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Abstract

The role of the endometrial microbiome in embryo implantation remains incompletely
understood. While most studies have focused on taxonomic composition and Lactobacillus
dominance, the ecological organization of microbial communities associated with implanta-
tion success has received limited attention. The aim of this study was to investigate whether
implantation outcome following euploid embryo transfer is associated with differences
in endometrial microbial network structure and community organization. Endometrial
biopsies collected during the window of implantation from 95 women undergoing subse-
quent euploid embryo transfer were analyzed using 16S rRNA gene sequencing. Microbial
diversity, co-occurrence networks, community structure, hub taxa, network robustness,
and microbial association patterns were evaluated. The Pregnant group demonstrated a
more interconnected microbial network with a greater number of significant associations,
larger ecological modules, and increased network integration than the Non-pregnant group.
Seventeen microbial associations were unique to the Pregnant network, whereas eleven
were unique to the Non-pregnant network, indicating implantation-associated ecological
rewiring. Lactobacillus-centered association patterns also differed between groups. These
findings suggest that successful implantation is associated with coordinated endometrial
microbial community organization rather than changes in individual taxa. Microbial
network structure may represent a novel dimension of endometrial receptivity assessment.

Keywords: endometrial microbiome; implantation success; microbial ecology; co-occurrence
network; microbial community structure; euploid embryo transfer; endometrial receptivity;
Lactobacillus

1. Introduction

Endometrial receptivity emerges from the coordinated interaction of multiple biologi-
cal systems rather than from the activity of individual cellular or molecular components
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alone [1-3]. Although embryo quality remains a major determinant of reproductive suc-
cess, implantation ultimately depends on the ability of the endometrium to establish a
receptive microenvironment capable of supporting embryo attachment, invasion, and
maternal-fetal communication [3,4].

The development of next-generation sequencing (NGS) technologies has challenged
the long-standing concept of the sterile uterine cavity. Several studies have demonstrated
the presence of a distinct endometrial microbiome, revealing microbial communities that
differ from those found in the vagina and may influence reproductive function [5,6]. Partic-
ular attention has been given to Lactobacillus, which is frequently the dominant genus in the
reproductive tract [7] and has been associated with favorable implantation and pregnancy
outcomes in several IVF studies [5,8,9]. Conversely, reduced Lactobacillus abundance and
increased microbial diversity have frequently been interpreted as indicators of dysbiosis
and potentially impaired endometrial receptivity [5,9,10]. More recently, associations be-
tween the endometrial microbiome and local immune cell distribution during the window
of implantation have been reported, suggesting that microbial communities may contribute
to endometrial receptivity through interactions with the local immune environment [11].

Despite growing interest in the endometrial microbiome, the majority of published
studies have focused primarily on taxonomic composition, relative abundance, and Lac-
tobacillus dominance. However, microbial communities function as complex ecological
systems in which microorganisms continuously interact through cooperative and competi-
tive relationships that may influence community stability and biological function [12,13].
Consequently, the biological significance of a microbial community may not be fully ex-
plained by the abundance of individual taxa alone.

In recent years, ecological network approaches have emerged as powerful tools for
studying microbial communities. Co-occurrence network analyses allow the character-
ization of microbial association patterns, community organization, hub taxa, ecological
modules, and network robustness, providing insights beyond conventional abundance-
based analyses [12,14,15]. Such approaches have revealed that alterations in microbial
network architecture may be associated with health and disease states across multiple
biological systems. Importantly, network-based analyses can identify ecological character-
istics that may not be evident from conventional abundance-based approaches. Because
these networks are inferred from statistical correlations, they should be interpreted as
representations of microbial association patterns rather than direct evidence of biological
interactions. Nevertheless, the ecological organization of the endometrial microbiome
remains poorly understood, and data regarding microbial interaction networks in rela-
tion to implantation outcome are scarce. To date, most endometrial microbiome studies
have focused on abundance-based analyses, whereas applications of ecological network
approaches in reproductive microbiome research remain limited.

Interpretation of microbiome—implantation associations is complicated by the major
contribution of embryo quality to implantation outcome. The increasing use of preim-
plantation genetic testing for aneuploidy (PGT-A) provides an opportunity to minimize
embryo-related confounding factors and more specifically investigate the contribution of
the endometrial environment to implantation outcome [16—-18]. In this context, analysis
of women undergoing transfer of a single euploid embryo may provide a more accurate
assessment of endometrial determinants of implantation success.

Therefore, the aim of this study was to investigate whether implantation following
single euploid embryo transfer is associated with differences in the ecological organization
of the endometrial microbiome. In addition to conventional microbiome analyses, we
evaluated microbial co-occurrence association networks, community modules, hub taxa,
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network robustness, and implantation-associated rewiring of microbial interactions to
characterize the ecological features associated with endometrial receptivity.

