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Introduction
Decidual cells, which constitute the key components of 
the endometrial decidua, envelop the implanting concep-
tus and prepare the endometrium for embryo implanta-
tion [1–3]. These cells play a crucial role in supporting 
the developing embryo before placental formation, as 
well as providing the endometrium with mechanisms 
to control trophoblast invasion, maintain tissue homeo-
stasis, and confer immunity tolerance and resistance to 
inflammatory signals and oxidative stress [4, 5]. Under 
the influence of increasing progesterone levels and local 
cAMP production, elongated fibroblast-like endome-
trial stromal cells undergo differentiation into rounded 
and specialized secretory epithelioid decidual cells—a 
process referred to as decidualization [6–8]. The pivotal 
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Abstract
The human endometrial decidualization is a transformative event in the pregnant uterus that involves the 
differentiation of stromal cells into decidual cells. While crucial to the establishment of a successful pregnancy, 
the metabolic characteristics of decidual cells in vivo remain largely unexplored. Here, we integrated the single-
cell RNA sequencing (scRNA-seq) datasets on the endometrium of the menstrual cycle and the maternal-fetal 
interface in the first trimester to comprehensively decrypt the metabolic characteristics of stromal fibroblast cells. 
Our results revealed that the differentiation of stromal cells into decidual cells is accompanied by increased amino 
acid and sphingolipid metabolism. Furthermore, metabolic heterogeneity exists in decidual cells with differentiation 
maturity disparities. Decidual cells with high metabolism exhibit higher cellular activity and show a strong 
propensity for signaling. In addition, significant metabolic reprogramming in amino acids and lipids also occurs 
during the transition from non-pregnancy to pregnancy in the uteri of pigs, cattle, and mice. Our analysis provides 
comprehensive insights into the dynamic landscape of stromal fibroblast cell metabolism, contributing to our 
understanding of the metabolism at the molecular dynamics underlying the decidualization process in the human 
endometrium.
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role of decidual cells in establishing and maintaining 
pregnancy cannot be overstated, as any disruption to the 
decidualization process may lead to a range of pregnancy 
complications, including implantation failure, pregnancy 
loss, infertility, impaired endometrial receptivity, recur-
rent miscarriages, placental abruption, and intrauterine 
fetal growth restriction [9, 10].

Decidualization of the human endometrium is char-
acterized by substantial morphological and functional 
changes in human endometrial stromal cells, leading 
to the differentiation of stromal cells into metaboli-
cally active decidual cells [8, 11]. This process has a high 
energy demand, requiring significant reprogramming of 
energy metabolism, including carbohydrate, lipid, and 
amino acid metabolism, to support decidual cell differen-
tiation [12]. As a result, there is a heightened demand for 
glucose, which enters the glycolytic system to generate 
energy molecules. Decidual cells demonstrate increased 
glucose uptake and low-glucose conditions have been 
shown to suppress production of decidual prolactin 
(PRL) [13]. Blocking the pentose phosphate pathway 
inhibits decidualization of endometrial stromal cells both 
in vitro and in vivo [14].

Aside from carbohydrates, lipids play a critical role 
in providing energy for metabolism and maintaining 
homeostasis. Lipids are evenly distributed in the peri-
implantation uterus to supply raw materials and energy 
for the stromal-decidual transformation [12]. Disrup-
tion of sphingolipid metabolism leads to instability in the 
uterine vascular bed, and impaired decidualization [15, 
16].

During the process of implantation, the decidua under-
goes differentiation into various regions: the decidual 
basalis, located beneath the implantation site, the adja-
cent decidua parietalis, and the more distant decidual 
secretory endometrium. The latter remains similar to 
the pre-decidualized endometrium, indicating potential 
heterogeneity in the characteristics of decidual cells [5, 
17, 18]. The use of transcriptome profiling at the single-
cell level provides invaluable information on cell-to-cell 
variability, potential subpopulations, rare cell types, 
functional possibilities, and activities of major meta-
bolic pathways [19, 20]. Recently, analysis at the single-
cell level has revealed different subpopulations of human 
decidual cells in early pregnancy [21]. Additionally, Bao 
et al. identified a glycolytic subtype of decidual cells in 
the decidua of patients with recurrent miscarriage [22].

In this study, we aimed to investigate the metabolic 
characteristics of endometrial stromal cells and decidual 
cells by analyzing integrated single-cell RNA sequencing 
(scRNA-seq) datasets. We sought to identify and char-
acterize the metabolic heterogeneity between sub-clus-
ters of stromal cells and decidual cells, respectively. The 
findings from this study may offer new insights into the 

development and maintenance of the decidua, as well as 
the intricate communication between decidual cells and 
trophoblast cells.

Materials and methods
Data collection and processing
The scRNA-seq datasets of human endometrium across 
the natural menstrual cycle were downloaded from Gene 
Expression Omnibus database under accession number 
GSE111976; scRNA-seq datasets of the human first tri-
mester fetal-maternal interface were downloaded from 
ArrayExpress database under the accession number 
E-MTAB-6701. GSE111976 and E-MTAB-6701 were 
integrated and removed batch effect by harmony R pack-
age. The standard workflow of cell clustering in Seurat 
was utilized [23]. Cells with fewer than 500 detected 
genes and for which the total mitochondrial gene expres-
sion exceeded 15% were removed. Genes expressed in 
fewer than three cells were removed. Doublets were 
removed using DoubletFinder. Cell cycle analysis was 
done with CellCycleScoring function in Seurat R package. 
To identify differentially expressed genes among samples 
and different clusters, the FindMarkers function with the 
Wilcoxon rank-sum test algorithm was used under the 
following criteria: logfc. threshold > 0.25, min.pct > 0.25.

Bulk expression profiles of pig, mouse and cattle 
endometrium were downloaded from Gene Expression 
Omnibus database under accession number GSE48862, 
GSE43667, GSE46732 and GSE19140, respectively. Dif-
ferential expression genes of GSE46732 and GSE19140 
were obtained by using limma R package [24]. For 
GSE48862, analysis of differential gene expression was 
performed with edgeR R package. And analysis of dif-
ferential gene expression of GSE43667 was performed 
with DESeq R package [25]. P value < 0.05 and adjusted p 
value < 0.05 were considered to be statistically significant.

Constructing cell pseudotime trajectories
Pseudotime trajectory analysis was performed separately 
for the decidual and stromal cells using Monocle2 [26]. 
Genes expressed in fewer than ten cells were removed. 
We used differentialGeneTest function to identify sig-
nificant genes. And we used reduceDimension function 
and orderCells function to construct cell trajectory. For 
decidual cell sub-clusters, we used Slingshot R package 
v2.6.0 to identify the global lineage structure with a clus-
ter-based minimum spanning tree (MST) and fit simulta-
neous principal curves to describe each lineage.

