immune activities (e.g. FOXO1, STAT3, TLR4), supporting the theory
that decidualization creates an inflammatory microenvironment for
the early stage of implantation35. Interestingly, several inflammation-
promoting genes namely HLA-B/C, C3, and SERPING1 showed much-
enhanced expression in the LH + 9 and LH+ 11 cells (Fig. 3a, Supple-
mentary Data 2, 3), consistent with a two-stage inflammation theory of
implantation, i.e. a moderate inflammatory environment is necessary
for embryo implantation while an intense inflammation leads to tissue
breakdown35–37. Particularly,DKK1, a natural inhibitor ofWNT signaling
known to play a role in maintaining and elevating the inflammatory
tone of stromal cells38, was moderately expressed at LH + 7 and
became highly expressed at later time points. Protein-protein inter-
action network analysis of the pathway-enriched dynamic genes in
different clusters (Supplementary Data 3, Supplementary Fig. 12a)
explicitly revealed potential essential regulators at each stage. For
instance, two decidualization-promoting genes FOXO1, and STAT3
were core regulators in Cluster 4 genes.

Senescent cells in the endometrium are responsible for driving
the initial inflammatory response35. Here we calculated a senescence
score for each cell type according to a published senescent gene set

SenMayo39 which was validated to indicate endometrium ageing (see
Methods, Supplementary Fig. 13) utilizing public datasets40,41. The
results showed enhanced senescence score (above the 0 line) in the
stromal cells and the endothelial cells when compared to epithelial
subsets, but only the stromal cells exhibited a strong elevation (fold
change ofmean value > 3, p-value < 2.2e-16) at LH + 7when compared to
those at LH + 5 (Fig. 3b) emphasizing the prominent role of stromal
senescence in regulating endometrial inflammation. Dynamically, all
the cell types exhibited a higher senescence score at LH + 11 than at
LH + 7 in line with the tissue destruction-related inflammation at LH +
11 (Fig. 3b). Consistently, a significant correlation was observed
between the senescence score and inflammation score calculated
using a gene set of HALLMARK_INFLAMMATORY_RESPONSE from
MSigDB database42 in the stromal cells at single-cell level (Fig. 3c).
Altogether, the continuous elevation of the senescence score from
LH+ 7 supported the association between stromal senescence and
endometrial inflammation.

Epithelial cells exhibited heterogeneous actions across the WOI
Unlike the stromal cells, differential time-association were observed
for epithelial cells: epithelial cell subtypes namely, glandular, luminal,
secretory, and EMT epithelial cells, manifested high Spearman’s rank
correlation between predicted time and time of the menstrual cycle,
whereas the correlation was low for the ciliated, EPCAM1+SOX9+,
LGR5+, and proliferative (cycling) subpopulations (Supplementary
Fig. 8a). The low time-association nature of the ciliated cells found
support from a previous finding that the ciliated epithelial cells were
present throughout the menstrual cycle and not solely induced by
progesterone19. Heterogenous activities of the epithelial cells across
the WOI were further supported by the low overlap among the sig-
nificant dynamic genes from each subpopulation as well as the
dynamic expression patterns of the top 500 DEGs (Supplementary
Fig. 11c, d).

The luminal subpopulation of epithelial cells with both luminal
and glandular features (Fig. 1b), encompassed the ability to accept
embryo attachment and invasion. In total, 556 genes with MI scores
greater than 0.1 in this subpopulation were used for the construction
of temporal dynamics and gene clustering (Supplementary Data 2).
The genes were ordered in the same way as that of the stromal cells.
Different from the stromal cells, a gradually changing expression
pattern along the time axis was observed (Fig. 4a). Five gene clusters
with different temporal expression patterns were identified. Func-
tional enrichment analysis revealed high metabolic activities like fatty
acid metabolism, xenobiotic metabolism, and late estrogen response
at the initial stage (Cluster 1 and 2), followed by apoptosis, epithelial-
mesenchymal transition, mineral absorption, and initial inflammation
at the mid-stage (Cluster 3 and 4), and subsequent wide inflammatory
responses, cellular senescence, and protein metabolism at the late
stage (Cluster 5) (Fig. 4a, Supplementary Data 3). The regulatory rela-
tionship within each stage was constructed (Supplementary Fig. 12b).
In the dynamic ranking gene list (Fig. 4a, Supplementary Data 2), the
two female sex steroid receptors PGR and ESR1 peaked at the initial
stage (LH + 3 and LH+ 5) highlighting their critical roles in early pre-
parationof theWOI (Cluster 1). The possible antigen-presenting roleof
epithelial cells was interestingly noted by the expression of non-
classical MHC class II genes like HLA-DOB before the opening of the
WOI (Cluster 2, Supplementary Data 2). On the contrary, peak
expressions of reported receptivity-related genes CXCL14, PAEP, GPX3,
andDPP4weremostly at or towards LH+ 11 (Cluster 5) suggesting their
main functions were on embryo invasion rather than on embryo
adhesion. The increasing expression pattern of these receptivity-
related genes from early to late secretory stages was also reported in
another study using bulk RNA sequencing31.

Among genes of Cluster 2, some of them peaked around the WOI
among which several transcription factors including CREB3L1, PAX2,
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RORA, SOX5, and NFIB were identified (Fig. 4a, b, Supplementary
Data 2). Their roles in preparation for the WOI remain to be investi-
gated. Genes of Cluster 3 peaked at the start of WOI and decreased
thereafter, whereas genes of Cluster 4 peaked at late LH+ 7 and then
plateaued off (Fig. 4a). The relevance of these two Clusters toWOI was
reflected by the presence of genes known to be important in implan-
tation. For instance, FOXO1 of Cluster 3 is a progesterone receptor-
regulated core transcription factor for endometrial remodeling and
embryo implantation43,44. Interestingly, with the use of a transcription
factor binding sites database (https://tfbsdb.systemsbiology.net/)45,

32.2% of the genes were found to be the potential targets of FOXO1,
supporting its mastery role in regulating the expression of
implantation-related genes. Indeed, uterine-specific knockout of
FoxO1 disrupted the polarity of endometrial luminal epithelial cells
and embryo penetration, causing infertility in mice46. Cluster 4 con-
tained known implantation regulatorCDH147,48 andCD4449 (Fig. 4b).We
also found significant elevation of the expressions of a cluster of
metallothionein genes (MT1G, MT1E, MT2A, MT1M) at LH + 7 (Fig. 4b)
consistent with a previous study using bulk RNA-seq50. The expression
patterns of CDH1 and MT1X were validated by qPCR in primary