2. Materials and Methods
2.1. Study Population and Endometrial Sampling

This prospective observational study included 95 women undergoing IVF treatment at
Nadezhda Women’s Health Hospital (Sofia, Bulgaria), between March 2022 and February
2025. All participants underwent an endometrial biopsy during the window of implanta-
tion in a natural menstrual cycle, corresponding to five days after ovulation. Ovulation was
identified by detection of the urinary luteinizing hormone (LH) surge, while the timing of
endometrial sampling within the expected window of implantation was confirmed by rou-
tine histopathological evaluation [19]. The biopsy cycle was not used for embryo transfer.
Instead, all patients subsequently underwent frozen-thawed transfer of a single euploid
embryo as determined by preimplantation genetic testing for aneuploidy (PGT-A) using
the same standardized hormone replacement protocol, with embryo transfer performed
on progesterone day 5 (P+5), within 6 months after the biopsy. Implantation outcome was
determined by serum human chorionic gonadotropin (hCG) test 14 days after embryo
transfer and used to classify participants into Pregnant and Non-pregnant groups for com-
parative microbiome analyses. Accordingly, women with successful implantation following
single euploid embryo transfer served as the reference (control) group for all comparative
microbiome analyses, whereas women with implantation failure comprised the comparison
group. Thus, microbiome analyses were performed on endometrial samples obtained
before embryo transfer, allowing evaluation of the endometrial microbial environment as a
potential predictor of subsequent implantation outcome.

Endometrial tissue samples were collected using a Pipelle catheter (CCD Laborato-
ries, Paris, France) and immediately processed for microbiome analysis. Women with
histologically confirmed chronic endometritis, clinically evident endometrial pathology
(including endometriosis, adenomyosis, endometrial polyps, endometrial hyperplasia, or
endometrial carcinoma), clinically diagnosed active genital tract infection based on routine
gynecological examination and microbiological testing, antibiotic use within the preceding
three months, or treatment with vaginal medications before biopsy were excluded. Chronic
endometritis was assessed by immunohistochemical detection of CD138-positive plasma
cells as part of the routine histopathological evaluation according to established diagnostic
criteria. Endometrial biopsies were obtained before embryo transfer and prior to initiation
of any additional implantation-directed microbiome-modulating treatment.

All participants provided written informed consent prior to enrollment. The study
was conducted in accordance with the Declaration of Helsinki and was approved by
the Institutional Review Board of Nadezhda Women’s Health Hospital (Approval No.
56/29.12.2020).

2.2. 16S rRNA Gene Amplicon Sequencing

Endometrial microbial communities were characterized by sequencing of the bacte-
rial 16S rRNA gene. Total genomic DNA was extracted from endometrial biopsy speci-
mens using the Quick-DNA Fecal/Soil Microbe Microprep Kit (Zymo Research, Irvine,
CA, USA) according to the manufacturer’s instructions. DNA concentration and purity
were assessed using a NanoDrop™ 2000c spectrophotometer (Thermo Fisher Scientific,
Waltham, MA, USA).

The hypervariable V4-V5 region of the bacterial 165 rRNA gene was amplified using
the universal primer pair 515F/907R [20,21]. PCR products were verified by agarose gel
electrophoresis, purified, quantified, and pooled at equimolar concentrations for library
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preparation. Paired-end sequencing (2 x 250 bp) was performed by Novogene Co., Ltd.
(Cambridge, UK) on the Illumina HiSeq platform, with a minimum target sequencing depth
of approximately 30,000 paired-end reads per sample.

Because the endometrium represents a low-biomass microbial niche, particular atten-
tion was paid to minimizing environmental and reagent-derived contamination throughout
sample collection and laboratory processing. Endometrial biopsies were obtained under
sterile conditions using sterile Pipelle catheters following careful cervical cleansing, and
all subsequent sample handling was performed using sterile consumables and aseptic
laboratory procedures.

To monitor potential background contamination, three negative controls were pro-
cessed in parallel with the clinical specimens: (i) sterile distilled water, (ii) sterile phosphate-
buffered saline (PBS) (VWR, Radnor, PA, USA) used for sample preservation, and
(iii) PBS subjected to the complete workflow including DNA extraction, PCR amplifi-
cation, library preparation, and sequencing. In addition to their qualitative evaluation, a
prevalence-based contamination screening was performed using the decontam R package
(method = “prevalence”), incorporating the negative controls together with the clinical sam-
ples. Candidate contaminant ASVs were considered robust candidates only when they were
identified by the prevalence-based decontam algorithm and showed both higher prevalence
and higher mean relative abundance in the negative controls than in the clinical samples.
ASVs meeting all three criteria were considered robust candidate contaminants and were
subsequently mapped to their assigned taxa; multiple ASVs sharing the same taxonomic
assignment were summarized at the corresponding taxon level. The identified candidate
contaminants were subsequently compared with the taxa retained for downstream abun-
dance and network analyses. This assessment indicated that the candidate contaminant
features did not correspond to the principal taxa supporting the main abundance- and
network-based findings of the study. Because only three negative extraction controls were
available and the endometrium represents a low-biomass microbial environment, candidate
contaminant classifications were interpreted conservatively and were used primarily to
assess the robustness of the downstream analyses rather than as definitive evidence of
technical contamination.