Functional enrichment analysis
Gene Ontology (GO) analysis and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analysis were performed 
using clusterProfiler R package [27]. The terms which p 
value < 0.05 were selected. Gene Set Enrichment Analysis 
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(GSEA) was also implemented with clusterProfiler R 
package. The gene set of “c2.all.v7.5.1.entrez” from the 
Molecular Signature Database was utilized as the refer-
ence set. And the p value cutoff was equal 0.05.

Cell-cell communication analysis
Two R packages, iTALK, NicheNet, were used to infer-
ring the cell-cell communication between trophoblast 
cells and decidual cells [28, 29]. Based on scRNA-seq 
data, iTALK can characterize, compare and illustrate 
intercellular communication signals. NicheNet can pre-
dict ligand-target networks between interacting cells and 
infer their activity.

CellChat
For detailed exploration of cell-cell communication 
between trophoblast cells and decidual cells, we used 
CellChat R package for further analysis [30]. We fol-
lowed the standard workflow, using identifyOverEx-
pressedGenes function to get the over expressed genes 
and computeCommunProb function to get the potential 
intercellular communication.

MEBOCOST
The inference of metabolite meditated cell-cell com-
munication between trophoblast cells and decidual cells 
was performed using MEBOCOST python package [31]. 
We transformed the Seurat object to Scanpy object and 
followed the standard MEBOCOST workflow (https://
github.com/zhengrongbin/MEBOCOST).

Trophoblast trajectory inference
To ascertain the pseudotime trajectory of trophoblast 
cell sub-clusters, we used Slingshot R package v2.6.0 [32]. 
Using Slingshot function, we identified the global lin-
eage structure with a cluster-based minimum spanning 
tree (MST) and fitted simultaneous principal curves to 
describe each lineage.

Next, we used the partition-based graph abstraction 
(PAGA) method wrapped in Scanpy python package 
v1.9.1 to construct the pseudotime trajectory of tropho-
blast cell sub-clusters by generating graph-like maps of 
cells to support our Slingshot results [33].

Analysis of gene sets activities
To quantify the activities of specific gene sets in individ-
ual cells, we employed the irGSEA R package. This pack-
age incorporates rank-based gene set enrichment analysis 
for single cells and provides easily interpretable results. 
Specifically, the irGSEA.score function was utilized to 
obtain the specific gene set scores for each cell, using the 
default parameters. To visualize the outcomes, we uti-
lized the irGSEA.density.scatterplot function. The gene 

sets used in the analysis were obtained from the Molecu-
lar Signatures Database (MSigDB).

Transcription regulation analysis of metabolic cell clusters
In order to analyze the underlying transcription factors 
and their target genes which regulated stromal cells and 
decidual cells of different metabolic clusters, we used 
pySCENIC python package to access the activity of these 
genes in individual cells [34]. Co-expression modules 
were inferred by using grnboost2 function. Then the indi-
rect targets from these modules were pruned by using 
cis regulatory motif discovery. Aucell function was used 
to quantify the activity of these transcription factors and 
their target genes by enrichment scores.

Human sample collection
Secretory endometrium and decidua samples were 
obtained from Department of obstetrics and gynecology, 
Qilu Hospital, Shandong University. Secretory endome-
trium samples were obtained from hysterectomy speci-
mens of patients who were in reproductive age (18–40) 
with normal menstrual cycles. These patients underwent 
hysterectomy due to stage I cervical cancer or benign 
gynecological diseases such as uterine fibroids and ade-
nomyosis. Decidua were obtained from terminations of 
pregnancies between 24 and 37 weeks-gestation. Ethics 
approval for the collection and use of human endometrial 
samples was authorized by the Ethics Committee Review 
Board of Qilu Hospital, Shandong University (Permit No. 
KYLL-202203-011). All the recruited participants gave 
their written informed consent.

RNA extraction and RT-qPCR
Total RNA was extracted from the tissues with Trizol 
reagent (Invitrogen Life Technologies, USA). 1ug of RNA 
was reverse transcribed into cDNA using Evo M-MLV 
RT Kit with gDNA Clean for qPCR II (Accurate Biology, 
China). RT-qPCR was performed using ChamQ SYBR 
qPCR Master Mix (Vazyme, China) on Light Cycler 96 
Instrument (Roche, Switzerland). ACTB was selected as 
internal control. Primer sequences are provided in Sup-
plementary Table 1.

Western blot
Tissues were lysed in RIPA buffer (Beyotime, P0013B) 
supplemented with 1% protease inhibitor (Roche, 
04693132001) and centrifugated for 10  min at 
12,000  rpm. The protein concentration was determined 
using a Pierce BCA Protein Assay Kit (Thermo, 23,227) to 
ensure equal loading of protein across different samples. 
20  µg of protein was loaded for each sample, proteins 
were separated by 10% sodium dodecyl sulfate-polyacryl-
amide gel electrophoresis (SDS-PAGE) and transferred to 
a polyvinylidene difluoride (PVDF) membrane (Millipore, 
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ISEQ00011). After transfer, the membrane was blocked 
with 5% fat-free milk for 1  h at room temperature and 
subsequently incubated with the indicated primary anti-
bodies, followed by the corresponding horseradish per-
oxidase (HRP)-conjugated secondary antibodies. Blots 
were visualized using an ECL kit (Thermo, 32,106) and 
detected by the Amersham Imager 680 System (Chemilu-
minescence). The following antibodies were used in this 
study: DHRS3 (15393-1-AP, diluted 1:1000, Proteintech), 
PSAP (10801-1-AP, diluted 1:1000, Proteintech), PLPP1 
(160,691, diluted 1:1000, ZEN-BIOSCIENCE), GPX1 
(381,587, diluted 1:1000, ZEN-BIOSCIENCE), MAOB 
(12602-1-AP, diluted 1:1000, Proteintech), MGST1 
(R22577, diluted 1:1000, ZEN-BIOSCIENCE), GLUL 
(11037-2-AP, diluted 1:1000, Proteintech), β-ACTIN 
(20536-1-AP, diluted 1:3000, Proteintech) and Goat 
Anti-Rabbit IgG H&L(HRP) (ab205718, diluted 1:5000, 
Abcam). Quantification was performed using ImageJ.