Fig. 3 | Characteristics of stromal dynamics across thewindowof implantation.
aAn integrated scheme showing the heatmapof denoised and scaled expression of
time-associated genes in stromal cell (left), expression trend of each gene cluster
(middle), and significantly enriched biological terms/pathways from KEGG, Reac-
tome, and MSigDB Hallmark (right). The color scale of heatmap represents the
Z-score of normalized expression of included genes in the heatmap. Fisher exact
test with Benjamini–Hochberg adjust was used for enrichment analysis. P values

≤ 0.05 were represented as *, ≤0.01 as **, ≤0.001 as ***, ≤0.0001 as ****. Exact p
values canbe found inSupplementaryData 3.bViolin plot showing the distribution
of senescence score of stromal, epithelial, and endothelial cells across WOI.
c Scatter plot showing the significant correlation relationship between senescence
score and inflammation score. Pearson’s correlation test at 95% confidence interval
was used.
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Fig. 4 | Characteristics of epithelial dynamics across the window of implanta-
tion. a An integrated scheme showing the heatmap of denoised and scaled
expression of time-associated genes in luminal epithelial cell (left), expression
trend of each gene cluster (middle), and significantly enriched biological terms/
pathways from KEGG, Reactome and MSigDB Hallmark (right). The color scale of
heatmap represents the Z-score of normalized expression of included genes in the
heatmap. Fisher exact test with Benjamini–Hochberg adjust was used for enrich-
ment analysis. P values ≤ 0.05 were represented as *, ≤0.01 as **, ≤0.001 as ***,
≤0.0001 as ****. Exact p values can be found in Supplementary Data 3. b Expression

trend of selected transcription factors, unreported, and known epithelial receptive
genes. c Expression validation of candidate receptive genes CDH1 andMT1X across
WOI. For each group, independent samples (n = 3) were included. Data are pre-
sented as mean values +/− SEM. d Increased expression of CDH1 and MT1X in
receptive Ishikawa cells compared with non-receptive HEC-1-B cells. For each
group, independent samples (n = 3) were collected. Data are presented as mean
values +/− SD. Two-sided Student’s t test was used with 95% confidence interval.
Source data are provided as a Source Data file.
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endometrial tissues at the aforementioned time points (Fig. 4c) as well
as in a receptive (Ishikawa) and a non-receptive (HEC-1-B) endometrial
epithelial cell line (Fig. 4d). The wide expression of genes from Cluster
3 and Cluster 4 in most of LH + 7 cells were suggestive of their roles in
regulating embryo adhesion and initial invasion.

Similar analyses were conducted on the glandular and secretory
epithelial cell subpopulations. Different dynamic expression patterns
were observed (Supplementary Fig. 14, Supplementary Data 2). Similar
to the stromal cells, a sharp transitional process from LH+ 5 to LH + 7
was observed in the glandular epithelial cells (Supplementary Fig. 14a).
For the secretoryepithelial cells, a sharp transitionwasobserved at late
LH + 9 (Supplementary Fig. 14b) suggesting an activation mechanism
different from that of the glandular epithelial cells and the stromal
cells. Gene cluster identification and functional enrichment analysis
were performed and revealed general dynamic activities across the
WOI: protein synthesis and active metabolism in the initial stage, fol-
lowed by cell death and metabolism, and at last cell death and
inflammatory responses (Supplementary Fig. 8, Supplemen-
tary Data 3).

Stromal cells and epithelial cells collectively shape the immune
microenvironment during WOI
StemVAE prediction analysis revealed a time-invariant property of the
immune cells, which was reasonable as the immune cells had com-
pleted their principal identity commitment during hematopoiesis.
Their changes across WOI therefore would be subtle involving mainly
in immune cell maturation and immune responses. Among the time-
varying genes in the epithelial cells and the stromal cells, cell-cell
interacting molecules such as chemokines were identified (Fig. 5a, d,
Supplementary Fig. 15a, b) suggesting their role in shaping the immune
microenvironment across the WOI. To decipher how the stromal cells
and the epithelial cells dynamically affect the immune microenviron-
ment, we first performed cell-cell communication (CCC) analysis at
each time point. The results indicated extensive CCC between the
stromal cells and the immune cells, whichwasmuch stronger than that
between the unciliated epithelial cells and the immune cells. This
suggested a predominant role of the stromal cells in modulating
immune functions (Supplementary Fig. 15c). Spatial proximity
between the interacting cells can help reduce false positive CCC pairs.
By utilizing spatial transcriptomic data of secretory endometrium19,
spatially co-expressed CCC pairs were identified. Among the sig-
nificant CCC pairs with spatial proximity, we identified 13 and 11 sig-
nificant time-associated molecules from the stromal cells and the
epithelial cells, respectively that might interact with the immune cells
(Fig. 5b, e). Expression analysis of the interacting molecules in the
lymphocyte and the myeloid subsets showed differential expression
for some of them (Supplementary Fig. 15d, e). Several stromal-immune
pairs (CXCL12-CXCR3/4, ANXA1-FPR1/3, HLA-C-FAM3C, C3-ITGB2/ITGAM,
CD55-ADGRE5) and epithelial-immune pairs (TGFB2-TGFBR1/2, SPP1-
CD44, ANXA1-FPR1/3, CDH1-ITGB1/ITGAE, CD55-ADGRE5) were noted for
their co-expression and interactions in the WOI (Fig. 5c, f, Supple-
mentary Fig. 16). For instance, the stromal cell-specific CXCL12 and
high expression of CXCR4 on the NK/T and myeloid cells suggested
modulation of the endometrial immunemicroenvironment by stromal
cells (Fig. 5b, c). The epithelial cells expressed TGFB2, which might
interact with TGFBR1 and TGFBR2 on the NK/T and myeloid cells to
exert its immunosuppressive functions (Fig. 5e, f). On the other hand,
the immune cells might also modulate endometrial cell functions. For
example, CDH1 on the epithelial cells is an interacting partner of
integrins expressed in the immune cells (Fig. 5e).