Sample-level sequencing quality metrics for all clinical samples and negative controls
are provided in Supplementary Table S1, including raw paired-end reads, merged reads
(Combined), reads retained after quality filtering (Qualified), and non-chimeric reads
(Nochime). For alpha diversity analyses, sequencing depth was normalized by rarefaction
to 10,355 reads per sample.

2.3. Bioinformatics Processing

Raw paired-end sequencing data were processed using the QIIME2 platform [22].
Demultiplexed reads were quality filtered, denoised, merged, and screened for chimeric se-
quences using the DADA?2 algorithm, which reconstructs exact amplicon sequence variants
(ASVs) without clustering reads into operational taxonomic units (OTUs) [23,24].

Taxonomic classification was performed using the classify-sklearn plugin implemented
in QIIME2 [25] and a pre-trained Naive Bayes classifier against the SILVA SSU rRNA
reference database (release 138.2) [26,27]. Taxonomic assignments were generated across
multiple hierarchical levels, including phylum, class, order, family, genus, and species.

Although ASV inference provides substantially higher sequence resolution than
conventional OTU-based approaches, reliable species-level classification from short-read
V4-V5 amplicons remains limited for numerous bacterial taxa. Consequently, downstream
ecological analyses were performed primarily at the genus level, where taxonomic assign-
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ments are considered more robust and less susceptible to misclassification, particularly in
low-biomass microbiome studies [24,28].

To minimize technical bias arising from differences in sequencing depth, ASV abun-
dance tables were normalized prior to downstream statistical analyses. Genera were
ranked according to their mean relative abundance across all samples, and the 30 most
abundant annotated genera were retained for network construction and comparative anal-
yses. Species-level analyses were restricted to taxa detected in at least 20% of samples to
reduce data sparsity and improve the robustness of correlation-based analyses.

As an additional quality-control step, the prevalence-based contamination assessment
described above was performed prior to downstream statistical analyses to evaluate the
potential influence of background contaminants on the taxa retained for ecological analyses.

2.4. Network Construction

Microbial co-occurrence networks were constructed to characterize ecological rela-
tionships among the dominant members of the endometrial microbiome. To reduce the
influence of low-prevalence taxa and improve network stability, analyses were restricted to
the 30 most abundant bacterial genera, ranked according to their mean relative abundance
across all study samples.

Pairwise associations between bacterial genera were evaluated separately in the preg-
nant and non-pregnant groups using Spearman’s rank correlation coefficient, which is well
suited for microbiome datasets because it does not assume normally distributed variables
and is robust to monotonic relationships [12,29]. Correlations with an absolute Spearman’s
coefficient (1 p 1) > 0.50 and a nominal p < 0.05 were retained for network construction.
Positive correlations were interpreted as potential co-occurrence relationships, whereas
negative correlations were considered indicative of mutual exclusion patterns. Correlation
networks were represented as undirected weighted graphs, where nodes corresponded to
bacterial genera and edges represented significant pairwise associations.

Network analyses were performed in R (version 4.4.2) using the igraph package for
network construction and topological analyses [30], tidygraph for graph manipulation, and
ggraph for network visualization. Global network topology was characterized by calculat-
ing the number of nodes and edges, network density, mean degree, clustering coefficient
(transitivity), connected components, graph diameter, and modularity. Community struc-
ture was identified using the Louvain algorithm, which partitions networks by maximizing
modularity [31]. The default resolution parameter implemented in the igraph package
(resolution = 1.0) was used because the primary objective was descriptive comparison
of community organization rather than optimization of community partitioning. Node
importance within each microbial network was evaluated using degree centrality, allowing
identification of highly connected genera potentially contributing to overall network orga-
nization. Network robustness was evaluated by sequential node removal simulations. In
targeted attack simulations, nodes were removed in descending order of degree centrality,
whereas in random attack simulations nodes were removed in random order. After each
removal step, the relative size of the largest connected component was calculated as a
measure of network robustness. Sequential node removal continued until all nodes had
been removed.

To compare microbial community organization between implantation outcome groups,
the numbers of shared and group-specific microbial associations, together with differences
in network topology and community structure, were evaluated. Network visualization
was performed using the ggraph package, with node size proportional to degree centrality
and edge width proportional to the absolute value of Spearman’s correlation coefficient.
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2.5. Statistical Analysis

Statistical analyses were conducted in R version 4.4.2 (R Foundation for Statisti-
cal Computing, Vienna, Austria) and IBM SPSS Statistics version 21.0 (IBM Corp., Ar-
monk, NY, USA). Taxonomic abundance data were imported into R and processed for
downstream analyses. Where appropriate, low-prevalence genera were excluded to limit
sparsity. Relative abundance values were used in diversity, differential abundance, and
network analyses.

