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Abstract
Objectives

This study was anchored on the state of local immune-in�ltration in the endometrium, which acts as
critical factors affecting embryonic implantation, and aimed at establishing novel approaches to assess
endometrial receptivity for patients with IVF failure.

Methods

Immune-in�ltration levels in the GSE58144 dataset (n=115) from GEO were analyzed by digital
deconvolution and validated by immuno�uorescence (n=30), illustrating that dysregulation of the ratio of
Mf1 to Mf2 is an important factor contributing to implantation failure. Then, modules most associated
with M1/M2 macrophages (Mfs) and their hub genes were then selected by weighted gene co-expression
network and univariate analyses, then validated by GSE5099 macrophage dataset, qPCR analysis (n=16),
and western blot. It revealed that closely related gene modules dominated three biological processes in
macrophages: antigen presentation, interleukin−1−mediated signalling pathway, and phagosome
acidi�cation, respectively. Their hub genes were signi�cantly altered in patients and related with
ribosomal, lysosome, and proteasomal pathways.  Finally, the arti�cial neural network (ANN) and
nomogram models were established from hub genes, of which e�cacy was compared and validated in
the GSE165004 dataset (n=72). Models established by the selected hub genes exhibited excellent
predictive values in both datasets, and ANN performed best with an accuracy of 98.3% and an AUC of
0.975 (95% CI 0.945-1).

Conclusions

Macrophages, proven to be essential for endometrial receptivity, were regulated by gene modules
dominating antigen presentation, interleukin−1−mediated signalling pathway, and phagosome
acidi�cation. Selected hub genes can effectively assess endometrial dysfunction receptivity for IVF
outcomes by the ANN approach.

1. Introduction
Recurrent implantation failure (RIF) is one of the most frustrating and di�cult areas in reproductive
medicine because the etiology is often unknown and there are few evidence-based diagnostic and
treatment strategies. Defective endometrial receptivity is currently becoming a critical theory in the study
of this disease. Endometrial receptivity, is a complex process that enables embryonic attachment,
invasion, and development. For healthy females, during the secretory phase, the window of implantation
(WOI) lasts from 3 to 6 days. In certain in�ammatory or anatomical cases, this window can be narrowed
or displaced to inhibit normal implantation, resulting in infertility or loss of pregnancy (1). Therefore, a
receptive endometrium is a prerequisite for successful embryonic implantation. Defective endometrial
receptivity is often associated with RIF and unexplained infertility (UI). However, a lack of understanding
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of defective endometrial receptivity has led to poor diagnosis and treatment. The current diagnostic tests
for endometrial receptivity anomalies include sonography (endometrial thickness, blood �ow, and
morphology), histopathology (integrin αvβ3, leukemia inhibitory factor, vascular endothelial growth factor,
and uterine natural killer cells), as well as electron microscopy of endometrial cell morphology. However,
these methods have a limited clinical guidance (2). An emerging assay, Endometrial Receptivity Array
(ERA), guides clinical practice by assessing endometrial receptivity status through microarray analysis of
238 genes (3). However, the clinical signi�cance of the test has not been fully established (4). The high
number of genes that are required for analysis and strict requirements for sample storage conditions lead
to high costs and di�culties in clinical practice.

Immune status of the endometrium is closely associated with normal reproductive functions(5).
Trophoblast cells of the implanted blastocyst invade the endometrium of the maternal uterus by forming
the placenta. Endometrial mesenchymal cells undergo a decidual response (called decidualization) and
establish an environment that is conducive for trophoblast invasion. Trophoblast implantation and
placenta formation require appropriate maternal immune tolerance to the hemi allogeneic foetus. After
embryonic implantation and decidual development, the number of leukocytes in the uterus change
signi�cantly (6). Natural killer (NK) cells and macrophages predominate during the early gestation period.
Macrophages, which account for approximately 20–30% of total in�ltrating leukocytes, play an essential
role in fetal tolerance, trophoblast invasion, and tissue as well as vascular remodelling (7). The immune
environment of the endometrium is in a dynamic balance due to hormonal regulation and stress
responses to clinical operation and dysbacteriosis. Therefore, endometrial receptivity assessment based
on immune-related modules can predict implantation outcomes and predict pregnancy timing after a
uterine cavity procedure (induced abortion, adhesiolysis, and polypectomy) or other therapies (antibiotics,
hormones etc). However, few studies have evaluated its value in assessing endometrial receptivity.

Due to genetic heterogeneity, epistatic interactions, and environmental factors, identi�cation of a single
gene or pathway underlying the complex traits is di�cult (8). Integration of gene expression is a key
method for solving this problem. Network methods have been used to identify and characterize various
biological interactions and have helped in predicting gene functions (9). In this study, we used weighted
gene co-expression network analysis (WGCNA) to establish gene modules and evaluated their
association with integrated clinical traits(10). The predictors selected in this approach have
representative biological structures and functions. Previous evaluation models were established by
regression equations. However, measurement errors across platforms and patients' individualization
often make it di�cult to guarantee the consistency of results, which in turn affects repeatability of the
method. The arti�cial intelligence approach can be used to guarantee the consistency of results across
platforms and populations by training the programs with speci�c patterns. The arti�cial neural network
(ANN) is an arti�cial intelligence (machine learning) method that works similarly to the human brain(11).
Its incorporated feature variables, also known as predictors, input variables and covariates, are the input
signals that inform pattern recognition. Each characteristic variable is weighted according to its clinical
signi�cance. The task is accomplished by dendrites in the biological nervous system. An activation
function sums the weighted signals (12). We performed WGCNA to identify immunological factors that
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were most associated with defective endometrial receptivity and used them to develop a fertility
prognostic model through ANN. The results were validated in different platforms and populations to
obtain a more practical and reliable approach for endometrial receptivity assessment.