Multiplex immunohistochemistry (mIHC)
Multiplex immunohistochemistry was performed using 
an Opal Multiplex fIHC kit (Akoya Biosciences, Marlbor-
ough, MA). In brief, after baking for 2  h at 60℃, FFPE 
slides were deparaffinized and rehydrated in gradient 
alcohol successively. The tissue slides were then subjected 
to heat-induced epitope retrieval using Tris-EDTA buffer 
(C1034, Solarbio, pH = 8.0) for 20 min, then washed with 
1xTBST buffer (T1082, Solarbio) and blocked non-spe-
cific binding with 30% goat serum for 1 h. Next, the slides 
were incubated overnight with primary antibodies of two 
panels, including CK8 (Cat: MABT329, diluted 1:500, 
Sigma-Aldrich), DHRS3 (Cat: 15393-1-AP, diluted 1:100, 
Proteintech), PSAP (Cat: 10801-1-AP, diluted 1:100, Pro-
teintech), and PLPP1 (Cat: 160,691, diluted 1:100, ZEN-
BIOSCIENCE); CK8 (Cat: MABT329, diluted 1:500, 
Sigma-Aldrich), GPX1 (Cat: 381,587, diluted 1:100, ZEN-
BIOSCIENCE), MAOB (Cat: 12602-1-AP, diluted 1:100, 
Proteintech), MGST1 (Cat: R22577, diluted 1:100, ZEN-
BIOSCIENCE) and GLUL (Cat: 11037-2-AP, diluted 
1:100, Proteintech), respectively. Rabbit IgG (B900610, 
diluted 1:200, Proteintech) was selected as negative 
control. The slides were incubated for 20  min with cor-
responding HRP-conjugated second antibodies (Opal 
Anti-Ms + Rb HRP, Cat: ARH1001EA; HRP-conjugated 
Affinipure Goat Anti-Rat IgG(H + L), Cat: SA00001-15), 
sequentially stained with tyramide signal amplification 
and Opal fluorophore (NEL811001KT, Akoya Biosci-
ences). Opal detector fluorophores were applied to each 
marker in the following order: Opal-480, Opal-690, Opal-
620, Opal-540; Opal-480, Opal-650, Opal-540, Opal-620, 
Opal-690. After all antigens were labeled with different 
antibodies, DAPI (C1002, Beyotime) was used for nuclei 
staining. The slides were sealed in Anti-Fade Fluores-
cence Mounting Medium (Cat: ab104135, Abcam). 

Multispectral panoramic tissue scanning microscopy 
(TissueFAXS Spectra, TissueGnostics) was then used for 
scanning the stained slides.

Construction of phylogenetic tree and analysis of gene 
conservation
Phylogenetic trees were constructed using coding 
sequences (CDS) by concatenation. The CDS of genes 
involved in metabolic pathway in FASTA format were 
download form NCBI database. SeqKit was used to sort 
the FASTA sequences, and MAFFT was used for mul-
tiple sequence alignment [35, 36]. The results of multi-
ple sequence alignment were trimmed by trimAI. After 
concatenating by PhyloSuite, we used IQ-TREE to con-
structed the phylogenetic trees and visualized the trees 
using ggtree [37, 38].

NCBI taxonomy common tree was constructed by 
Common Tree tool of NCBI Taxonomy database and 
visualized using iTOL online tool [39].

Gene involved in the specific metabolism pathway were 
download from the KEGG database. And the species 
conservation data for genes were obtained from Homolo-
Gene database with gene symbol as queries. The species 
evolution tree was constructed by using Common Tree 
tools in the Taxonomy database.

Metabolic pathway maps were constructed according 
to pathway maps of KEGG database.

Statistical analysis
Statistical analyses were conducted using GraphPad 
Prism (v6.0) for RT-qPCR results, and R (v4.2.2) along 
with RStudio (2023.12.0) for bioinformatics data. Data 
are presented as mean ± SEM. Comparisons between 
groups were performed using Student’s t-tests and Wil-
coxon rank-sum tests. P < 0.05 was considered statisti-
cally significant. The RT-qPCR and WB results were 
analyzed using Student’s t-test. For the bioinformatics 
data, differentially expressed genes between cells in dif-
ferent samples and clusters were identified using the Wil-
coxon rank-sum test.

Results
Unveiling metabolic programming during decidualization 
via comprehensive integration of scRNA-seq data
We utilized single-cell sequencing (scRNA-seq) data to 
examine the metabolic characteristics of endometrial 
stromal fibroblast cells, revealing significant alterations in 
metabolic programming during decidualization (Fig. 1A). 
We downloaded two 10x single-cell RNA sequenc-
ing datasets from the GEO and ArrayExpress databases 
under the accession numbers GSE111976 [40] and 
E-MTAB-6701 [21], respectively. We integrated the two 
datasets and removed batch effects using the harmony 
R package [41]. After quality control and filtration, we 
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Fig. 1  Overview of single-cell annotation in the endometrium during the menstrual cycle and early pregnancy in humans. A Schematic representation 
of the entire research workflow. B UMAP visualization of endometrium cells with its sample type of origin (Pregnancy or Non-pregnancy) and the associ-
ated cell types, 7 cell clusters of endometrium were identified and annotated based on canonical marker genes. Endo, endothelial cell; Epi, endometrial 
epithelial cell; DS, endometrial decidual stromal cell; Str, endometrial stromal cell; Macro, macrophage; NK, nature killer cell; EVT, extravillus trophoblast; N: 
non-pregnancy; P: pregnancy. C The proportion of each cell type in non-pregnant and pregnant endometrium. D The cell cycle analysis of each cell type 
in endometrium. E Expression of classical marker genes of each cell type in the endometrial samples
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included 91,327 cells from 24 individuals in this research. 
Following graph-based clustering, we annotated 7 main 
cell clusters using known marker genes (Fig.  1B). Stro-
mal fibroblast cells were abundant in both pregnant 
decidua and non-pregnant endometrium (Fig.  1C). Cell 
cycle analysis revealed that most stromal fibroblast cells 
were in the G1 phase, with a few in the S or G2M phase 
(Fig.  1D). Stromal fibroblast cells were divided into two 
cell clusters (decidual cells and stromal cells) based 
on specific cell markers. They all expressed LUM and 
HAND2, and only decidual cells expressed marker genes 
of decidualization (IGFBP1, PRL) (Fig. 1E, Fig. S1A).

According to the clustering results, we identified 2,303 
significantly differentially expressed genes (DEGs) by 
comparing the gene expression levels of decidual cells 
with stromal cells (Fig.  2A). We obtained 1,590 human 
metabolic genes from 93 metabolic pathways in the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) database. 
By overlapping DEGs with metabolic genes, we identi-
fied 157 metabolic DEGs (Fig. 2B). Further exploration of 
metabolic pathways using KEGG analysis revealed signif-
icant changes, particularly in oxidative phosphorylation 
(Fig. 2C). Gene Ontology (GO) analysis indicated that the 
metabolism-associated DEGs were functionally enriched 
in terms related to purine nucleotide metabolic processes 
and ribose phosphate metabolic processes (Fig. 2D).

Additionally, we observed significant changes in terms 
associated with lipid and amino acid metabolism: The 
sphingolipid metabolism, biosynthesis of amino acids, 
glutathione metabolism, and arginine metabolism were 
up-regulated significantly in decidual cells compared to 
stromal cells (Fig. 2E). Consistent with previous studies, 
genes related to glycolysis/gluconeogenesis were signifi-
cantly induced during decidualization [42]. Our Gene Set 
Enrichment Analysis (GSEA) results also demonstrated 
that decidual cells significantly up-regulated genes asso-
ciated with amino acid, lipid, and carbohydrate metabo-
lism-associated pathways (Fig. 2F, Fig. S1B).