The distribution of continuous variables was examined using the Kolmogorov-
Smirnov test. Between-group comparisons were performed with Student’s t-test for approx-
imately normally distributed variables and with the Mann-Whitney U test for non-normally
distributed variables. Categorical variables were analyzed using the chi-square test or
Fisher’s exact test, depending on expected cell frequencies.

Differences in overall microbial community composition were assessed by permuta-
tional multivariate analysis of variance (PERMANOVA). Associations between microbial
taxa were quantified using Spearman’s rank correlation coefficients. Between-group differ-
ences in correlation coefficients were examined using Fisher’s z-transformation, followed
by Benjamini—-Hochberg correction of the resulting p-values. Network centrality was
characterized using degree, strength, betweenness, closeness, and eigenvector centrality.

The Benjamini-Hochberg procedure was applied to control the false discovery rate in
analyses involving multiple comparisons. Adjusted p-values below 0.05 were considered
statistically significant. Continuous data are reported as mean =+ standard deviation or as
median and interquartile range, according to their distribution.

3. Results
3.1. Patient Characteristics

The study included 95 women undergoing single euploid embryo transfer following
IVF treatment, comprising 51 women in the Non-pregnant group and 44 women in the

Pregnant group. Baseline demographic, reproductive, and treatment-related characteristics
are summarized in Table 1.

Table 1. Baseline demographic, reproductive, and treatment characteristics of the study population
according to implantation outcome.

- Non-Pregnant Pregnant
Characteristic (1 = 51) (= 44) p-Value
Age (years) 36.6 = 4.9 36.6 £ 5.1 0.324
BMI (kg/m?) 244 +37 23.7 +£35 0.418
Previous IVF cycles, n 241 +£1.49 2.09 +£1.31 0.292
Previous embryo transfers, n 3.10 £ 1.79 2.66 &= 1.60 0.233
Previous miscarriages, n 098 £1.21 0.75 £ 0.94 0.396
Endometrial thickness at ET (mm) 9.40 £+ 1.60 9.68 + 1.55 0.291
Time between biopsy and embryo 390 4 1.82 3.03 & 1.60 0.565

transfer (months)

Values are presented as mean + standard deviation (SD). Continuous variables were compared using the
Mann-Whitney U test, while categorical variables were compared using the %2 test or Fisher’s exact test,
as appropriate.

No statistically significant differences were observed between the two groups with
respect to age, body mass index (BMI), previous IVF cycles, previous embryo trans-
fers, reproductive history, endometrial thickness at embryo transfer, or time between
biopsy and embryo transfer (all p > 0.05). These findings indicate that the study groups
were comparable with respect to the evaluated baseline clinical characteristics prior to
embryo transfer.
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3.2. Alpha-Diversity Analysis of the Endometrial Microbiome

Alpha-diversity metrics were compared between the Pregnant and Non-pregnant
groups using indices reflecting microbial richness, diversity, evenness, and sequencing
coverage (Figure 1). No statistically significant differences were observed for Chaol rich-
ness, observed features, Shannon diversity, Simpson diversity, Pielou’s evenness, or Good’s
coverage between implantation outcome groups. These findings indicate that overall
within-sample microbial diversity was comparable between women with successful im-
plantation and those with implantation failure.

A Chao1 richness B Observed features (o] Shannon index
500 6
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Figure 1. Alpha-diversity indices of the endometrial microbiome according to implantation outcome.
(A) Chaol richness; (B) Observed features; (C) Shannon index; (D) Simpson index; (E) Pielou’s evenness;
(F) Dominance index. Boxplots indicate the median and interquartile range, whiskers extend to 1.5x
the interquartile range, and dots represent individual samples. Comparisons between the Pregnant
(n = 44) and Non-pregnant (n = 51) groups were performed using the Mann-Whitney U test.

In both groups, relatively low Shannon diversity (1.03-1.13) and Simpson diversity
(0.27-0.28), together with low Pielou’s evenness (0.19-0.21) and high dominance values
(0.72-0.73), indicate microbial communities dominated by a limited number of bacterial
taxa rather than highly diverse communities.

3.3. Beta Diversity and Endometrial Microbiome Composition According to Implantation Outcome

Beta-diversity analyses based on Bray—Curtis dissimilarity and unweighted UniFrac
distances revealed substantial overlap between implantation outcome groups (Figure 2A,B).
Visual examination of the PCoA plots did not demonstrate clear clustering according to
implantation outcome, suggesting that overall microbial community composition differed
only modestly between groups. Consistent with these observations, permutational multi-
variate analysis of variance (PERMANOVA) based on Bray—Curtis dissimilarity did not
identify significant differences in overall microbial community composition between the
Pregnant and Non-pregnant groups (R? = 0.011, p = 0.298). These results indicate that
implantation outcome explained only a small proportion of the variation in endometrial
microbial community composition.
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Figure 2. Beta-diversity and conventional taxonomic analyses of the endometrial microbiome ac-
cording to implantation outcome. (A) Principal coordinates analysis (PCoA) based on Bray—Curtis
dissimilarity (PERMANOVA: R2=0.011, p = 0.298). (B) Principal coordinates analysis (PCoA) based
on unweighted UniFrac distances (PERMANOVA: R? = 0.004, p = 0.773). Ellipses represent the
dispersion of samples within each implantation outcome group. (C) Relative abundance of Lacto-
bacillus in women with successful implantation (Pregnant) and implantation failure (Non-pregnant).
Lactobacillus remained the predominant genus in both implantation outcome groups and showed
a higher mean relative abundance in the Pregnant group, although the difference did not reach
statistical significance (Mann-Whitney test, p = 0.328). (D) Relative abundance of Peptoniphilus, the
genus showing the strongest association with implantation outcome among the top 30 most abundant
genera. Increased abundance was observed in a subset of Non-pregnant samples (Mann-Whitney
test, p = 0.011; FDR = 0.354). The y-axis is presented on a logarithmic scale.