2. Methods

2.1 Datasets and patient selection
All datasets were selected from chip microarrays. The GSE58144 dataset, containing 43 RIF patients and
72 controls, was used for immune in�ltration analysis, hub gene selection, and machine deep learning
prognostic model establishment. The GSE5099 dataset is a three replicate measure dataset of gene
expression matrices of Mφ1 and Mφ2 that was used to validate the association between hub genes and
macrophage polarization. The GSE165004 dataset includes 48 implantation failure (IF) patients and 24
controls, and was used to validate hub gene expression differences and machine deep learning
prognostic model. Details of the microarrays are available in supplementary Table 1.

Validation of Mφ1/Mφ2, mRNA and protein levels were performed using clinical samples. Ethical
approval for this study was obtained from the Research Ethics Committee of the Beijing Obstetrics and
Gynecology Hospital. Experiments were performed (under protocol number 2017-KY-082-02) based on the
Helsinki Declaration of 1975 (revised in 2013). Patients eligible for hysteroscopy were required to sign an
informed consent before surgery. Samples from endometrial biopsies were acquired at Beijing Obstetrics
and Gynecology Hospital. The inclusion criteria for patients were: i. Those aged less than 40 years; ii.
Those whose sex hormone levels, including follicle-stimulating hormone, luteinizing hormone,
testosterone, estradiol and prolactin, were within normal ranges and iii. Those without endometriosis,
�broids, active or a history of pelvic in�ammatory disease or other medical comorbidities
(hyperprolactinemia, thyroid disease etc). Study participants in the control group (n = 14) had at least one
live birth while others (n = 16) were examined for unexplained infertility or implantation failure. Basic
demographic characteristics for each group are presented in supplementary Table 2. Speci�c �ow of the
study design is shown in Fig. 1.

2.2 Processing of primary datasets
Pre-processing and normalization of microarray datasets based on raw data of the Affymetrix platform
(GSE5099) were performed using the affy package (in R, version 3.6.2) (13) with the following methods: i.
Robust multi-array average (RMA, for background correction) (14); ii. Quantile (for normalization) (15); iii.
pmonly (perfect match correction) (16) and iv. Median polish (as a summary method) (17). For the
microarray datasets that were based on the Agilent platform (GSE58144 and GSE165004), Biobase and
limma packages (in R, version 3.6.2) were used for pre-processing and normalization after the data had
been converted to log (base 2). The RMA and normalizeBetweenArrays methods were used for
background correction and normalization, respectively(18). Annotation �les for different microarray
platforms were downloaded from the NCBI GEO database (19).
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2.3 Digital deconvolution of bulk tissues
Cell-type deconvolution was performed using CIBERSORTx (http://cibersortx.stanford.edu), which is an
analytical tool developed by Newman et al. (20) to impute gene expression pro�les and provide
estimations of the abundances of immune cell in�ltration levels in mixed cell populations, using gene
expression data. We used the LM22 gene signature matrix for 22 immune cell types. CIBERSORTx was
run with batch correction and 100 permutations. Barplot and vioplot were established using the plot
function (in R, version 3.6.2).

2.4 Immuno�uorescence
From each sample, 5 µm sections were prepared and dewaxed in xylene, dehydrated using graded alcohol
and rinsed in distilled water. For antigen retrieval, sections were boiled in citric saline (10 mmol/L, pH 6.0)
for half an h. Then, samples were treated with 3% hydrogen peroxide solution for 25 min to block the
activity of endogenous peroxidase, blocked using 3% bovine serum albumin (BSA, Servicebio, Wuhan,
China) for 30 min at room temperature, after which they were incubated at 37°C for 1 h with primary
antibodies, which included mouse anti-CD68 (ab201973, Abcam, dilution 1:200), rabbit anti-CD86 (13395-
1-AP, Proteintech, dilution 1:200) for Mφ1 as well as mouse anti-CD68, rabbit anti-CD86 (13395-1-AP,
Proteintech, dilution 1:200) for Mφ2. Next, sections were rinsed 3 times in phosphate-buffered saline
(PBS) and stained using anti-rabbit-Alexa Fluor® 488 (ab150073, abcam) and anti-mouse-Alexa Fluor®
594 (ab150064, abcam) for 1 h at room temperature (both Invitrogen). Slides were mounted in the
SlowfadeGold reagent containing DAPI (Thermo�sher, Landsmeer, The Netherlands) and examined using
a NIKON CORPORA microscope (Nikon, Japan). The percentage of Mφ1 or Mφ2 was obtained by
counting �uorescence positive cells and dividing them by DAPI signal points using Image J (Version
1.50b), respectively.