To provide a more comprehensive and intuitive view of 
the changes in metabolic pathway activity during decidu-
alization, we utilized the singscore method within the 
irGSEA R package to score the activity of specific gene 
sets in individual cells and visualize it on UMAP embed-
dings. Our observations revealed that decidual cells 
exhibited elevated activity in lysine degradation, histidine 
metabolism, glutathione metabolism, alanine, aspartate, 
and glutamate metabolism, sphingolipid metabolism, 
tryptophan metabolism, arginine and proline metabo-
lism, cysteine and methionine metabolism compared to 
stromal cells (Fig. 2G). These results indicate that when 
stromal cells undergo decidualization, their metabolic 
profiles undergo dramatic alterations, especially in amino 
acid metabolism, suggesting overall changes.

Metabolic heterogeneity exists in decidual cells with 
differentiation maturity disparities
In most mammals that exhibit decidualization, the endo-
metrial stromal cells undergo decidualization only after 
embryo implantation. However, in humans, stromal cells 
differentiate into secretory epithelioid-like decidual cells 
during the mid-secretory phase of the menstrual cycle [1, 
2, 7].

In our exploration of the metabolic characteristics and 
distinctions among decidual cell populations, we initially 
compared the metabolism of decidual cells in pregnant 
and non-pregnant women. This analysis unveiled 17 sub-
populations of decidual cells: D_c0 to D_c16 (Fig.  3A), 
with pseudotime analysis indicating a maturation gradi-
ent, showing that pregnant decidual cells tend to be more 
mature towards the end of the pseudotime axis (Fig. S2A). 
Genes related to hormone response, blood vessel devel-
opment, and receptor tyrosine kinase signaling increased 
with pseudotime, while those associated with the HIF-1 
signaling pathway and IGF transportation decreased 
(Fig. S2B). Differential expression analysis identified 
2,395 genes that distinguished pregnant from non-preg-
nant decidual cells (Fig.  3B), including 172 involved in 
metabolism (Fig. 3C). These metabolic genes were impli-
cated in processes such as purine-containing compound 
metabolism, monosaccharide metabolism, sphingolipid 
metabolism, and cellular amino acid metabolism via GO 
analysis (Fig.  3D). KEGG analysis underscored enrich-
ment in pathways like sphingolipid metabolism, cyste-
ine and methionine metabolism, glutamate metabolism, 
and glutathione metabolism (Fig.  3E). Moreover, GSEA 
results accentuated enrichment in pyruvate, amino acid, 
and lipid metabolism signatures in pregnant decidual 
cells compared to non-pregnant ones (Fig. S2C). Over-
all, these findings suggest that the metabolic pathway of 
decidual cells from pregnant females appears to be more 
active than that of non-pregnant females.

D_c6 exhibited the highest degree of differentiation 
among the sub-populations and expressed key decidu-
alization markers like IGFBP1 and PRL (Fig. S3). Sling-
shot was employed to construct a pseudotime trajectory 
to explore the differentiation pathway of decidual clus-
ters. This involved assigning D_c4 as the initial cell state, 
and D_c6 as the terminal state. The analysis revealed 
three main developmental trajectories (Fig.  3F). Decid-
ual markers increased along pseudotime in trajectories 
1 and 2, indicating a deepening decidualization process 
(Fig.  3G). Furthermore, decidual cells with hierarchi-
cal differentiation and maturity display different meta-
bolic pathway activities. D_c3, which has a high degree 
of decidualization, showed higher activity in sphingo-
lipid metabolism. Nevertheless, D_c5 and D_c2, at the 
initial stage of decidualization, exhibited high activity in 
pathways such as cysteine and methionine metabolism, 
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Fig. 2  The metabolic reprogramming of decidualization. A Volcano plots depicting the expression levels of differentially expressed genes between stro-
mal cells and decidual cells. B Venn diagram showing the overlapping genes between differentially expressed genes (DEGs) and metabolic genes from 
the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database. C and D Functional enrichment of metabolic DEGs: and KEGG enrichment (C) 
GO enrichment (D). E Circle plot displaying selected metabolism-related KEGG terms. F Gene Set Enrichment Analysis (GSEA) plot showing high expres-
sion of amino acid metabolism-related genes in decidual cells compared to stromal cells. G Distribution of selected metabolic pathway activity scores in 
stromal and decidual cells on UMAP.
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Fig. 3  Metabolic heterogeneity among decidual cell sub-clusters. A UMAP plots of decidual cells colored by cell sub-clusters and by sample groups. B 
Volcano plot of DEGs between non-pregnant decidual cells and pregnant decidual cells. C Venn diagram showing the overlapping genes between DEGs 
and metabolic genes from the KEGG database. D GO enrichment of metabolic DEGs between non-pregnant decidual cells and pregnant decidual cells. 
E KEGG enrichment of metabolic DEGs between non-pregnant decidual cells and pregnant decidual cells. F Pseudotime analysis reveals three branches 
with different evolutionary trajectories. G The expression of IGFBP1 and PRL in three Pseudotime trajectories. H Distribution of selected metabolic path-
way activity scores in decidual cell sub-clusters.
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glutathione metabolism, and arginine and proline metab-
olism. Additionally, the alanine, aspartate, and glutamate 
metabolism pathway exhibited comparable activity across 
all decidual cells (Fig. 3H). These findings underscore sig-
nificant metabolic differences in decidual phases, high-
lighting metabolic heterogeneity among decidual cell 
sub-clusters. In addition, we observed significant changes 
in the metabolic characteristics of stromal cells during 
the proliferative phase, secretory phase, and pregnancy 
(Fig. S4). When stromal cells transition from the prolif-
erative phase to the secretory phase, genes associated 
with lipid metabolism and amino acid metabolism are 
activated. Furthermore, we found that an increase in the 
activity of VEGFA-VEGFR2 signaling pathway in stromal 
cells along the pseudotime order (Fig. S5). These results 
indicate a rise in the metabolic level of stromal cells from 
the proliferative phase to secretory phase (Fig. S6).

Based on the above results, we next investigated the 
expression pattern of these metabolic pathways in human 
endometrial samples. First, we analyzed the expression 
of genes known to be critical for amino acid metabo-
lism and lipid metabolism by Quantitative real-time 
PCR (RT-qPCR). The expression levels of MAOB, GLUL, 
GPX1, PLPP1, DHRS3, PSAP, and MGST1 were found to 
be higher in decidual samples than in endometrial sam-
ples during the secretory phase (Fig.  4A), as confirmed 
by Western blotting results (Fig.  4B). This suggests that 
these genes play a role in the decidualization process. 
Moreover, Multiplex immunohistochemistry demon-
strated that these key genes are highly expressed in dif-
ferent sub-clusters of decidual cells (Fig.  4C). It is also 
important to note that some of our qPCR results do not 
match the single-cell sequencing analysis results. Accord-
ing to the single-cell sequencing data analysis, some met-
abolic-related genes have high expression levels in other 
cell types of the endometrium (Fig. S7). Specifically, CKB, 
CNDP2, RIMKLB, and ASRGL1 exhibit high expres-
sion levels in epithelial cells, while SAT1 and PGAM1 
also show high expression levels in endothelial cells. The 
human samples we used are a mixture of multiple cell 
types. Consequently, the gene expression levels may be 
influenced by the abundant epithelial and endothelial 
cells in the human endometrium, leading to discrepan-
cies with the sequencing results; Moreover, significant 
individual differences among humans can lead to incon-
sistencies, as reflected in the WB results. Nevertheless, 
the dramatic alterations in the metabolic profiles of stro-
mal cells during decidualization are evident. These find-
ings contribute to our understanding of the metabolism 
at the molecular dynamics of underlying the decidualiza-
tion process in the human endometrium.