Epitheliumdysfunction in ahyper-inflammatory environmentof
RIF endometrium
Displacement ofWOI and pathogenic changes of the endometrium are
two potential causes of RIF17. In total, we profiled 90,754 cells from 10

RIF endometria at LH + 7, which were compared to 45,282 endometrial
cells from 6 fertile women at LH+ 7 (Fig. 6a). Similar cell types were
observed in the two groups (Figs. 1b and 6a). To evaluate possible
displacement ofWOI in the RIF endometrium, StemVAEwas applied to
determine the developmental status of the endometrial epithelial cells
and stromal cells (Supplementary Fig. 17a). Hierarchical clustering of
the percentage of in-frame cells showed segregation of the 10 RIF
samples into 2 groups (Fig. 6b). Specifically, partial epithelial cell dis-
placement to LH+ 9 in RIF-4, RIF-8, RIF-10 and stromal cell displace-
ment to LH+ 9 in RIF-8 and RIF-10 were observed accounting for 30%
of the RIF samples consistent with previous reports51,52. Therefore, we
divided the RIF samples into two classes (RIF-4, -8, -10 asRIFClass1, and
the remaining as RIFClass2) for pathogenic factor identification. Uti-
lizing the pre-defined gene clusters responsible for stromal decid-
ualization (stromal cluster 4 and cluster 5 in Fig. 3a) and epithelial
receptivity (epithelial cluster 3 and cluster 4 in Fig. 4a), an overall gene
set activity score for each cluster was calculated at the single-cell level
and the mean scores of each donor were compared among the LH7,
RIFClass1, RIFClass2groups. No significant differencewas observed for
the stromal decidualization score and senescence score. However, an
increasing trend of decidualization and senescence score was still
observed for RIFClass1 supporting their displacement to a later WOI.
The RIFClass1 exhibited a significant reduction in the epithelial
receptivity score for the Cluster 3 genes, while the RIFClass2 showed a
reduction of score for theCluster 4 geneswhen compared to the fertile
controls (Fig. 6c, Supplementary Fig. 17b). It was noted that the
expression of cluster 3 genes in epithelial cell was high only in early
LH + 7 suggesting possible involvement in early implantation. The
WOI-displaced RIFClass1 showed reduced receptivity activity of epi-
thelial cluster 3 involving early implantation, while RIFClass2 without
WOI displacement exhibited reduced receptivity activity of epithelial
cluster 4 involving in late implantation (invasion). The observations
suggested epithelial defects as the main cause of RIF.

To identify the most dysregulated epithelial genes in the RIF
endometrium, we only considered the common genes from the fol-
lowing criteria: (a) significant differentially expressed genes (DEGs)
between RIF and fertile endometrium at LH + 7 with fold change
greater than 1 (Supplementary Figs. 18, 19, Supplementary Data 4); (b)
features selected by the random forest algorithm for classification of
the RIF endometrium relative to the control endometrium (Supple-
mentary Fig. 17c, Supplementary Data 4); and (c) time-associated
genes with significant variation (Supplementary Fig. 17d, Supplemen-
tary Data 2). In total, 45 genes were identified for RIFClass1 and 23
genes for RIFClass2, among which 9 (AC024230.1, CRISP3, CTNNA2,
DEFB1, MT-CO1, MT-ND3, NEAT1, S100P, SCGB1D2) were shared by both
classes (Supplementary Data 4, Supplementary Fig. 17e). External
scRNA-seq datasets of RIF further validated the dysregulation of these
genes in epithelial cells (Supplementary Fig. 20).

We also studied the DEGs in other cell subtypes between the RIF
and the fertile endometria, the highest number of dysregulated
genes were observed in themyeloid cells (Supplementary Figs. 18, 19)
suggesting the existence of differential inflammatory activities in the
two groups. Inflammation score analysis showed that the strongest
inflammatory responses in endometrium were attributed to the
myeloid cells (Supplementary Fig. 21a). The enrichment of myeloid
cells in the RIF endometrium (Supplementary Fig. 21b) indicated a
hyper-inflammatorymicroenvironment in RIF. To determine whether
the hyper-inflammation was a potential cause of the epithelial dys-
function in RIFClass2, we performed functional enrichment analysis
on the RIFClass2-upregulated genes and found wide enrichment of
interferon gamma response in the endometrial cells and immune
cells (Fig. 6d). IFNG was mainly expressed in the NK cells and the T
cells (Fig. 6a, e, Supplementary Fig. 21c) and its expression was
increased in the RIFClass2 endometrium relative to the fertile
endometrium (Fig. 6f, Supplementary Fig. 21d). IFNG treatment of
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Fig. 5 | Stromal and epithelial cell regulation on endometrial immune micro-
environment acrossWOI through cell-cell communication analysis. aHeatmap
showing the dynamic average expression of time-associated ligand/receptors (LR)
in stromal cells according to the CellChat database. The color scale of heatmap
represents the Z-score of normalized mean expression of genes across the time
points. b Significant interacting pairs between time-associated stromal LRs and
immuneLRs. cDynamicexpressionof selected stromal cell interactingmolecules in

NK/T and myeloid cells. d Heatmap showing the dynamic average expression of
time-associated ligand/receptors (LR) in luminal epithelial cells according to the
CellChatdatabase. The color scale of heatmap represents theZ-scoreofnormalized
mean expression of genes across the time points. e Significant interacting pairs
between time-associated epithelial LRs and immune LRs. f Dynamic expression of
selected epithelial interacting molecules in NK/T and myeloid cells. Partially cre-
ated in BioRender. Gong (2024) https://BioRender.com/g77u078 (c, f).
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ISHIKAWA cells decreased the trophoblast organoid attachment rate
(Supplementary Fig. 21e). The expression of IFNG receptor, IFNGR1,
was high in the luminal epithelial cells (Fig. 6g) and was significant
elevated in the RIFClass2 (Fig. 6h). The dysregulated functions of

IFNGR1-positive luminal epithelial cells in RIFClass2 were mainly
involved in receptivity regulating pathways such as fatty acid meta-
bolism, estrogen responses, oxidative phosphorylation (Fig. 6i) as
revealed in Fig. 4a. Altogether, we identified epithelium dysfunction