2.5 Weighted gene co-expression network
The network module was established using the WGCNA package (in the R environment, version 3.6.2) in
GSE58144 dataset (21). To minimize noise in the gene expression dataset, data was �ltered as follows.
Pearson correlation analysis was used to rank all genes according to their association with Mφ1/Mφ2.
Correlations between genes and Mφ1/Mφ2 were established at a cut-off of p ≤ 0.05. To reduce the
computational burden and enhance signals in our data, we used 2,185 of the 5,531 genes with the
greatest variability ranked by the variance in our initial network construction with a cut-off value of var > 
0.05 (21). By de�nition, module genes are highly connected (i.e., module genes tend to have relatively
high connectivity). Therefore, for module detection, restricting analysis to the most connected genes
should not lead to a major loss of information. Then, we performed cluster analysis of 2,185 genes in
these 115 patients. The theory of network construction algorithm has been previously described (22).
Brie�y, for co-expression module identi�cation, Pearson correlation matrices were �rst generated (average
linkage method) for all pairwise genes. An adjacency matrix was then constructed using a "soft" power
adjacency function, a ij = |cor(xiyj)|β. Based on scale-free topology criteria (R2 = 0.85), we selected a
power of β = 10. In WGCNA, a soft threshold parameter, beta, of the power function was used to ensure
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that the co-expression network (adjacency matrix) best approximates scale-free topology. This adjacency
matrix was then transformed into a topological overlap matrix to measure relative gene
interconnectedness and proximity. Finally, gene co-expression modules corresponded to branches of the
resulting hierarchical clustering tree (dendrogram). To ensure that genes in the analyzed network
exhibited su�cient correlation, we set the weight threshold of the co-expression network to 0.03. Uniform
Manifold Approximation and Projection (UMAP) analysis and visualization of the modules was
performed using the umap package (in R, version 3.6.2). Visual network diagram was constructed using
Cytoscape (version 3.4.0).

2.6 Enrichment analysis of functional categories
The STRING v11.5 online tool (https://string-db.org/) was used for functional enrichment analysis of the
gene module that was most associated with endometriosis, identi�ed after WGCNA analysis. In the
enrichment analysis, Gene Ontology (GO) terms (including Biological Process BP, Cellular Component CC,
and Molecular Function MF) as well as the Kyoto Encyclopedia of Genes and Genome (KEGG) were used
to evaluate functional categories and pathways for genes involved in the module. Correlations with
Mφ1/Mφ2 for all genes was calculated using the cor function in R environment, version 3.6.2. Then, the
GOplot package (in the R environment, version 3.6.2) was used to visualize GO enrichment analysis

results and their regulatory conditions. The formula for calculating Z-score is z − score =
( up−down)

√count

,which is a value that indicates whether GO terms are more likely to be decreased (negative value) or
increased (positive value). Gene-set enrichment analysis (GSEA) was performed on the GSE5099 dataset
using the “ClusterPro�ler” (24) package in R. The Broad Molecular Signature Database (MSigDB v7.0)
dataset in the Kyoto Encyclopedia of Genes and Genomes (KEGG) (c2.cp.kegg.v7.0.symbols) was used.
This database summarizes and presents speci�cally well-de�ned biological states and pathway
processes. For statistical signi�cance estimation, the GSEA program was run with 1,000 permutations,
and correlations between selected genes and other genes were used to rank all genes.

2.7 Quantitative Real-Time PCR Analysis (qRT-PCR)
Total RNA was extracted from each sample with RNAiso Plus (Takara Bio Inc., Shiga, Japan) and
quanti�ed with a NanoDrop™ One Spectrophotometer (Thermo Fisher Scienti�c Inc., Massachusetts,
USA). The First-Strand cDNA Synthesis SuperMix Kit (AT301-3, EasyScript, China) was used to synthesize
cDNA from 1 µg of total RNA per sample. The primers used in this study were designed by Sangon
Biotech Co., Ltd. Shanghai, China. The sequences are presented in supplementary Table 3. PCRs were
performed on an LightCycler 480 PCR System (Roche, Germany) with the protocol for the SYBR Premix Ex
TaqTM II (RR820A, Takara). The reaction began at 95°C for 30 seconds for initial denaturation, followed
by 35 cycles of 5 seconds at 95°C and 34 seconds at 60°C(23). The measurements were repeated three
times, and the relative quanti�cation was performed by the comparative CT (2^-ΔΔCT) method.

2.8 Western blot
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Western blot analysis was performed as previously described. After sample preparation, equal amounts
of a sample protein (50 µg) were loaded onto an SDS-PAGE gel. After electrophoresis, the samples were
transferred onto a nitrocellulose membrane. Then, the membrane was blocked for 2 h at room
temperature and incubated overnight at 4°C with the following primary antibodies: anti-
MARF1(KIAA0430) (1:500, proteintech, China), anti-dUTPase (DUT) (1:10000, Abcam, USA), anti-RPS9
(1:500, proteintech, China), anti-GADPH (1:1000, LABLEAD, China). Appropriate secondary antibodies
(1:5000, ABclonal, China) were selected to incubate with the membrane for 1 h at room temperature.
Then, blot bands were visualized with an ECL reagent (Santa Cruz, USA). Non-saturated bands were
selected to perform densitometry quanti�cation using Image J software (Version 1.50b).