Decidua cells with different metabolic characteristics 
manifest varied cellular functional activities
We next hypothesized that decidual cells with distinct 
metabolic characteristics perform specific physiological 
functions. We utilized metabolism-related genes from 
the KEGG database to reconstruct the expression matrix 
of decidual and re-clustered these cells by reducing 
dimensionality. We employed the top 20 ranked mark-
ers in KEGG enrichment analysis, the highest-ranking 
term determined the name of the metabolic sub-clusters 
(Fig.  5A). KEGG analysis revealed that C2 and C3 were 
closely associated with oxidative phosphorylation. Con-
sequently, we clustered decidual cells into four metabolic 
clusters characterized by arginine and proline metabo-
lism, oxidative phosphorylation, purine metabolism, and 
thermogenesis (Fig.  5B). Mapping the metabolic sub-
clusters back to the sub-clusters of decidual cells revealed 
a distinct division based on metabolic genes. Cells within 
each metabolic sub-cluster exhibited a relatively concen-
trated distribution (Fig.  5C). Specifically, sub-clusters 
D_c0 and D_c3 of decidual cells were clustered into the 
arginine and proline metabolism cluster; sub-clusters 
D_c6 into the thermogenesis cluster; sub-clusters D_c1 
into the oxidative phosphorylation cluster; and sub-clus-
ters D_c2, D_c4, D_c5, D_c8, D_c9, and D_c10 into the 
purine metabolism cluster. Moreover, the pseudotime 
trajectory depicted a developmental path of decidual cell 
metabolic subtypes, revealing a differentiation relation-
ship from cells in the purine metabolism cluster to the 
arginine and proline metabolism cluster, and ultimately 
to the oxidative phosphorylation cluster and thermogen-
esis cluster (Fig. 5D and E).

Transcription factors (TFs) serve as the most direct 
regulators of cell fate and can be employed to reprogram 
cells into new cell fates. The analysis of transcription fac-
tor activity indicated that each decidual metabolic sub-
cluster exhibited specific and highly active transcription 
factors. Notably, the cells in the thermogenesis cluster 
showed high activity in transcription factors. KLF16, 
ZNF518A, TAF1, and RFX1 were active in the oxida-
tive phosphorylation cluster, EOMES and ZBTB17 were 
active in the arginine and proline metabolism cluster, 
while SPI1, GATA4, and SIRT6 were active in the thermo-
genesis cluster (Fig. 5F). We conducted gene set scoring 
to assess the partial functions of cells in each metabolic 
cluster. The cluster characterized by arginine and pro-
line metabolism exhibited the highest activity, with high 
scores for each gene set. The purine metabolism cluster 
exhibited the second highest level of activity. In contrast, 
the other two clusters demonstrated notably elevated 
activity in angiogenesis, cytokine secretion, and the 
regulation of epithelial cell proliferation (Fig.  5G). Our 
analysis also delineated six distinct stromal cell sub-clus-
ters with well-defined metabolic signatures, providing 
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Fig. 4  Differential Expression of Amino Acid Metabolism and Lipid Metabolism-Associated Genes Between Decidua and Stroma. A mRNA expression 
levels of genes involved in amino acid metabolism and lipid metabolism pathways between secretory endometrium and decidua of early pregnancy 
examined by RT-qPCR (n = 8 per group). E, secretory endometrium; D, decidua. Data are presented as the mean ± SEM. *P < 0.05, **P < 0.01, ***P < 0.001. 
B Western blot analysis and quantitation of the protein level of key genes involved in amino acid and lipid metabolism (n = 4 per group). C Representa-
tive multiplex immunohistochemical images of the protein level of amino acid metabolic genes (GPX1, MGST1, MAOB, GLUL) and lipid metabolic genes 
(PLPP1, PSAP, DHRS3) in normal decidua (n = 2).
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Fig. 5  Decidua cells in different metabolic sub-clusters exhibit different cellular and transcription factor activities. A Kyoto Encyclopedia of Genes and 
Genomes (KEGG) analysis for top 20 (if available) significant enriched metabolic marker genes in 5 metabolic clusters of decidual cells. B UMAP plots 
showing the metabolic clusters of decidual cells. The color of each dot indicates the dominant metabolic process of each cell. C The metabolic landscape 
of decidual cells in the context of 17 original decidual cell populations. The dot was colored based on the dominant metabolic process. D and E Pseudo-
time trajectory showing the developmental trajectories of 4 decidual metabolic clusters. F The area under the curve (AUC) scores of transcription factors 
of each metabolic cluster estimated by SCENIC. G Distribution of cell hallmark process activity scores in different decidual metabolic clusters.
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comprehensive insights into the dynamic landscape of 
stromal cell metabolism (Fig. S8).

Cell-cell communications show diversity and selectivity in 
decidual and trophoblast cells with unique metabolic traits
Decidua shields the fetus from the maternal immune 
system, regulates trophoblast invasion, maintains pla-
centa development and maturation [1, 2, 11]. To analyze 
the crosstalk between decidual cells and trophoblast 
cells, we found that different trophoblast cells have vary-
ing interactions with various decidual cells (Fig. S9). 
Referred to Arutyunyan, Anna et’ study [13], we con-
ducted a more detailed grouping of trophoblast cells 
from E-MTAB-6701 [21] (Fig. S10A). Trophoblast sub-
clusters were annotated by canonical markers (Fig. S10B). 
The pseudotime trajectories performed by Slingshot and 
PAGA proved that our cell annotation is basically correct 
(Fig. S10C, D). And the detailed annotation was used in 
following analysis (Fig. S10E and F).