The endometrial microbiome demonstrated substantial inter-individual variability
in both implantation outcome groups. Lactobacillus represented the predominant genus
in both implantation outcome groups and showed a higher mean relative abundance in
the Pregnant group compared with the Non-pregnant group (46.4% vs. 36.1%, respec-
tively). However, this difference did not reach statistical significance (Mann-Whitney test,
p = 0.328; Figure 2C). The mean taxonomic composition of the endometrial microbiome at
the phylum and genus levels highlights the predominance of Bacillota and Lactobacillus in
both implantation outcome groups (Appendix A Figure Al).

Among the 30 most abundant genera, Peptoniphilus exhibited the strongest association
with implantation outcome. Elevated relative abundance of this genus was observed in a
subset of Non-pregnant samples, whereas Pregnant samples generally demonstrated con-
sistently low abundance levels (Mann-Whitney test, p = 0.011; Figure 2D). Peptoniphilus was
nominally significant before FDR correction but did not remain significant after multiple-
testing correction (FDR = 0.354). No other genera remained significant after correction for
multiple testing.
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A prevalence-based contamination screening using the negative extraction controls
identified 14 conservatively defined candidate contaminant features, corresponding pre-
dominantly to genera commonly reported as laboratory contaminants, including Ser-
ratia, Sphingomonas, Methylobacterium, Acinetobacter, Bradyrhizobium, and Cutibacterium
(Appendix A Table Al). Although several of these genera were also present among the
30 most abundant taxa, the candidate contaminant ASVs represented only a small pro-
portion of all ASVs assigned to the candidate-associated genera included in the Top
30 (2.6-7.5%), indicating that only a subset of ASVs within these genera was classified
as potential contaminants. Furthermore, none corresponded to statistically significant
differentially abundant taxa, none were identified as principal hub taxa, and they were
not major contributors to the principal network characteristics underlying the biological
conclusions of this study.

3.4. Endometrial Microbial Network Structure According to Implantation Outcome

Although conventional abundance-based analyses revealed only limited differences
between implantation outcome groups after multiple-testing correction, microbial asso-
ciation network analysis was subsequently performed to determine whether variation in
community organization could also be identified. All correlations retained in the final
microbial association networks remained statistically significant after Benjamini-Hochberg
correction for multiple testing (FDR < 0.05), indicating that the reported network edges
were not driven by nominal significance alone. To investigate whether implantation out-
come is associated with differences in microbial community organization, correlation-based
microbial networks were constructed separately for the Pregnant and Non-pregnant groups
using significant Spearman correlations among the most abundant endometrial genera.

Visual inspection of the resulting networks suggested differences in network topology
between implantation outcome groups (Figure 3). The Pregnant network showed a trend
toward a denser and more interconnected structure, whereas the Non-pregnant network
appeared more fragmented and characterized by fewer microbial associations.

Non-pregnant microbial correlation network Pregnant microbial correlation network
Edges: |Spearman rho| 2 0.5 and p < 0.05 Edges: |[Spearman rho| 2 0.5 and p < 0.05
Pseudocgrobactrum F:arabacteriodes

Slaphylc:coccus
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Methylﬁbacterium
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e 20 +@cs o209 :+@c5

Figure 3. Comparison of microbial correlation networks according to implantation outcome. Mi-
crobial co-occurrence networks constructed using significant Spearman correlations (I1p! > 0.5,
p < 0.05) among the analyzed endometrial genera. Networks are shown separately for Pregnant and
Non-pregnant groups. Node size reflects degree centrality.
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Network topology analysis was consistent with these observations (Table 2). The
Pregnant network contained more nodes (21 vs. 19) and edges (28 vs. 22) than the Non-
pregnant network, resulting in a slightly higher network density (0.133 vs. 0.129) and
average degree (2.667 vs. 2.316). The average association strength was also higher in the
Pregnant group (1.643 vs. 1.413), indicating stronger microbial associations.

Table 2. Network topology characteristics of endometrial microbial co-occurrence networks according
to implantation outcome.