Fig. 6 | Pathological endometrial characteristics ofRIFpatients atWOI. aUMAP
plots of 45282 cells in the fertile LH7 group and 90,754 cells in the RIF group
showing the major cell types. b Heatmap showing the clustering of RIF patients
based on the cell percentage distribution of epithelial and stromal cells predicted
by StemVAE.Window displacement (from LH+ 7 to LH+ 9) could be seen in the RIF
endometrium. The color scale of heatmap represents cell percentage. c The esti-
mated decidualization score in stromal cells and receptivity score in epithelial cells
using respective gene sets between fertile (n = 6) and RIF endometrium (n = 3 for
RIFClass1, n = 7 for RIFClass2). N indicates independent samples. The boxes extend
from the first quartile (Q1) to third quartile (Q3), with the band inside the boxes
representing the median. The whiskers extend to the smallest and largest values
within 1.5 times the inter-quartile range (IQR), where IQR is the difference between
Q3 and Q1. The two-sided Student’s t test was used to determine the statistical

significance, p values ≤ 0.05 were represented as *, ≤0.01 as **. d The GSEA hall-
mark pathway (Interferon gamma response) enriched in RIFClass2-derived cells,
ordered by -log10FDR. e UMAP plot of IFNG expression in fertile and RIF cells. The
color scale represents normalized gene expression. f Fold change of IFNG expres-
sion between fertile and RIFClass2 derived NK, CD4_T, CD8_T and Treg cells.
gUMAPplot of IFNGR1 expression in fertile and RIF-derived epithelial cells.hViolin
plot of IFNGR1 expression between fertile and RIFClass2 derived luminal epithelial
cells. Two-sided t test at 95% confidence interval was used. P values ≤ 0.0001 were
represented as ****. iTheGSEAhallmark pathways (ordered by -log10FDR) enriched
for upregulated genes (upper panel) and downregulated genes (lower panel) in
RIFClass2-derived IFNGR1+ luminal epithelial cells when compared to that of fertile
women. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-024-55419-z

Nature Communications |          (2025) 16:137 11

www.nature.com/naturecommunications


as the major contributor of RIF pathogenesis which was strongly
associated with a hyperinflammation microenvironment.

Discussion
In this study, we comprehensively characterized the dynamic tran-
scriptomic changes of precisely timed human endometrium at single-
cell level across the WOI in high coverage and deciphered the patho-
logic factors of RIF endometrium. Our analyses yield a comprehensive
catalog of endometrial cells enabling identification of major and rare
cellular subsets and exploration of endometrial receptivity in normal
and disease conditions. With the 130,094 single-cell data of 18 endo-
metrium biopsies from fertile women, we report the distinct dynamics
of the stromal cells and the epithelial cells across theWOI. The stromal
cell dynamic is characterized by extensive replication and ECM
remodeling before initiation of the WOI, followed by an intensive
decidualization process, during which stromal senescent cells exhib-
ited significant correlation with inflammation and manifested meta-
bolic and immune regulatory crosstalk. On the other hand, the
epithelial subpopulations exhibited heterogeneous temporal dynam-
ics across the WOI. With StemVAE, we identify epithelial receptivity
gene sets and show that displacement of WOI and reduced epithelial
receptivity in a hyper-inflammatory environment are correlated
with RIF.

Single-cell order estimation is critical for deciphering dynamics.
Our data is a time-series dataset that provides prior time information.
Current computational techniques rarely infer time series-specific
transcriptomic changes. Therefore, we developed StemVAE which
predicts the time of a cell via a multilayer neural network preserving
the temporal characteristics of cells. StemVAE is flexible and effective
for large datasets making it superior to the existing supervised pseu-
dotime estimation method psupertime, which utilizes an ordinal
logistic regression model32. StemVAE successfully established the
single-cell order of endometrial samples from normal fertile popula-
tion across the WOI which preserved the time-series information.
StemVAE trained on fertile samples was able to predict single-cell time
domain distribution for newly collected samples. The invariant of time
domain distribution for LH + 7 samples from the samedonor collected
in different menstrual cycles spanning one year allowing the applica-
tion of StemVAE for WOI displacement prediction for pathological
samples. The small cycle-to-cycle variance of endometrium was also
reported in a previous bulk study53.

Our time-series data across the WOI revealed complex cellular
heterogeneity in endometria and large inter-individual variations in
cellular composition at the same time point despite standardized
timing for sample collection. The heterogeneity was simultaneously
observed in populations with or without prior pregnancy history
(Supplementary Data 1). Prior pregnancy history not impacting endo-
metrial receptivity was also indicated by studies with large sample size
which showed no association of previous eutopic pregnancy with IVF
outcome such as ‘live birth rate’54,55. While the pregnancy history effect
was to some extent ruled out, it remains possible that the cellular
heterogeneitymight be due to the similar rather than the 100%precise
sampling timing which is notoriously challenging. The observations
caution the cell abundance analysis for human endometrium, and help
to explain contradictory results in previous studies that profiled
immune cell percentages, such as uterine NK cells in RIF, with limited
sample size56–58.

Although the data was collected from endometria in the secretory
phase, we identified epithelial progenitor subpopulations, the
EPCAM+SOX9+ (MUC5Bhigh), and the LGR5+ cells. Their basalis and
luminal surface location supported the previous suggestion that the
LGR5-rich lumen is a secondendometrial stemcell nicheother than the
basalis stem cell pool27,29. The luminal epithelial cells likely contribute
to glandular regeneration in the functionalis layer of the endometrium.
Supportively, the identified luminal epithelial subpopulation exhibited

glandular characteristics and was localized to both the epithelial sur-
face and glands. In addition, the other reported luminal epithelial cell
marker EDG7 (LPAR3)26 was also detected in both the luminal surface
and the newly formed glands in proliferative phase endometria.
Nevertheless, future single-cell lineage tracing is critical to confirm the
contribution of the luminal epithelial cells to the regeneration of
endometrial glands.

Stromal cells and epithelial cells are two major functional cell
types essential for endometrial receptivity. In this study, both cell
types exhibited great molecular changes across the WOI. Of interest,
the stromal cells manifested a sharp activation of decidualization
coinciding with embryo implantation at LH + 7. The differentiation
process manifested with stromal senescence and inflammation which
could be further divided into two waves: moderate inflammation at
mid-secretory stage and intense inflammation at late-secretory stage.
These observations find support in previous reports34,35 and render
human endometrium as a natural aging model. Here, we further sug-
gest that the driver for stromal senescence at LH + 7 might be the
replicative stress during the strong replication/transcription events
before LH + 7. Although stromal senescence significantly correlated
with inflammation across the WOI, the direct tuning together with the
tuning mechanisms of inflammation in the endometrium by the
senescence of stromal cells requires further validation and investiga-
tion. Interestingly, a recent report showed that the release of mito-
chondrial DNA (mtDNA) into cytosol plays a role in the induction of
inflammation during senescence59. Consistently, our data showed
enriched metabolism and oxidative activities in the stromal cells dur-
ing decidualization suggestive of strong mitochondria responses.
Whether mtDNA is produced and as the driver for endometrial
inflammation is worthy of future exploration.