Initially, we investigated the intercellular communi-
cation among various cell types comprehensively. The 
D_c15 and D_c16 sub-clusters of decidual cells received 
the highest number of signals. D_c0, D_c3, D_c5, D_
c11, D_c13, D_c14, D_c15, and D_c16 sent a high num-
ber of signals. Among these clusters, those with a large 
number of cells (D_c0, D_c3, D_c5) exhibited higher 
metabolic pathway activity. Most trophoblast cells sent 
fewer signals, but the invasive extravillous trophoblast 
cell (iEVT) and giant cells (GC) sent more signals than 
other trophoblast cell clusters (Fig.  6A). Along the dif-
ferentiation pathway from the villous cytotrophoblast 
(VCT), cytotrophoblast cell column VCT (VCT-CCC) to 
iEVT and GC, the strength of signals sent and received 
by cells continued to increase. The syncytiotrophoblast 
(SCT) appeared to be the least active cluster in commu-
nication with other cells. Among the sender cell popula-
tions, D_c0, D_c3, and D_c5 were the most active. D_c2 
also showed a tendency to send signals but weaker than 
the others (Fig. 6B). For a detailed breakdown of sending 
and receiving signals, for example, PRL signals were pri-
marily sent by D_c6 and received by D_c0 and D_c3, and 
all decidual cells sent PSAP signals, which were received 
by iEVT and GC. ANGPTL signals were also sent by all 
decidual cells and mainly received by VCT-CCC, iEVT, 
and GC. D_c8, D_c10, and D_c13 sent VISFATIN signals 
to VCT-CCC, iEVT, and GC. The expression levels of 
receptors involved in VISFATIN signals increased along 
the pseudotime order of trophoblast cells. (Fig.  6C and 
D).

The ligand of VISFATIN signal, NAMPT, was mainly 
secreted by Dc_8, D_c10, and D_c13, and it was sent to 
the iEVT and GC cluster (Fig. S11A and B). PSAP was 
secreted by all the decidual clusters and trophoblasts, 
and its receptor GPR37 was expressed on iEVT and GC 

(Fig. S11C and D). ANGPTL2, which is a member of 
ANGPTL protein family, was predominantly secreted by 
D_c2 and D_c5. And ITGA5, the receptors of ANGPTL2 
was mainly expressed in iEVT and GC (Fig. S11E and F). 
These results indicate that decidual cells with different 
metabolic features send different signals and may com-
municate with different trophoblast cell clusters.

In the same vein, we combined decidual cells with 
trophoblast cells to investigate potential variations in 
cell-to-cell communication among them, particularly 
in different metabolic clusters. In summary, cells with 
distinct arginine and proline metabolic profiles were 
observed to be the primary signal senders and receiv-
ers (Fig. 6E). Notably, the cluster linked to arginine and 
proline metabolism emerged as the most dynamic group 
of sender cells, showing a stronger tendency to transmit 
signals rather than receive them. (Fig. 6F). For incoming 
signaling patterns, cells involved in oxidative phosphory-
lation and thermogenesis appeared to receive fewer sig-
nals, with relatively weaker signal strength. The arginine 
and proline metabolism cluster received the most sig-
nals, including MK, PTN, CD99, SPP1, GAS, PRL, PROS, 
GDF, and PTPRM. Cells in the purine metabolism clus-
ter primarily received COLLAGEN, MK, PTN, SPP1, and 
GALECTIN signals (Fig. 6G). Regarding outgoing signal-
ing patterns, the arginine and proline metabolism cluster 
sent signals such as COLLAGEN, MK, CD99, VISFATIN, 
THBS, GAS, TENASCIN, FGF, and PROS, while the 
purine metabolism cluster sent CD99, VISFATIN, THBS, 
and FGF signals (Fig. 6H).

NAMPT was predominantly secreted by the purine 
cluster and arginine and proline metabolism cluster and 
sent to the iEVT and GC cluster (Fig. S11G and H). PSAP 
was mainly secreted by all the decidual clusters and tro-
phoblasts, with its receptor GPR37 being expressed on 
iEVT and GC (Fig. S11I and J). ANGPTL2 was primarily 
secreted from the purine cluster and arginine and pro-
line metabolism cluster. iEVT and GC were the primary 
receiving cell for ANGPTL2 signal by expressing ITGA5 
(Fig. S11K and L).

We employed MEBOCOST to infer metabolite-medi-
ated cell-cell communication events. By estimating the 
relative abundance of metabolites based on the gene 
expression of metabolic reaction enzymes, we deter-
mined the number of metabolite-sensor communications 
for all cell clusters. For trophoblast cells, VCT-fusing, 
VCT-p and VCT-CCC cells seem to have the most num-
ber of senders and receivers; iEVT cells expressed the 
fewest receivers. For decidual cells, D_c0 and D_c3 sent 
more metabolites, and D_c3 received more signals. D_c6 
sent and received fewer signals (Fig. 7A). Decidual cells 
had more connections and higher scores with VCT-p 
and VCT-CCC (Fig. 7B). ADRA2C was highly expressing 
in D_c0 and ABCG2 was highly expressing in iEVT and 
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Fig. 6  The cell-cell communication between decidual cells with different metabolic characteristics and trophoblast cells exhibits heterogeneity. A The 
number of interactions between decidual and trophoblast cell sub-clusters. B Visualization of the dominant senders (sources) and receivers (targets) 
using a scatter plot. C Heat map showing signals contributing the most to incoming signaling of all the cell sub-clusters. D Heat map showing signals con-
tributing the most to outgoing signaling of all the cell sub-clusters. E The number of interactions between decidual metabolic clusters and trophoblast 
cell sub-clusters. F Visualization of the dominant senders (sources) and receivers (targets) using a scatter plot. G Heat map showing signals contributing 
the most to incoming signaling of decidual metabolic clusters and trophoblast cell sub-clusters. H Heat map showing signals contributing the most to 
outgoing signaling of decidual metabolic clusters and trophoblast cell sub-clusters.
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Fig. 7  D_c0, 3 with high metabolic activity send more metabolites, and D_c3 receives more signals. A Number of communications of each cell type 
(including 17 decidual cell clusters and 7 types of trophoblast cells). B Summary of communication in cell-to-cell communication network. C Violin plot 
shows the expression of top 5 sensors in communication. D Violin plot shows the top 5 estimated abundance of metabolites in communication. E-H Dot 
map shows detailed communications between decidual cell clusters and trophoblast cell clusters. The sender focus on D_C0 (E), D_C2 (F), D_C3 (G), D_C5 
(H). By expressing SLC29A1 and SLC29A2, VCT-p, VCT-fusing and VCT-CCC received inosine, guanosine and three deoxynucleosides sent by D_c0, 2, 3, 
5. D_c3 with high expression level of genes involved in sphingolipids metabolism and alanine, aspartate and glutamate metabolism sent glutamine to 
SCT and sent sphingosine 1-phosphate to VCT.

 



Page 15 of 19Jia et al. Cell Communication and Signaling          (2024) 22:385 

GC (Fig. 7C). Cis-retinoic acid was abundant in decidual 
cells and all the cell clusters had high level of adenine 
(Fig. 7D). In line with our previous findings, D_c3, char-
acterized by a high expression level of genes associated 
with sphingolipid metabolism and alanine, aspartate, 
and glutamate metabolism, sent glutamine to SCT and 
sphingosine 1-phosphate to VCT (Fig.  7E-H). Next, we 
analyzed the metabolic communication between decid-
ual cells in different metabolic clusters and trophoblast 
cells. Among decidual cells, the OX cluster sent more 
metabolites, while the arginine and proline metabolism 
cluster received more signals. The thermogenesis clus-
ter both sent and received fewer signals. Given our ear-
lier results, we focused on metabolites secreted by the 
arginine and proline metabolism cluster and the purine 
metabolism cluster. VCT-p, VCT-fusing, and VCT-CCC 
received inosine, guanosine, and four deoxynucleosides 
from the arginine and proline metabolism cluster and 
purine metabolism cluster, as indicated by the expression 
of SLC29A1 and SLC29A2 (Fig. S12).