Metric Non-Pregnant (n = 51) P(:filzgt
Nodes 19 21
Edges 22 28
Positive edges 21 27
Negative edges 1 1
Density 0.129 0.133
Average degree 2.316 2.667
Clustering coefficient 0.500 0.522
Modularity 0.623 0.457
Mean path length 1.577 1.272
Degree centralization 0.149 0.217

Microbial co-occurrence networks were constructed separately for the Pregnant and Non-pregnant groups using
significant Spearman correlations among genus-level relative abundance profiles. Edges were retained when
Ipl >0.5and p <0.05. Network topology metrics were calculated using graph-theoretical analysis.

Furthermore, the Pregnant network exhibited a slightly higher clustering coefficient
(0.522 vs. 0.500) and degree centralization (0.217 vs. 0.149), consistent with a trend toward
a more cohesive network organization. The taxa exhibiting the highest degree centrality
within each implantation outcome network are presented in Figure A2. In contrast, the
Non-pregnant network showed higher modularity (0.623 vs. 0.457), consistent with a more
compartmentalized community structure. The shorter mean path length observed in the
Pregnant network (1.272 vs. 1.577) further indicated more efficient connectivity among
microbial taxa.

Overall, the collective pattern across multiple complementary network characteristics
consistently supported a more integrated microbial association architecture in the Preg-
nant group, whereas the Non-pregnant group exhibited a more fragmented pattern of
microbial associations.

3.5. Distribution of Positive and Negative Microbial Associations

To further characterize the nature of microbial associations, significant correlations
were classified as positive or negative according to the sign of the Spearman correlation
coefficient. The Pregnant network contained a greater number of positive associations than
the Non-pregnant network (27 vs. 21), whereas only a single negative association was
identified in each group (Table 2).

These findings indicate that positive microbial associations predominated in both
implantation outcome groups. However, the Pregnant group exhibited a greater overall
number of significant microbial associations than the Non-pregnant group.

3.6. Implantation-Associated Microbial Network Rewiring

To characterize implantation-associated changes in microbial ecological organization,
significant microbial associations identified in the two groups were compared.

A total of 13 microbial associations were shared between Pregnant and Non-pregnant
networks, while 17 associations were unique to the Pregnant group and 11 were unique to
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the Non-pregnant group (Figure 4A). These findings indicate substantial network rewiring
associated with implantation outcome.
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Figure 4. Implantation-associated microbial network rewiring. (A) Shared and group-specific
microbial associations identified in Pregnant and Non-pregnant networks. (B) Top group-specific

microbial associations according to implantation outcome.

Examination of group-specific microbial associations revealed distinct patterns within
the Pregnant network. Several implantation-associated correlations involved taxa such as
Akkermansia, Allobaculum, Blastocatella, Delftia and unclassified Muribaculaceae, suggesting
that successful implantation is accompanied by reorganization of microbial association
patterns rather than simple changes in individual taxon abundance (Figure 4B).

Community-level analysis further supported this observation. Taxa frequently
changed module membership between the Pregnant and Non-pregnant networks, in-
dicating extensive restructuring of microbial community organization beyond individual
pairwise associations (Figure A3).

3.7. Differential Lactobacillus-Associated Correlation Patterns

Given the proposed role of Lactobacillus in endometrial receptivity, we next examined
implantation-associated changes in microbial associations involving Lactobacillus.

Comparison of correlation coefficients between groups demonstrated substantial
rewiring of Lactobacillus-associated ecological relationships (Figure 5). Several genera, includ-
ing Pseudochrobactrum, Finegoldia, Acinetobacter, Brevundimonas, Ureaplasma and Anaerococcus,
exhibited more positive (or less negative) correlations with Lactobacillus in the Pregnant group.
In contrast, Cupriavidus, Cutibacterium, Gardnerella, Cloacibacterium, Allobaculum, Methylobac-
terium and Bifidobacterium demonstrated relatively weaker or negative associations.

These findings suggest that implantation success may be associated not only with
the abundance of Lactobacillus itself, but also with the ecological context reflected by its
associations with other members of the endometrial microbiome.
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Figure 5. Differential Lactobacillus-centered microbial associations between implantation outcome
groups. Bar plot showing delta Spearman correlation coefficients (Pregnant rho—Non-pregnant
rho) for microbial associations involving Lactobacillus. Positive Delta rho values indicate that the
Lactobacillus—taxon correlation is more positive (or less negative) in the Pregnant group than in the
Non-pregnant group, whereas negative values indicate the opposite.

3.8. Hub Taxa and Network Robustness

To identify taxa occupying central ecological positions within microbial communities,
network centrality analyses were performed. Composite hub scores integrating degree,
strength, betweenness, closeness and eigenvector centrality measures identified distinct
hub taxa profiles between implantation outcome groups (Figure 6).

While several central taxa were detected in both networks, including unclassified
Muribaculaceae and Bacteroides, the Pregnant network demonstrated increased centrality of
Akkermansia, Allobaculum and Delftia, suggesting a more hierarchical microbial organization
associated with successful implantation.