Unlike the stromal cells, the luminal epithelial cells exhibited a
gradual transitional process across the WOI. By dynamic gene expres-
sion analysis, two clusters of genes coinciding early (luminal epithelial
cluster 3) and late (luminal epithelial cluster 4) embryo implantation
were proposed as epithelial receptivity genes which were functionally
supported by their enrichment in known receptivity-related pathways
such as mineral absorption60, androgen responses61, and EMT62. The
importance of the gene set to implantation was also supported by its
inclusion of some known receptivity genes such as FOXO1, CDH1, and
CD44. In particular, the core transcription factor FOXO1 can potentially
regulate the expression of a significant proportion of the Cluster 3 and 4
genes. Importantly, a family of metallothionein genes was consistently
found by us and others to be highly expressed in normal WOI50 but
decreased in the pathologic endometrium of Asherman’s syndrome23.
However, their exact function in embryo implantation is still unknown
and future exploration is warranted.

A previous study reported different dynamic patterns of endo-
metrial cells across the WOI; a widespread decidualization of the
stromal cells and an abrupt and discontinuous activation of the epi-
thelial cells18. The discrepancy may be caused by insufficient sample
coverage before the WOI and on LH +9 in the previous study as indi-
cated by StemVAE prediction of the timedistribution of the cells in the
study (Supplementary Fig. 10a). Moreover, the study defined WOI by
several markers like PAEP, GPX3, DPP4, which were found to have high
expression also at the late secretory stage in our study as well as
another study31 suggesting inappropriateWOI dating. But on the other
hand, it cannot be ruled out that the discrepancy might be caused by
the patient characteristics especially the hormonal milieu in the two
cohorts of different ethnic background. The lack of hormonal infor-
mation at the sampling time in these two studies hindered the further
comparison analysis. Future endometrial receptivity studies with
companion hormone levels are advocated. On the whole, our study
provides a single-cell atlas of high coverage across the WOI which
supplements the previous study and enables a more accurate inter-
pretation of the WOI.
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The dynamic features of epithelial cell and stromal cell across the
WOI, the newly developed StemVAE, together with the small cycle-to-
cycle variance of endometrial molecular characteristics enable the
endometrial receptivity prediction at single-cell level. By applying
StemVAE to RIF endometrium, WOI displacement could be identified
according to epithelial cell and stromal cell time domain distribution.
Strong post-receptive displacements were observed for 3 out of 10 RIF
patients, a similar out-of-phase percentage to previous RIF studies
using bulk endometrial receptivity test51,52. Pre-receptive or post-
receptive preference of RIF patients is not conclusive currently across
different studies. As StemVAE predicted time for single cells, the per-
centage distribution in different time intervals were used for cluster-
ing; and the displacement classification was based on the clustering
tree which should be improved in future by including larger sample
size as well as taking pregnancy outcome into consideration for cutoff
setting. Single-cell receptivity estimation resolves the problem of tis-
sue heterogeneity; and would benefit the precise development of
clinical treatment. However, the direct comparison of single-cell
receptivity estimation versus bulk-level receptivity estimation is fur-
therwarranted in the future to testify their translational use.Moreover,
the lack of hormone levels for each donor at the sampling timepoint
hindered the in-depth analysis about the impact of hormone level on
endometrial receptivity in the current study.

The two clusters of receptivity genes identified based on the
epithelial dynamics are related to dysfunction of the RIF endometrium
and can stratify the RIF endometrium into two classes, namely dis-
placement of WOI and in-phase WOI with reduced epithelial recep-
tivity. Although stromal senescence and decidualization have been
implicated in reproductive failures such as recurrent pregnancy loss24,
the overall senescence and decidualization gene set activation analysis
did not show a significant difference between fertile and RIF endo-
metria probably due to heterogeneous etiologies of RIF or limited
sample size in the present study. Instead, we observed hyper-
inflammatory responses such as wide interferon-gamma response in
the in-phaseRIF endometrium. Inflammationor infectionwas reported
to be one of the endometrial factors for RIF63. Moreover, the top
dysregulated genes (Supplementary Fig. 17e) found in RIF involving
stress and immune response indicated the link between hyper-
inflammation and reduced epithelial receptivity. Although the hyper-
inflammation of RIF endometrium might be a cause of abnormal
progesterone signaling, their cause-and-effect relationship remains
elusive since progesterone was implicated in the regulation of endo-
metrial inflammation64. Utilizing data from previous studies65,66, dys-
regulated genes including CLDN4, CXCL14, DEFB1, GNLY, GPX3, FAM13A
in the in-phaseRIFwere found tobepotential PR targets andhave roles
in inflammation modulation. However, we didn’t have the progester-
one level of these patients for further analysis. Here, we again appeal
that progesterone level determination should be a companion in all
endometrial studies. In our data, both the stromal cells and the epi-
thelial cells interact with the immune cells. Ligands or cytokines from
the stromal cells and epithelial cells can modulate the immune cells
expressing the corresponding receptors or vice versa, and several
stromal-immune and epithelial-immune interacting pairs including
CXCL12-CXCR3/4, TGFB2-TGFBR1/2, and CDH1-ITGB1/ITGAE were iden-
tified. Some of these identified interacting pairs were found to be
decreased or increased in in-phase RIF endometrium (Supplementary
Fig. 22). Their functional implications in RIF pathogenesis require
further study. Concerning RIF, we found excessive IFNG tran-
scriptomic expression in the NK/T cells and upregulated IFNGR1
expression in the luminal epithelial cells with compromised receptivity
in the in-phase RIF endometrium. Although the increased tran-
scriptomic and protein expression of Interferon gamma was pre-
viously detected in RIF endometrium67 and peripheral blood68,
respectively, direct IFNGprotein detection in RIF endometrial immune
cells should be warranted in the future. Further mechanistic study

linking hyperinflammation, epithelial function, and embryo implanta-
tion is worthy of much attention.

In summary, our study supplemented previous limited under-
standing of the normal dynamics of endometrial receptivity and the
factors contributing to implantation failures. This atlas together with
the computational framework represents an important tool for the
instrumental design of diagnosis panels and therapeutic targets for
reproductive failures.