2.9 prognostic model establishment and statistics
The ANN prognostic model was implemented using the nnet package in R environment, version 3.6.2
(12). To determine the number of units in the hidden layer, the GSE58144 dataset was used: 

AverageAccuracy = ∑ l
i=1

TP i+TNi
TP i+FNi+FP i+TNi

/l. Moreover, to ensure maximum optimization of the

prognostic model, NNET was run with 100 permutations in the GSE165004 dataset for veri�cation.

For prognostic model e�cacy testing, Z tests were used to determine the signi�cance of the area under
the receiver operating characteristic (ROC) curve (AUC) using the pROC package in R, version 3.6.2.
Sensitivity, speci�city, Youden index (YI), positive predictive value (PPV), and negative predictive value
(NPV) were used to assess prognostic values of hub genes and the machine learning model.

Comparisons of cell proportions and single gene expression levels between the two groups were
performed by Wilcox test. Normally distributed continuous variables were analysed by the Students t-test
and paired t-test was used for paired analysis (in R, version 3.6.2).

3. Results

3.1 Immune in�ltration levels on endometrial receptivity
Immune in�ltration levels of 22 immune cells in endometrial mixed tissue samples from the GSE58144
dataset were determined using the CIBERSORTx platform. These �ndings are shown in Fig. 2A. In
different groups, there were no signi�cant differences in the percentage of immune cells, except for
eosinophils, which were present in de�cient levels in the tissues (Fig. 2B). Considering that macrophage
polarization may be an important factor in endometrial receptivity, we determined the ratio between Mφ1
and Mφ2 and found signi�cant differences in Mφ1/Mφ2 between IF and normal groups (p = 0.019)
(Fig. 2C). We further obtained endometrial tissues from 30 patients within the mid-secretion phase for
immuno�uorescence detection, and found that the balance between Mφ1 and Mφ2 in the IF group was
signi�cantly altered compared to the controls (p = 0.043), as shown in Fig. 2D&E.

3.2 Macrophage polarization-related gene module functions
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As shown in Fig. 3A, genes were clustered into different groups, referred to as modules. The GSE58144
gene set had 7 different gene modules with a high topological overlap. To distinguish the modules, we
allocated a colour to each module (including brown, black, Green, turquoise, red, blue, and yellow).

Then, we evaluated the pathological correlation for each module by examining the overall correlation of
module genes with clinical traits of immune in�ltration. The measure of gene signi�cance was de�ned by
the absolute value of the correlation between clinical factors and gene expression levels. Average genetic
signi�cance of a particular module is considered module signi�cance (MS). As shown in Fig. 3B, three
modules (blue, turquoise, and green) exhibited excellent correlations with Mφ1/Mφ2, that is, -(0.42 (p = 
3×10− 6), -0.35 (p = 10− 4), and 0.32 (p = 5×10− 4), respectively. Moreover, there were signi�cant correlations
between module membership of the genes within the module and gene signi�cance between these genes
and Mφ1/Mφ2 (Pblue=1.6×10− 39, p turquoise =6.6×10− 15, and p green=0.0093), as shown in Fig. 3C. In
Fig. 3D, the integrated molecular pro�les of aforementioned three modules are visualized using two-
dimensional maps generated by the dimension reduction technique UMAP. In the resulting plot, the
samples in the dataset can be grossly divided into two subgroups by the disease, revealing that
implantation failure patients have unique pro�le based on Mφ1/Mφ2 related modules.

Then, we performed enrichment analysis of the three modules. We found that the main biological
processes of the three modules were the three aspects of macrophage functions (antigen processing and
presentation of exogenous peptide antigen via MHC class I, TAP − dependent, FDR = 4.5×10− 10;
phagosome acidi�cation, FDR = 6.2×10− 4; interleukin-1-mediated signaling pathway, FDR = 1.13×10− 13),
while the corresponding GO-CC and GO-MF terms of the three were also different. KEGG enrichment
analysis revealed that the three modules were enriched in ribosomal, lysosome, and proteasomal
pathways, respectively (Fig. 4A).

3.3 Selection and veri�cation of hub genes associated with
Mφ1/Mφ2
Due to differences in biological roles of the three gene modules and high-levels of consistency in
expression among genes within the modules, we selected three hub genes in each of the modules. First,
we selected genes that were most associated with modules and Mφ1/Mφ2 based on the median of the
membership in the module and gene signi�cance for Mφ1/Mφ2 (Fig. 3C). Then, we screened the hub
genes in the network based on the number of connections between nodes. CytoHubba was used to
calculate the top 40 hub genes (Fig. 4B). Intersections between the two sets of hub genes were
established. Intersections for the genes in blue, turquoise, and green modules were 15, 15, and 19,
respectively (Fig. 4C). Finally, univariate analysis revealed that RPS9, DUT, and KIAA0430 genes were
signi�cantly associated with implantation failure in the blue, turquoise, and green modules (Fig. 4D).