Network robustness simulations further demonstrated marked differences between
groups (Figure 6). During targeted removal of highly connected taxa, the Pregnant net-
work fragmented more rapidly, indicating greater apparent dependence on key hub taxa
(Figure 7A). Conversely, under random node removal, the Pregnant network maintained a
larger connected component over a broader range of perturbations, suggesting increased
ecological resilience (Figure 7B).

Together, these findings indicate that successful implantation is associated with a mi-
crobial network characterized by stronger ecological integration, increased hub dependency
and greater resistance to random perturbations.

The ranking of hub taxa identified in the Non-pregnant and Pregnant microbial net-
works, together with their degree and composite hub scores, is summarized in Appendix A
Table A2.
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Figure 6. Hub taxa ranking based on composite microbial network centrality analysis. Taxa ranked
according to a composite hub score integrating degree, strength, betweenness, closeness, and eigen-
vector centrality measures within the microbial networks.
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Figure 7. Robustness and resilience of endometrial microbial networks according to implantation
outcome. (A) Network robustness following targeted removal of highly connected taxa. (B) Network
robustness following random node removal. Changes in the size of the largest connected network
component following sequential node removal simulations.

4. Discussion

The present study investigated the relationship between the endometrial microbiome
and implantation outcome following transfer of a single euploid embryo. By focus-
ing on women undergoing single euploid embryo transfer, the study design reduced
embryo-related confounding and allowed a more specific evaluation of the endometrial
microbial environment as a potential contributor to implantation success. This is par-
ticularly relevant because previous studies have shown that embryo aneuploidy and
embryo-related factors account for a substantial proportion of implantation failure, whereas
true recurrent implantation failure after repeated euploid embryo transfer appears to be
relatively uncommon [16,17].

Most previous studies on the endometrial microbiome in IVF have focused on tax-
onomic composition, overall microbial diversity, and Lactobacillus dominance. Moreno
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et al. reported that a non-Lactobacillus-dominated endometrial microbiota was associated
with impaired implantation, pregnancy, and live birth outcomes, supporting the concept
that endometrial microbial composition may influence reproductive success [5]. Similarly,
Kyono et al. reported pregnancy outcome differences according to Lactobacillus-dominated
and non-Lactobacillus-dominated endometrial microbiota profiles in infertile patients [7].
However, other studies have produced less consistent findings. Franasiak et al. demon-
strated that the endometrial microbiome can be characterized at the time of embryo transfer
but did not establish a simple taxonomic signature that reliably predicts implantation
outcome [6]. Hashimoto et al. further reported comparable pregnancy rates between
women with eubiotic and dysbiotic endometrial profiles in an IVF setting, suggesting that
Lactobacillus dominance alone may not fully explain implantation success [32]. Our previ-
ous prospective cohort study similarly demonstrated an association between endometrial
microbiome composition and implantation outcome following frozen embryo transfer,
supporting the concept that microbial community characteristics may influence repro-
ductive success [9]. Collectively, these observations suggest that implantation-associated
microbiome variation may extend beyond differences in individual taxa and may involve
broader ecological characteristics of microbial community organization.

Our findings are consistent with this interpretation. Lactobacillus remained the predom-
inant genus in both implantation outcome groups and showed a higher mean relative abun-
dance in the Pregnant group, although the difference did not reach statistical significance
(Figure 2A). Similarly, alpha-diversity and beta-diversity analyses did not demonstrate
major separation between implantation outcome groups (Figures 1 and 2). These results
indicate that conventional microbiome metrics captured only limited differences associated
with implantation outcome. Importantly, the strongest nominal taxonomic signal was
observed for Peptoniphilus, which was enriched in a subset of Non-pregnant samples, but
this finding did not remain significant after correction for multiple testing. Therefore,
the present results do not support a simple abundance-based model of implantation out-
come. The limited differences detected by conventional diversity and abundance-based
analyses provided the rationale for examining whether implantation-associated variation
might instead be reflected in the organization of microbial associations. In this context,
the network analysis was used as a complementary ecological approach rather than as a
substitute for standard taxonomic analyses. These findings do not diminish the recognized
importance of Lactobacillus in endometrial receptivity but suggest that its relative abun-
dance alone does not fully explain implantation outcome in the present cohort. Instead,
implantation-associated differences were more evident at the level of microbial correlations
than at the level of individual taxon abundance, suggesting that ecological context may
provide complementary information beyond abundance alone.

The main finding of this study is that implantation outcome was associated with
marked differences in microbial network organization, with the Pregnant group exhibit-
ing a more integrated and interconnected ecological structure. Notably, these ecological
differences were observed despite the predominance of Lactobacillus in both implantation
outcome groups, suggesting that microbial community organization may capture aspects
of endometrial ecology that are not fully reflected by conventional abundance-based tax-
onomic analyses. Moreover, only thirteen microbial associations were shared between
the two networks, whereas twenty-eight associations were group-specific. These findings
indicate substantial microbial network rewiring in relation to implantation outcome.