Methods
Ethics and study subjects
This study was approved by the Ethics Committee of the University of
Hong Kong-Shenzhen Hospital (IRB reference number [2021]173-001)
and was conducted according to all relevant ethical regulations.
Informed written consent was obtained from each donor after full
counseling before an endometrial biopsy was performed. The donors
received compensation for participating this study.

The fertile control donors (Supplementary Data 1) included
volunteers from the public who had a normal live birth through
spontaneous conception within the past 2 years as well as in vitro
fertilization (IVF) patients with no female factors and had a live birth
after transfer of one normal euploid blastocyst because of a known
genetic problem (PGT treatment for monogenic mutation or chro-
mosomal structural variant). The inclusion criteria of the fertile con-
trols were 20–36 years old, BMI 19–25 kg/m2, regular menstrual cycle
of 25–35 days, normal karyotype except 2 donors for PGT with known
chromosomal structural variant, absence of obvious endometrial
defects and endocrine or systemic diseases. In total, 15 fertile controls
from the public and 3 fertile controls from the IVF center at the Uni-
versity of Hong Kong-Shenzhen Hospital were included in this study.
The donors of the RIF group (Supplementary Data 1) were recruited
from the IVF center. They were 20–38 years old, with a BMI 19–25 kg/
m2, exhibiting a regular menstrual cycle of 25–35 days. These indivi-
duals experienced implantation failures after transfer of at least 6
good-quality cleavage-stage embryos or 3 high-quality blastocysts
within a minimum of three fresh or frozen cycles69. Additionally, they
showed no obvious endometrial defects and endocrine or signs of
systemic disease. For both groups, women with the following condi-
tions were excluded: recent contraception (use of the intrauterine
device in the past 3 months or hormonal contraceptives in the past
2 months), recent antibiotic treatment in the past 3 months and
uterine pathology (endometriosis, leiomyoma or adenomyosis;
hydrosalpinx; bacterial, fungi, or virus infection).

Tissue collection
Endometrial biopsy in a natural cycle was conducted for both fertile
control and RIF subjects under the guidance of the abdominal ultra-
sound. Specifically, the Pipelle catheter was placed to the uterine
fundus followed by fully suction alongwith in-cavity spinning and then
moving downward to the internal cervical ostium. All biopsies were
performed by the same doctor (YF.C.) with standard operation to
minimize variation. The biopsy days were determined by daily mea-
surement of serum LH level together with E2 and P4 when the diameter
of the dominant ovarian follicle was >14mm. The LH surge day was
defined as the day with the surging serum LH level together with
decreasing E2 and increasing P4 levels. Once the surge day was deter-
mined, hormone levels would no longer be measured for all the
donors. LH surge day was denoted as day LH+0. Biopsy at LH + 3 was
conducted 72 h post LH +0. The simple day count calculation method
was also applied to biopsy schedule for other timepoints. The fertile
controls from the public were randomly assigned to five-time points
covering LH + 3 (n = 3), LH + 5 (n = 3), LH + 7 (n = 3), LH + 9 (n = 3), and
LH + 11 (n = 3) and subjected to endometrium biopsy accordingly. The
fertile PGT patients (n = 3) and RIF donors (n = 10) had endometrial
biopsy done only on LH+ 7. For each donor in a natural cycle, no luteal
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phase supplementation was given, and endometrial thickness was
assessed through transvaginal sonography before endometrial biopsy.
All the biopsies were subjected to CD138 staining and diagnosed
without chronic endometritis according to the published criteria70.

Tissue dissociation for single-cell transcriptomic sequencing
A one-step dissociation protocol was used to disperse fresh endo-
metrial tissue71. Before dissociation, the tissue was rinsed with cold
phosphate-buffered saline (PBS, Gibco) on a Petri dish to remove
blood and mucus, and minced into small pieces using the surgical
blade in 500ul of DMEM-F12 (Gibco) supplemented with 1% fetal
bovine serum albumin (ThermoFisher), 1% penicillin-streptomy-
cin (Gibco) and 1% glutamine (Gibco). Tissue digestion was then
immediately performed using DMEM-F12 (Gibco) medium containing
DNase I (4mg/ml, Worthington) and collagenase III (2.5mg/ml, Wor-
thington) in a 50-ml Falcon tube, whichwas horizontally incubated in a
water bath at 37 °C with constant shaking for 1 h. After digestion, the
cell suspension was filtered through 40μm sieves (BD Bioscience) and
loaded onto Ficoll-Paque (GE Healthcare) density gradient for red
blood cell removal. Further removal of red blood cells was conducted
using the red blood lysis solution (Miltenyi) for 5min at room tem-
perature. Dead cells were removed using the MACS dead cell removal
kit (Miltenyi) following the manufacturer’s protocol. Cell viability and
concentration of the resulting single-cell suspension were assessed by
a Countess™3 AutomatedCellCounter (Life) for subsequent scRNA-seq
experiments. To minimize operation variation, tissue processing and
dissociation was performed by the same technician (J.W.).

Single-cell capture, library preparation, and sequencing
The qualified endometrial single-cell suspensions with at least 80% cell
viability and more than 20,000 cells were placed in a cold box at 4 °C,
and an appropriate number of cells were loaded onto a Chromium
Controller platform within 2 h. Single-cell encapsulation, barcoding,
reverse transcription, cDNA generation, and library construction were
performed following the manufacturer’s protocol (Single Cell 3’
reagent kit v3.1, 10X Genomics). Single-cell libraries of each donor
were sequenced with a pair-end mode (150bp) on a DNBSEQ-T7
instrument (GenePlus Technology) with aminimum sequencing depth
of 50,000 reads/ per cell.

Single-cell data pre-processing, quality control, and clustering
For each sample, the raw sequencing data was separately processed by
theCellRanger pipeline (v.7.0.0)withdefault parameters for alignment
and cell recovery using the GRCh38 reference genome. The filtered
barcode matrices were loaded into the R package Seurat (v.4.1.1)
to generate the cell-by-gene matrix72. Cells with less than 200 genes,
or more than 25% mitochondrial reads were filtered out. Doublet
cells were further filtered out for each sample using the R package
DoubletFinder (v.2.0.3)73. Samples were then concatenated and
integrated using the Seurat package. Genes expressed in less than
10 cells in the concatenated matrix were filtered out. The top
3000 highly variable genes (HVGs) were selected for dimensional
reduction using principal component analysis. The first 50 principal
components were used for batch effect removal by the method har-
mony (v.0.1.1)74 which is packaged in the SeuratWrappers (v.0.3.1).
Thefirst 20 reduceddimensions of harmonywereused for subsequent
clustering by the Shared Nearest Neighbor (SNN) modularity
optimization-basedmethod and visualization by theUniformManifold
Approximation and Projection (UMAP) method. Small clusters (less
than 100 cells) with exceptional high UMI count, detected genes and
percentage of mitochondrial reads were removed. Repeated analysis
was performed until no aforementioned such cluster were present.
Similar filtering and clustering processes were applied to specific cell
subtype analyses.