3.4 Lab and external veri�cation of hub genes expression
and correlation with Mφ1/ Mφ2
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We �rst validated the altered mRNA expression levels of DUT, RPS9, and KIAA0430 in endometrial tissues.
Compared with the control group, the expression of all three genes (P = 0.029, 0.028, and 0.0006 for DUT,
RPS9, and KIAA0430, respectively) in patients with IVF failure was signi�cantly downregulated (Fig. 5A).
Furthermore, we veri�ed that the three mRNA-translated proteins had the same trend of alteration at
protein levels (Fig. 5B).

Then, we performed correlation analysis by macrophages count and qPCR results to verify the
association between the above screened genes and Mφ1/Mφ2. As shown in Fig. 6C, RPS9, DUT, and
KIAA0430 genes exhibited signi�cant correlation with Mφ1/ Mφ2, as 0.52 (P = 0.058), 0.50 (P = 0.048),
and 0.55(P = 0.027), respectively (Fig. 5C).

Then, we selected Mφs datasets in GSE5099 to verify the association between the above screened genes
and macrophage polarization. As shown in Fig. 5D, RPS9 (P = 0.038), DUT (P < 0.0001), and KIAA0430 (P 
< 0.0001) genes exhibited signi�cant differences between Mφ1 and Mφ2. Subsequently, GSEA results for
the three genes were consistent with our previous �ndings, that is ribosomal (RPS9, DUT and KIAA0430),
lysosome (DUT), and proteasomal (RPS9 and KIAA0430), respectively (Fig. 5E).

3.5 Establishment and validation of an arti�cial neural
network prognostic model
Then, we used a deep machine learning algorithm (ANN) to evaluate the predictive power of selected hub
genes for defective endometrial receptivity. First, we set the number of units in the hidden layer of the
GSE58144 dataset. The model achieved the highest prediction accuracy of 98.3% when the hidden layer
was set to 24 (Fig. 6A).

Further, we validated this prognostic model using the GSE165004 dataset. Aforementioned hub genes
were incorporated into the ANN prognostic model. Based on an earlier �nding, we set the number of units
in the hidden layer to 24 and performed 100 cycles of simulation to improve the prognostic accuracy
(Fig. 6B). As a further veri�cation that the ANN model is the optimal model for implantation failure
prediction, we also established a prediction model based on logistic regression. In Fig. 6C, expression
levels of the three hub genes were found to be signi�cantly different between the two groups, consistent
with the results of the GSE58144 dataset. Also, the risk score, based on the logistic regression, showed
the ability for defective endometrial receptivity identi�cation. The Nomogram based on logistic regression
is shown in Fig. 6D. Prognostic results were averaged and plotted as ROC, and were found to compare to
those by modules and hub genes. As result, the AUC of the ANN model was 0.975 (95% CI 0.945-1),
signi�cantly better than that of nomogram model, DUT, RPS9, and KIAA0430 (p = 0.0439, 9.27×10− 6,
1.15×10− 6, and 5.33×10− 4), as shown in Fig. 7A. Sensitivity, speci�city, YI, PPV, and NPV of the ANN
model were 89.58 (95% CI 77.3–96.5), 95.83 (95% CI 78.9–99.9), 0.854, 97.7 (95% CI 86.3–99.7), and
82.1 (95% CI 66.6–91.4), superior to those of the nomogram model and other hub genes, as shown in
Fig. 7B.
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4. Discussion
The altered immune microenvironment in the uterine cavity, an essential aspect of endometrial receptivity,
is a crucial factor for a successful IVF(24). However, immune-related factors have been seriously
underestimated when used to assess endometrial receptivity. In this study, we found that the balance of
the ratio between Mφ1 and Mφ2 is an important factor that affects endometrial receptivity for patients.
Then, we screened different biological functional gene modules and obtained hub genes that may
associate with Mφ1/Mφ2 and developed a machine deep learning prognostic model with an excellent
predictive performance through the arti�cial neural network approach.

Macrophages can be classi�ed into the activated Mφ1 and the alternatively activated Mφ2 based on
phenotypes and function. The balance of macrophage ratios is important for WOI and embryonic
implantation in the endometrium(6). However, the type of macrophage dominating the mid-secretory
phase has not yet been established. Russell et al. (25) reported a signi�cant increase in Mφ2 during the
luteal phase, which are thought to contribute to the establishment of maternal immune tolerance to fetal
antigens at the onset of implantation. Conversely, Diao et al. (24) reported that the abundance of Mφ2
was signi�cantly lower in control subjects than in patients with failed embryonic implantation. Some
studies have also suggested that, during implantation, activated Mφ1 produce in�ammatory cytokines
and mediators, such as IL-6, IL-1β, TNF-α, and nitric oxide, inducing a pro-in�ammatory response and
promoting embryonic attachment to the decidua. Consistent with these observations, in this study,
immune in�ltration analysis and immuno�uorescence validation revealed Mφ1/Mφ2 alterations in
patients in the reduced endometrial receptivity group compared to the control group. This �nding
con�rms the importance of the balance of macrophage polarization for embryonic implantation.