Conservation of metabolic characteristics among 
mammals during pregnancy
The preceding results demonstrate significant altera-
tions in lipid metabolism and amino acid metabolism 
within stromal cells during the process of decidualiza-
tion in women. Notably, both decidual cells and stro-
mal cells exhibit their distinctive metabolic profiles. 
This prompts us to investigate whether similar changes 
occur in other mammalian species and if the functional 
aspects of these metabolic pathways remain consistent. 
To address this inquiry, we collected and analyzed four 
publicly available datasets (GSE48862 [43, 44], GSE43667 
[45], GSE46732 [46], GSE19140 [47]). We identified dif-
ferentially expressed metabolic genes (Fig. S13A) and 
performed KEGG enrichment analysis (Fig. S13B). Our 
analysis revealed significant alterations in sphingolipid 
in pig endometrial tissues and amino acid metabolism in 
both pig and cattle endometrial tissues during the tran-
sition from non-pregnant phase to pregnant phase. Fur-
thermore, we observed notable disparities in sphingolipid 
and amino acid metabolism between cyclic and pregnant 
endometrial stroma in pigs, as well as between the stro-
mal cells surrounding the decidua and those within the 
inter-implantation decidua in mice.

We constructed phylogenetic trees for three different 
datasets involving genes related to alanine, aspartate, glu-
tamate metabolism, glutathione metabolism, and sphin-
golipid metabolism. The selected 10 species of organisms 
for this analysis were: Bos taurus (Bos), Cavia porcel-
lus (Cavia), Felis catus (Felis), Homo sapiens (Homo), 
Macaca mulatta (Macaca), Mus musculus (Mus), Orni-
thorhynchus anatinus (Ornithorhynchus), Oryctolagus 
cuniculus (Oryctolagus), Rattus norvegicus (Rattus), and 

Sus scrofa (Sus). We used the maximal likelihood (ML) 
method to construct the phylogenetic tree and vali-
dated its accuracy using the Shimodaira–Hasegawa-like 
approximate likelihood ratio test (SH-aLRT). Before the 
ML analysis, we employed ModelFinder to determine the 
best-fit model of nucleotide substitution for each data-
set. The selected models were as follows: SYM + I + G4 
for the concatenated dataset related to alanine, aspartate, 
and glutamate metabolism; TIM3 + F + I + G4 for the con-
catenated dataset associated with glutathione metabo-
lism; and TVM + F + I + G4 for the concatenated dataset 
for sphingolipid metabolism. The high degree of gene 
sequence conservation, as evidenced by the relationships 
depicted in the phylogenetic tree, strongly suggests func-
tional conservation in these metabolic pathways across 
placental mammals (Fig. S14A).

The analysis of gene conservation underscores the 
prevalence of gene preservation within metabolic path-
ways in mammals (Fig. S14B). Notably, in the alanine, 
aspartate, and glutamate metabolism pathway, all genes 
remain conserved within the Catarrhini group; Within 
the sphingolipid metabolism pathway, gene conserva-
tion is observed within the Boreoeutheria group. Fur-
thermore, the sphingosine biosynthesis pathway and 
ceramide biosynthesis pathway exhibit conservation 
within the broader Eukaryota category; The sphingo-
sine degradation, hydrolysis of galabiosylceramide, and 
hydrolysis of sphingomyelin pathways are preserved 
within the Bilateria group; Genes associated with the lac-
tosylceramide biosynthesis, sulfoglycolipids biosynthesis, 
hydrolysis of lactosylceramide, and hydrolysis of galac-
tosylceramide sulfate pathways demonstrate conserva-
tion within the Euteleostomi group; Genes involved in 
the glutamine metabolism pathway are conserved within 
the Euarchontoglires group; The 5-oxoproline metabo-
lism pathway enjoys preservation within the broader 
Eukaryota category; Finally, the glutathione biosynthesis 
pathway remains conserved within the Bilateria group 
(Fig. S15).

In conclusion, our analysis reveals that the meta-
bolic pathways associated with glutamate, glutamine, 
and sphingolipids undergo significant alterations across 
numerous mammalian pregnancies (Fig. 8). Importantly, 
these metabolic pathways exhibit a high degree of con-
servation, suggesting their pivotal role in the context of 
all mammalian pregnancies.

Discussion
Stromal cells are known to present variations in the 
decidualization process, encompassing differences in 
differentiation rates and spatial characteristics. The phe-
notypic specialization is influenced by metabolic het-
erogeneity triggered by both hormonal and embryonic 
signals. However, the identification of subpopulations 
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with unique metabolic profiles presents notable technical 
challenges. This study reveals that decidual cell groups 
exhibit metabolic heterogeneity that varies with the 
degree of differentiation, and cells exhibiting high metab-
olism display enhanced cellular activity.

Decidual cells can be characterized by their enlarged 
round nuclei, increased number of nucleoli, dense-core 
secretory granules around the membrane boundary, 
accumulation of lipid droplets and glycogen in the cyto-
plasm, and an enlarged rough endoplasmic reticulum 
with the Golgi complex [13]. Hence, decidualization is 
an energy-intensive process that involves reprogramming 
of energy metabolism, including carbohydrate, lipid, and 
amino acid metabolism [12]. Here, we show significant 
changes in the metabolic profiles of stromal cells dur-
ing the decidualization process. Glucose metabolism 
is activated, which aligns with previous studies [48, 49]. 
Additionally, amino acid-related metabolic pathways 
and sphingolipid metabolic pathways are significantly 
upregulated.

Furthermore, we illustrate that the presence of distinct 
decidual cells in the human endometrium, each display-
ing unique metabolic heterogeneity. Decidual cell clusters 
expressing high levels of decidual markers demonstrate 
increased sphingolipid metabolism activity. Uterine 
decidual cells with dysregulation in sphingolipid metab-
olism primarily die in early pregnancy, and abnormal 
sphingolipid metabolism leads to reduced proliferation 

of undifferentiated endometrial stromal cells [50]. Con-
versely, sub-clusters of decidual cells with lower decidual 
marker expression exhibit elevated amino acid metabo-
lism pathway activity. Amino acid metabolism plays a 
central role in cellular metabolic homeostasis [51]. Pre-
vious data suggest that amino acids contribute signifi-
cantly to conceptus growth and development through 
their effects on trophectoderm proliferation, differen-
tiation, migration, and implantation [52]. Pregnant ewes 
and cyclic bovines exhibit significantly increased lev-
els of free amino acids in uterine flushings compared to 
cyclic ewes and cyclic bovines [53, 54]. Downregulating 
genes involved in amino acid transport and metabo-
lism impedes the progression of decidualization in both 
mouse and human endometrium [55, 56]. During early 
decidualization, active amino acid metabolism may con-
tribute to stromal cells growth, nutrient accumulation, 
ultimately altering and maintaining their phenotype.