Differential expression analysis
Differentially expressed genes (DEGs) were identified using two
approaches. With the function ‘FindMarkers’ in the Seurat package,
DEGs were identified as logfc.threshold >1 and adjusted p value < 0.05
using the method MAST which was developed specifically for single-
cell data75. Meanwhile, the R package Cepo (v.1.6.0) was also used to
identify DEGs with p-value < 0.05 which was effective in the identifi-
cation of cell identity genes76.

Functional enrichment analysis
Functional enrichment analysis was performed both for cluster anno-
tation and biological investigation and interpretation. Briefly, the
defined gene set was subjected to Enrichr (https://maayanlab.cloud/
Enrichr/) analysis77. Results from databases ‘Reactome 2022’, ‘KEGG
2021’, and ‘MSigDB Hallmark 2020’ were included. Terms with adjus-
ted p-value < 0.05 were considered significant.

Single-cell data annotation
Major endometrial cell types were manually annotated based on the
expression of canonical markers collected from literature4,18–22,25,71. For
annotation of typical cell type sub-clustering, high-resolution clusters
were first identified. Canonical marker expression, cluster-specific
gene identification as well as corresponding functional enrichment,
and cluster tree construction with the R package clustree (0.5.0) were
performed. Adjacent clusters on the UMAP with similar properties
were combined to form a final cluster.

Module score analysis
The ‘AddModuleScore’ function in the Seurat package was used to
determine a senescence score for non-immune cells and an inflam-
mation score for stromal cells and immune cells based on the
expression of a validated senescence gene set SenMayo39 and the gene
set of HALLMARK_INFLAMMATORY_RESPONSE from MSigDB42,
respectively. The validation of SenMayo gene set to indicate endo-
metriumageingwas conducted utilizing identifiedhuman endometrial
ageing genes40 through intersection enrichment analysis (hypergeo-
metric test), as well as gene expression enrichment analysis (GSVA) in
both normal and senescent endometrial stromal cells using the bulk
RNA-seq dataset78.

Deconvolution analysis
We collected bulk RNA-seq data on human endometrium from the
Gene ExpressionOmnibus database. The data inclusion criteriawere: 1.
RNA-seq was performed on the endometrium of women with normal
menstrual cycles and without gynecological diseases. 2. The sampling
time of each patient was meticulously recorded in detail and the form
of LH+n. We downloaded the raw count data from different studies
(GSE106602, GSE185392, GSE98386) and integrated them. The batch
effect was corrected using the ComBat function in the R package sva
(v.3.42.0). Thedatawas then converted to transcript permillion (TPM).
Of the 81 included samples, the cellular composition was determined
by deconvolution analysis with theR packageDeconRNASeq (v. 1.36.0)
referencing the gene expression matrices of the major cell types
identified in this study. Boxplots were used to visualize the propor-
tions of each major cell type in the samples.

RNA velocity analysis
The software Velocyto (v.0.17.17)79 was employed to compute the
counts of spliced and unspliced mRNA within the single-cell sequen-
cing data of each sample, resulting in a count matrix representing the
mRNA splicing status. To analyze the developmental trajectory of
endometrial epithelial cell subtypes, the Python package scVelo
(v.0.2.5)80 was used for data preprocessing, and RNA velocity and
transcription rates were modeled using the Python package UniTVelo
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(v.0.1.6)81 with 2,000 HVGs. A unified latent time across the whole
transcriptome was also calculated using UniTVelo.

Location of cell types in spatial transcriptome data
The spatial transcriptomic dataset of human endometrium (Visium)
was obtained from ArrayExpress with the accession number E-MTAB-
926019. To identify the putative spatial locations of the epithelial sub-
populations defined in the present scRNA-seq study, the Python
package Cell2Location (v.0.1.3)82 was used to decompose the spatial
spots into epithelial cell-subtype abundance estimates based on the
cell-subtype expression signatures.

Variational autoencoder (VAE) modeling of time inference and
prediction at single-cell level
A VAE model based on the probabilistic latent space was constructed
to infer the luteal time of cells taking into consideration prior time
information. Structurally, this model consists of an encoder, a cell-
decoder, and a time-decoder (Fig. 2a). The encoder encodes the pre-
processed cell-by-gene expression matrix with a luteal time label (LH
+n) to a low-dimensional distribution. The cell decoder reconstructs
the input expression data from latent space using a generative model,
while the time decoder extracts the time information using a super-
vised regressionmodel. The detailed preprocessing step andmodeling
process and parameters are shown in Supplementary Note.

Psupertime analysis
Based on the normalized gene expression matrix and the HVGs iden-
tified in Seurat (v.4.3.0), coefficients of HVGs were determined and
genes with non-zero coefficients were used to project cells onto a
pseudo time axis with prior sampling time information using the R
package psupertime (v.0.2.6)32. Pseudotime distribution was then
visualized for different cell types.

Time-associated gene identification
Time-association (TA) of a gene was calculated using two methods. In
the firstmethod, the identification of TA genes for discrete groupswas
performed using the R package variancePartition (1.30.0)30 for each
cell type/subtype. Discrete-time was firstly transformed to [−1,1] as a
continuous variable by subtracting 7 and dividing by 4. Variance
explained by time was calculated when decomposing the variance of
eachgene into a transformed time as a fixed effect, the donor label as a
random effect, and the residual. Variance greater than 0.1 was con-
sidered as TA genes. In the second method relying on the recon-
structed luteal time, identification of TA genes was performed by
calculating the mutual information (MI) score between the expression
and the predicted time using the Java implementation method as
introduced by an independent study18. A MI score greater than 0.1 was
considered as a TA gene for a specific cell type.