Factors that induce macrophage in�ltration into the endometrium in mid-secretory phase, including
chemokines, colony-stimulating factor (CSF)-1, and granulocyte macrophage-colony-stimulating factor
(GM-CSF) are abundantly secreted by endometrial stromal cells in response to hormonal stimulation.
Vascular endothelial growth factor receptor-1 (VEGFR-1) performs an important role in macrophage
recruitment and angiogenesis at the implantation site. Macrophages have a high potential for plasticity
and can modify their functions depending on the changing microenvironment in tissues and are,
therefore, involved in different physiological functions and disease development. This study identi�ed
three highly correlated modules (antigen processing and presentation of exogenous peptide antigen via
MHC class I, TAP − dependent, phagosome acidi�cation, and interleukin-1-mediated signaling pathway) in
macrophage polarization in the endometrium that affect macrophage functions and their effects on
endometrial receptivity through different aspects. The main pathways of the modules were ribosome,
lysosome and proteasome pathways. Then, we selected representative genes (DUT, RPS9 and KIAA0430)
in each gene module. These genes and their closely related are important in the homeostasis of
macrophage polarization and maintenance of favourable endometrial receptivity (Fig. 8).

In blue module, the principal biological functions performed by the gene cluster is antigen processing and
presentation of exogenous peptide antigen via MHC class I, TAP − dependent. MHC class I plays an
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intermediate role in the regulation of macrophage phagocytosis. As part of local immunity, macrophages
recognize antigens in MHC class I and present them to T cells which recognize the MHC-antigen complex
through their T cell receptors, which requires additional costimulatory and cytokine signals. Macrophages
can thus mediate and provide the costimulatory signals and cytokine secretion required for effective T-
cell activation (26). Mφ1 secrete various cytokines, including tumor necrosis factor alpha (TNF-α),
interleukin (IL)-1α, and IL-6, which may be closely associated with endometrial decidualization and
embryonic implantation process. Mφ2 maturation can be induced by various cytokines, including IL-4, IL-
13, glucocorticoids, as well as M-CSF/CSF1, and together with Tregs, they promote tissue remodeling and
regeneration, wound healing, and anti-in�ammation in the endometrial tissue. Altered expression levels of
some cytokines, such as TNF-α and IL-1β, can affect the polarization shift between Mφ1 and Mφ2,
impacting reproductive outcomes. Meanwhile, class I expression may be critical for avoidance of
immunological rejection(27). Its hub gene RPS9, a component of the ribosomal 40s subunit, is an
important factor in macrophage activation and polarization through its protein translation function.
Various cytokines, such as IFN-γ, IL-10a, and IL-6 have been shown to regulate ribosomes through
receptors, thereby affecting macrophage metabolism as well as mRNA translation (28). Silvia et al. (29)
evaluated endometrial receptivity-related pathways and found that the ribosomal pathway is the most
relevant for endometrial fertility. Furthermore, the result of GSEA showed a negative correlation between
RPS9 and proteasome. According to Fan et al. (30), molecules such as ribosomes in macrophages can be
hydrolyzed by the proteasome through ubiquitination. In addition, inhibition of this pathway has also
been shown to have positive implications in protection of macrophages as well as the periphery from
hypoxia-reoxygenation injury. In this study, RPS9 was signi�cantly differentially expressed in IF and
control groups for both GSE58144 and GSE165004 datasets. These �ndings imply that module of
antigen processing and presentation of exogenous peptide antigen via MHC class I in macrophage
polarization play important roles in endometrial receptivity.

As for the turquoise module, the genes are enriched in the biological process of phagosome acidi�cation,
which is directly linked to the phagocytic function of macrophages. DUT, as the hub gene, were enriched
in lysosome and ribosome pathways by its related genes in the GSE5099 dataset, consistent with its
module. Phagocytosis and antigen presentation by macrophages is dependent on phagosome and
lysosomal activity. Phagosome-like compartments containing antigen at some stages fused with
lysosomes to form a phagolysosome. Correspondingly, according to Ariza et al. (31), the regulation of
DUT to macrophages depends on their phagocytosis. DUT (dUTPase), an essential enzyme during
nucleotide metabolism, hydrolyzes dUTP to dUMP and pyrophosphate. Alternative splicing of this gene
leads to different isoforms that are localized in the mitochondria or nucleus. dUTPase modulates innate
immunity in human primary monocyte-derived macrophages through toll-like receptor (TLR) 2 leading to
NF-kB activation and the production of pro-in�ammatory cytokines. This process is achieved via
macrophage phagocytosis of exosomes containing dUTPase. Then, interferon (IFN)-γ, lipopolysaccharide
(LPS), or granulocyte macrophage-colony-stimulating factor induce macrophage maturation towards the
Mφ1, which activates Toll-like receptor signaling pathways, thereby playing a crucial role in clearance of
residual �bers and tissue debris, and in the synthesis of pro-in�ammatory cytokines and growth factors.
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In addition, Wang et al(31). reported that DUT activation led to the production of large amounts of
mtDNA, which bound the mitochondrial ribosomal proteins to co-synthesize mitochondria-associated
proteins, further demonstrating the association between DUT and the ribosomal pathway. Therefore,
enrichment analysis of the turquoise gene module in endometrial tissues and the DUT in macrophage
GSE5099 dataset revealed a close association among DUT, phagosome acidi�cation, and the
aforementioned two pathways, which affect the Mφ1/Mφ2 ratio in patients who were in the mid-secretory
phase.