We implement the integration of decidual cells and 
trophoblast cells [57]. Our findings suggest that decidual 
cells with different metabolic features, engage in specific 
ligand-receptor interactions with distinct trophoblast 
sub-clusters. Notably, decidual cells with high metabolic 
activity exhibit heightened signal sending activity. We 
observe that NAMPT, the ligand of VISFATIN signal-
ing pathway, is secreted by all decidual cell clusters and 
received by the iEVT and SCT. NAMPT exists in intra-
cellular (iNAMPT) and extracellular forms (eNAMPT) 

Fig. 8  Schematic diagram showing the metabolic heterogeneity and corresponding different characteristics of endometrial stromal cells and decidual 
cells.
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[58]. The extracellular form, eNAMPT, exerts neoplastic 
effects by acting as a pro-inflammatory cytokine, a pro-
liferative and anti-apoptotic factor, as well as a promoter 
of angiogenesis, invasion, and metastasis [59]. Addition-
ally, two decidual clusters secrete more ANGPTL sig-
nal which is received by the VCT-CCC, iEVT, and SCT 
cells. Notably, the expression levels of ANGPTL recep-
tors along the pseudotime trajectory of trophoblasts 
exhibit an increase. ANGPTLs is a family of eight mem-
bers (ANGPTL1 to ANGPTL8) [60]. Prior research sug-
gests that ANGPTL1 negatively regulates angiogenesis, 
ANGPTL2 affects glucose metabolism, and ANGPTL4 
impacts fat, lipid, or glucose metabolic homeostasis 
[61]. Our findings support the hypothesis that decidual 
cells likely play a role in regulating trophoblast invasion 
through the secretion of NAMPT, while decidual cells 
may influence the lipid and glucose metabolism of tro-
phoblast cells through the secretion of ANGPTLs.

Based on scRNA-seq data, we conduct a prediction 
of cell-cell metabolite-sensor communications between 
decidual cells and trophoblast cells. Consistent with pre-
vious studies, our results demonstrate the presence of a 
substantial amount of 13-cis-retinoic acid in decidual 
cells [62, 63]. Notably, some decidual cells character-
ized by heightened sphingolipid metabolism activity 
and alanine, aspartate, and glutamate metabolism activ-
ity, secretes glutamine to the SCT and S1P to the VCT. 
Previous research has demonstrated that the sphingolipid 
metabolic pathway, particularly ceramides (Cer) and the 
enzymes involved in sphingosine and S1P production, 
are highly activated during early pregnancy in mice [15, 
64]. Moreover, studies have shown that S1P enhances the 
invasion of immortalized human trophoblast cell lines 
through Hippo signal transduction [65]. The glutamine 
transporter SNAT5 is localized to the maternal-facing 
membrane of the SCT. Furthermore, glutamine can acti-
vate the mammalian target of rapamycin cell-signaling 
pathway, thereby enhancing protein synthesis and cellu-
lar proliferation in the placenta [66]. Overall, our results 
propose that decidual cells likely plays a role in providing 
nutrients to the SCT and regulating EVT invasion.

We observe distinct metabolic activities among sub-
clusters of stromal cells and decidual cells, suggesting 
the presence of different metabolic subtypes within these 
populations. To further investigate this, we perform re-
clustering of stromal cells and decidual cells based on 
the expression profiles of metabolic genes. Remarkably, 
the clustering results obtained using metabolic genes 
are comparable to those obtained using highly variable 
genes. In a study by Bao et al., a unique subtype of decid-
ual cells with high expression of genes involved in glycol-
ysis was identified in decidua samples from both healthy 
donors and patients with recurrent miscarriage. This par-
ticular subtype was named glycolytic DSCs (glyDSCs), 

and it was predominantly found in patients with recur-
rent miscarriage [22]. Interestingly, we did not identify 
a similar group of decidual cells in our dataset, possibly 
indicating that glyDSCs are rare in the decidua of healthy 
individuals.

Finally, we observe that there are conserved changes 
in amino acid metabolism and sphingolipid metabolism 
in the uterus during the transition from cycling to preg-
nancy in placental mammals. Similar metabolic changes 
between the pregnant and non-pregnant uterus can be 
observed in mice, pigs, and cattle. Notably, uterine stro-
mal cells in pigs and cattle do not undergo decidualiza-
tion during pregnancy. Both humans and mice exhibit 
hemochorial placentation, characterized by direct con-
tact between the maternal vascular space and fetal tro-
phoblast cells [67]. Decidual cells can directly interact 
with trophoblast cells and regulate their activity. Cattle 
possess syndesmochorial placentation, where uter-
ine luminal epithelial (LE) cells are maintained at the 
uterine-placental interface by being incorporated into 
trophoblast syncytial plaques. [68–70]. This type of pla-
centa also allows trophoblast cells to contact endome-
trial stromal cells directly. In pigs, placentation is defined 
microscopically as epitheliochorial and macroscopically 
as diffuse, the uterine LE in pigs remains intact through-
out pregnancy [69, 71]. Consequently, the endometrial 
stromal cells in pigs cannot directly interact with tropho-
blast cells. Instead, they may influence trophoblast cells 
by regulating the function of the epithelial cells. Genes 
associated with the alanine, aspartate, and glutamate 
metabolic pathway, glutathione metabolic pathway, and 
sphingolipid metabolism pathway are highly conserved 
in mammals. The similar endometrial metabolic changes 
observed before and after pregnancy in mammals with 
different types of placentas indicate the importance of 
these metabolic pathways in maintaining pregnancy. Fur-
ther exploration is warranted to understand the diver-
gence in roles and functions of these metabolic pathways 
across different mammals’ endometrium during preg-
nancy, particularly in physiological stages such as mater-
nal-fetal signaling, placental formation, and maintenance 
of endometrial function.

In summary, this study utilizes a combination of 
scRNA-seq and bulk RNA-seq data to elucidate the met-
abolic characteristics of endometrial stromal cells and 
decidual cells across distinct stages. Our findings reveal 
the presence of metabolic heterogeneity among sub-
clusters of decidual cells and highlight that decidual cells 
with distinct metabolic features possess varying func-
tions and engage in specific signaling with trophoblast 
cells. Future studies are required to elucidate the role of 
amino acid metabolism and sphingolipid metabolism 
in decidua development. By offering novel theoretical 
insights and avenues, this research lays the foundation 
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for further exploration into the distinctive attributes and 
roles of stromal cells and decidual cells, ultimately con-
tributing to a better understanding of their significance in 
ensuring successful pregnancy.
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