Time-associated gene ordering and clustering
To estimate the predicted luteal time at which a gene reached max-
imum expression, normalized expression of genes wasfirstly denoised
and standardized as Z-score. Cells were ordered by sampling group
and the predicted luteal time within each group. Based on the cell
ordering, genes were then sorted according to the position of cells
with top expression:

X , X = max ceiling
n

300

� �
, 10

n o� �
ð1Þ

Clustering of genes was performed with the “hclust” package in R
4.1.2 (k = 5), and the order of the clusterswasdeterminedby theweight
of the position in the cell order of groups.

Single-cell and spatial ligand-receptor interaction analysis
Cell-cell interactions between different cell lineages were inferred by
the R package CellChat (v.1.6.1) based on ligand-receptor pairs83.
Specific expression of a receptor by one cell type and a corresponding
ligand by another cell type was identified to reflect potential interac-
tion between the cell types. The average expression values of the
individual ligand-receptor complex in the corresponding interacting
pairs of cell types were calculated tomeasure the interaction strength.
The enriched ligand-receptor interactions between two cell subsets
were calculated based on the permutation test. Significant ligand-
receptor pairs were identified with P-value < 0.05.

To identify significant spatially co-expressed ligand-receptor pairs
for endometrium, spatial transcriptome data of human endometrium
deposited in ArrayExpress with the accession number E-MTAB-9260
was utilized19. With the public dataset, the Python package SpatialDM
(v.0.1.0) was employed for ligand-receptor co-expression, local spots
interaction, and communication pattern analysis84. A P value < 0.05
was considered as significant.

Protein-protein network analysis
Protein-protein interactions (PPIs) of the interested gene set were
screened using the STRING database (https://string-db.org/, version:
12.0), with the confidence threshold value ≥0.4 (medium confidence)
and false discovery rate stringency 5% (medium).

Immunofluorescence
Formalin-fixed paraffin-embedded endometrial tissue slides (5 μm)
were deparaffinized through incubation in xylene twice for 5min each.
Next, the slides were dehydrated in a series of ethanol gradients (2×
pure ethanol, followed by 1× 95% ethanol, 1× 85% ethanol, and 1× 75%
ethanol for 4min each). After washing with distilled water, antigen
retrieval was performed by incubating the slides in sodium citrate
antigen retrieval buffer (pH 6.0) in a microwave oven with high mode
for 5min and lowmode for 15min. After cooling down, the slides were
washed with PBS for 5min. A hydrophobic barrier was then drawn
around the tissue sections with a PAP pen. To reduce non-specific
binding, the sections were blocked in a blocking buffer containing 5%
BSA/0.2%Triton-X100 at room temperature for 1 h. Next, the slides
were incubated with diluted primary antibodies against EPCAM (1:200
dilutions, #AF960, R&D Systems), CDH1 (1:200 dilutions, #20874-1-AP,
proteintech), EDG7 (1:100 dilutions, #19509-1-AP, proteintech), FOXA2
(1:300, #ab108422, Abcam), LGR5 (1:100 dilutions, # PA5-23000,
Invitrogen), VIM (1:100 dilutions, #ab16700, Abcam), SPP1 (1:100
dilutions, #ab214050, Abcam), CD44 (1:100 dilutions, #ab316123,
Abcam), CD45 (1:100 dilutions, #14-0459-82, Invitrogen), or c-Jun
(1:100 dilutions, #ab40766, Abcam) overnight at 4 °C. Following three
washes in PBS-T for 10min each, the tissue slides were incubated in
appropriate diluted secondary antibodies, including Alexa Fluor 568
goat anti-mouse antibody (1:400 dilutions, #ab175473, Abcam) or
Alexa Fluor 647 goat anti-rabbit antibody (1:400 dilutions, ab150099,
Abcam) at room temperature for 1 h in the dark. After washing three
times in PBS-T for 10min each, the slides were mounted with antifade
mountingmedium andDAPI (P0131, Beyotime). Confocal fluorescence
images of the sections were captured using a ZEISS Axio-Imager_LSM-
900 laser scanning confocal microscope.

RNA extraction, cDNA synthesis, and quantitative real-time
polymerase chain reaction
Total RNA was extracted using the FastPure Cell/Tissue Total RNA
Isolation Kit V2 (Vazyme) according to the manufacturer’s protocol.
The final RNA concentration was measured by a Nanodrop 2000
(Thermo). Reverse transcription was performed using the HiScript III
All-in-one RT SuperMix Perfect for qPCR (Vazyme) following the
standard protocol. Quantitative polymerase chain reaction (qPCR) was
performed using the Taq Pro Universal SYBR qPCR Master Mix
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(Vazyme) in a 7500 Real-Time PCR system (Applied Biosystems). Gene
expression was normalized to GAPDH. Primers used were as follows:

CDH1: F-TCTGCTGCTCTTGCTGTTTCTTC, R-TCTCCGCCTCCTTC
TTCATCATAG;

MT1X: F-GACCCCAACTGCTCCTGCTC, R-ACACTTGGCACAGCCC
ACAG;

IFNG: F- AGAGTGTGGAGACCATCAAGGAAG, R- TGCGTTGGACAT
TCAAGTCAGTTAC.

Statistics & reproducibility
No statistical method was used to predetermine sample size. No data
were excluded from the analysis. The recruited donors were rando-
mized into different time points for sample collection. The investiga-
tors were not blind to allocation during experiments and outcome
assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The processed sequencing data generated in this study have been
deposited in the NCBI’s Gene Expression Omnibus (GEO) under
accession code GSE250130. The raw sequencing data generated in this
study have been deposited in the Sequence Read Archive under
accession code PRJNA1051672. Public datasets used in this study: bulk
transcriptomic datasets of human endometrium for deconvolution
study deposited in GEO under the accession codes GSE106602,
GSE185392, and GSE98386; bulk transcriptomic dataset of human
endometrial stromal cells for GSVA analysis deposited in GEO under
the accession code GSE160702; single-cell transcriptomic dataset of
human endometrium generated by Smart-seq and 10X genomics
deposited in GEO under accession code GSE111976; single-cell tran-
scriptomic datasets of RIF endometrium deposited in GEO database
under accession codes GSE183837 and GSE223672; and the spatial
transcriptomic dataset generated by Visiumdeposited in ArrayExpress
under the accession code E-MTAB-9260. Sourcedata areprovidedwith
this paper.

Code availability
The newly developed computational method StemVAE85 is freely
available as a Python package on GitHub (https://github.com/awa121/
stemVAE_endometrium). Other specific codes relating to this study are
accessible, with no restrictions, upon request to D.C. (caodd@hku-
szh.org).
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