The green module's biological function was enriched in the interleukin-1-mediated signaling pathway,
which is vital for macrophage functions and polarization. Elevated expression levels of cytokines such as
TNF-α in the early stages promote macrophages polarization, as well as the synthesis and secretion of IL-
1 by macrophages. In addition, IL-1 in the early stages can act on interleukin-1-mediated signaling
pathway to promote other cytokines’ synthesis and secretion,is intimately involved in the regulation of the
ribosome pathway (32). Its hub gene, KIAA0430, also known as meiosis regulator and mRNA stability
factor 1 (MARF1), encodes a putative peroxisomal protein, which can silence targeted mRNA and inhibit
gene expression (33). It can regulate the translational function of ribosomes in the manner above,
consistent with the result that it was enriched in the ribosome pathway in the GSE5099 dataset.
Meanwhile, we found that gene enrichment in the green module, where KIAA0430 is located, was closely
related to negative regulation of the proteasome pathway. The negative correlation between KIAA0430
and the proteasome pathway was veri�ed in the macrophage GSE5099 dataset. Proteasomes are protein
disruption devices that are involved in many essential cellular functions, such as cell cycle regulation, cell
differentiation, signal transduction pathways, antigen processing for proper immune responses, stress
signaling, in�ammatory responses, and apoptosis. Moreover, they are involved in macrophage
polarization. Cytokines such as IFN-γ and TNF-α have been shown to regulate macrophage functions by
moderating the proteasome pathway. Han et al. (34) reported that proteasomes in endometrial stromal
cells can mediate diminished protein stabilities of HOXA10, a histone important for promoting
endometrial decidualization, leading to a defective endometrial receptivity. In contrast, negative regulation
of the proteasome pathway by KIAA0430 facilitates the maintenance of favourable endometrial
receptivity.

Although macrophage polarization is of great importance in pregnancy, few are available to diagnose
reproductive prognosis, mainly because of subjectivity of cell counts by immunohistochemistry and
di�culty with standardization. Moreover, immune cell in�ltration dynamics leads to the possibility of
some systematic errors. Therefore, in this study, we used macrophage polarization-related factors as
predictors for reproductive prognostic outcomes. To ensure that genes included in the prognostic model
are representative of certain molecular functions or structures, we performed gene selection through the
WGCNA approach. Then, we used ANN and logistic regression approaches to establish a prognostic
model. Traditional models were often constructed through the regression approach. Model optimization
requires the inclusion of factors that are both normally distributed and independent. For factors with
small values, the weight of their impact on the outcome is often ignored because of their low coe�cients.
The ANN model, however, can weigh each feature variable according to its importance and then perform
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the summation of activity function, thus, it requires fewer factors to provide a more accurate
classi�cation. Also, it was certainly demonstrated in our study that the ANN was superior to the
traditional logistic regression-based Nomogram in terms of IVF failure prediction. Although we found an
imbalance between Mφ1 and Mφ2, we performed the diagnosis by expression of factors in different gene
modules instead of direct microscopic counts to improve reproducibility of the results and reduce
measurement errors associated with subjectivity. The predictive accuracy of the model was up to 98.3%
in the GSE58144 dataset, while its AUC was 0.975 in the validation GSE165004 dataset, signi�cantly
better than the predictive method with a single factor and regression approach. Its performance was also
superior to the conventional endometrial receptivity examinations, such as ultrasound for endometrial
thickness (> 7 mm) with a sensitivity of 99% and a speci�city of 3% (2). The signi�cance of this predictive
method is that it effectively determines the receptive status of the endometrium. Jena et al. (6) reported
that there is a dynamic balance of macrophage polarization patterns in the endometrium in response to
the menstrual cycle, suggesting that this model is appropriate for assessing endometrial receptivity in
patients with IVF failure due to WOI changes. Importantly, uterine cavity procedures (induced abortion,
adhesiolysis, or polypectomy), in�ammatory responses and transient immune dysregulation
(dysbacteriosis or endometritis) due to stress can lead to embryonic implantation failure (35, 36).
However, this model is highly correlated with the immune environment and is appropriate for informing
optimal timing of natural or IVF pregnancies in such patients. For patients, assessment of endometrial
receptivity using this tool is bene�cial in identifying the cause and predicting the immediate outcome of
IVF.

This study has its advantages. Firstly, the effects of 22 immune cell in�ltrations on embryo implantation
were explored for the �rst time, screening factors of signi�cance. Secondly, instead of applying the
commonly used PCA and other dimensionality reduction methods, we performed a hub gene selection in
the module by WGCNA, which ensured the representativeness of the characteristics data and reduced the
number of items to be examined. This dramatically saves tests cost in clinical application. Finally, a non-
regression model was used to establish predicted reproductive outcomes, reducing the in�uence of data
characteristics and weights on prediction. This experiment preliminary validated changes in the ratio
between Mφ1 and Mφ2 and established a prognostic model, however, there are some limitations. First,
other cheaper assays, such as qRT-PCR or ELISA, were not performed for the test of the model, which
needs to be validated through further large sample experiments. Second, for the mechanistic study, only
enrichment analysis was performed, which are all based on mRNA expression levels. Therefore, it was not
possible to observe the effects of changes in translational or post-translational protein levels for
mechanism prediction, which should be validated further. Importantly, Lab experiments results and cross-
validation between multiple data sets guarantee reliability of the mechanism as well as the ANN model.
In short, based on our results, the consistency of validation, as analysed by different methods and
datasets, was mutually con�rmed.

In summary, the balance between Mφ1 and Mφ2 is essential for the pregnancy process. Gene modules
associated with biological processes of antigen processing and presentation of exogenous peptide
antigen via MHC class I, TAP − dependent, phagosome acidi�cation, and interleukin-1-mediated signaling
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pathway can impact macrophage polarization that ameliorate endometrial receptivity. Furthermore, the
established ANN model based on hub genes can effectively assess endometrial receptivity to inform
patients' reproductive outcomes and individualized clinical management strategies.

Abbreviations



Page 15/27

WOI window of implantation

(R)IF (repeated) implantation failure

NK Natural killer

WGCNA weighted gene co-expression network analysis

ANN arti�cial neural network

DER decreased endometrial receptivity

RMA Robust multi-array average

BSA bovine serum albumin

PBS phosphate-buffered saline

GO Gene Ontology

BP Biological Process

CC Cellular Component

MF Molecular Function

KEGG Kyoto Encyclopedia of Genes and Genome

GSEA Gene-set enrichment analysis

qRT-PCR Quantitative Real-Time PCR Analysis

ROC receiver operating characteristic

PPV positive predictive value

NPV negative predictive value

MS module signi�cance

CSF-1 colony-stimulating factor

GM-CSF granulocyte macrophage-colony-stimulating factor

VEGFR-1 Vascular endothelial growth factor receptor-1

IFN-γ Interferon

LPS lipopolysaccharide

TNF-α tumor necrosis factor alpha

IL-1α interleukin.
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Figure 1

Schematic presentation of the study design. (R)IF= (recurrent) implantation failure, IF=
Immuno�uorescence, WB= Western blot, ANN= arti�cial neural network and GSEA= Gene-set enrichment
analysis.
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Figure 2

Immune in�ltration analysis and MΦ1 to MΦ2 ratio. A) Bar plots for 22 immune cells in endometrial
mixed tissue samples. B) Violin plots for immune cells in the IF (n=16) and control (n=14) groups. Blue
color represents the IF group while the Red color represents the control group. C) Comparisons of
MΦ1/MΦ2 between the IF and control groups from the GSE58144 dataset. D) Immuno�uorescence
detection of MΦ1 and MΦ2. CD86 (green) and CD68 (red) positivity represent MΦ1. CD163 (green) and
CD68 (red) positivity represent MΦ2. White arrows in the overlay represent positive cells. E)
Immuno�uorescence validation of MΦ1/MΦ2 comparisons in the IF and control groups. IF= Implantation
failure.
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Figure 3

MΦ1/MΦ2 related WGCNA and module enrichment analyses. A) Visual representations of the gene co-
expression network. Hierarchical clustering of 2,185 genes and visualization of gene module partitioning.
Coloured bars (below) directly correspond to module (colour) designation for gene clusters. One can
visualize where in the clustering dendrogram the gene modules are de�ned. B) Heatmap showing the
average genetic signi�cance of each particular module across immune in�ltration levels. C) The
correlation between module membership and gene signi�cance in the three modules. D) Simples
characterization were analyzed using UMAP by genes in selected three macrophages related modules.
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Figure 4

Module enrichment analyses and hub gene selection. A) Enrichment analysis. The left side is the gene
(the shade of the colour represents the gene’s fold change), while the right side are the different GO/KEGG
terms. Connected bands indicate that a gene is in its corresponding GO/KEGG terms. B) Co-expression
network diagram. Top 40 hub genes were selected and visualized. Color shades represent the number of
connections. C) Venn plot for gene screening. D) Univariate analysis of screened genes.
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Figure 5

Validation of hub genes expression and correlations with MΦ1/ MΦ2. A) Validation of mRNA expression
of hub genes in IF (n=8) and control (n=8). B) Western blotting result of KIAA0430, DUT, and RPS9,
normalized by GADPH. samples were derived from the same experiment and run on gel/blots run in
parallel. C) Veri�cation of correlation between hub genes and MΦ1/MΦ2. D) Pathway validation of hub
genes by GSEA.
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Figure 6

Prognostic models’ establishment and vili�cation. A) Schematic presentation of the ANN model for
predicting implantation failure. Dark green represent transmission of information from hub genes. Green
and red colours represent positive and negative weights, respectively. Light blue represents the bias
applied to hidden neurons. B) Average accuracy of each number of units. Twenty four units had the
greatest accuracy (98.3%). C) Validation for predictive values of DUT, RPS9, KIAA0430, and the risk model
based on logistic regression. D) Nomogram diagnostic model based on logistic regression.
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Figure 7

Assessment for the models and genes in implantation prediction. A) ROC curve for ANN, Nomogram, DUT,
RPS9 and KIAA0430 (left), and AUC comparison between models and genes. B) Diagnostic e�cacies for
the models and genes. YI=Youden index, PPV=positive predictive value, and NPV=negative predictive
value.
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Figure 8

Regulation of mid-secretory macrophage mechanisms. Macrophage polarization can ameliorate
endometrial receptivity through regulation of hub genes, DUT, RPS9, and KIAA0430, mediating ribosomal
as well as proteasomal pathways for endometrial decidualization.
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