Microbial communities are increasingly recognized as complex ecological systems in
which community function may emerge from interactions among taxa rather than from
the abundance of individual organisms alone. Co-occurrence network approaches have
been widely used to infer potential cooperative, competitive, or shared-niche relationships
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among microorganisms and to identify community structure, hub taxa, and ecological
modules [12,13,15]. Although correlation-based networks do not prove direct biological
interactions, they provide a useful framework for identifying community-level organi-
zation and generating hypotheses about ecological structure. Interestingly, our previous
studies focusing on taxonomic composition and immune-microbiome associations identi-
fied implantation-related differences that could not be fully explained by individual taxa
alone [9,11], providing additional rationale for the ecosystem-level approach used in the
present study. In this context, the more integrated network observed in the Pregnant group
may reflect a more coordinated microbial ecosystem associated with endometrial recep-
tivity. However, increased structural integration should not be interpreted as inherently
beneficial. In microbial ecology, highly connected networks may also arise in dysbiotic com-
munities or polymicrobial biofilms through increased ecological interdependence among
opportunistic microorganisms [12,15,29]. Therefore, the present findings should be inter-
preted as evidence of differences in microbial community organization rather than direct
evidence that greater network connectivity itself promotes implantation. The functional
significance of the observed ecological architecture remains to be established through fu-
ture studies integrating microbial association networks with functional, metabolomic, and
host-response data.

Although the sequencing data were processed using an ASV-based DADA? pipeline,
which provides higher sequence resolution than conventional OTU clustering, the use of
short-read V4-V5 165 rRNA amplicons limits confident species-level taxonomic assign-
ment for many bacterial taxa. Therefore, ecological network analyses were intentionally
performed at the genus level, where taxonomic classification is generally considered more
reliable and less susceptible to misclassification. Genus-level co-occurrence networks
have been widely applied in microbiome research and provide a robust framework for
investigating community organization despite the limited taxonomic resolution inherent
to short-read amplicon sequencing. Species-level ecological analyses based on uncertain
taxonomic assignments could introduce spurious correlations and reduce the biological
interpretability of inferred microbial interaction networks.

Hub taxa analysis further supported the presence of implantation-associated ecological
restructuring. The Pregnant network showed increased centrality of selected taxa, including
Akkermansia, Allobaculum, and Delftia, whereas the Non-pregnant network showed a more
compartmentalized topology. Interestingly, although Lactobacillus was the most abundant
genus in both implantation outcome groups, it did not emerge as a major hub taxon in
either network. This observation highlights the distinction between taxonomic dominance
and ecological centrality, indicating that high relative abundance does not necessarily cor-
respond to a central position within microbial interaction networks. Instead, less abundant
taxa may occupy key topological positions because they participate in a larger number of
ecological relationships. In microbial ecology, highly connected taxa are often interpreted
as potential keystone taxa because they may influence community structure and function
despite not necessarily being the most abundant members of the community [14,15,33].
Therefore, the present findings suggest that taxa occupying central network positions may
contribute to the organization of the endometrial microbial ecosystem, although their func-
tional role in implantation remains unknown. Interestingly, several hub taxa did not exhibit
statistically significant differences in relative abundance between implantation outcome
groups, suggesting that network centrality analysis provides ecological information com-
plementary to conventional abundance-based comparisons. Growing evidence indicates
that reproductive disorders are associated not only with shifts in the relative abundance of
specific endometrial taxa but also with changes in microbial community organization and

https:/ /doi.org/10.3390/microbiolres17080152


https://doi.org/10.3390/microbiolres17080152

Microbiol. Res. 2026, 17, 152

16 of 24

inter-taxon interactions, emphasizing the importance of evaluating the microbiome as an
ecological network rather than as individual taxa alone [34,35].

Network robustness analysis revealed a dual pattern. The Pregnant network showed
greater sensitivity to targeted removal of highly connected taxa, suggesting increased
dependence on hub taxa. At the same time, it showed greater resilience to random node
removal, indicating that the overall network was more resistant to non-selective perturba-
tion. Similar principles have been described in ecological and biological networks, where
integrated systems may be robust to random disturbance but vulnerable to targeted dis-
ruption of central nodes [36,37]. In the present study, this pattern is consistent with the
interpretation that successful implantation is associated with a more structured microbial
community rather than a random collection of taxa.

The biological mechanisms linking microbial network organization to implantation
remain speculative. One possibility is that a more integrated microbial ecosystem con-
tributes to endometrial homeostasis by influencing epithelial barrier function, microbial
metabolite production, local inflammation, or immune cell behavior [38]. Endometrial
dysbiosis has been associated with inflammation-related endometrial changes in women
with reproductive failure, supporting the concept that microbial imbalance may affect
implantation through immune-mediated pathways [39-42]. This concept is further sup-
ported by our recent findings demonstrating associations between endometrial microbiome
composition and the local distribution of immune cell populations during the window of
implantation, suggesting a potential link between microbial community organization and
immune-mediated regulation of endometrial receptivity [11]. This is biologically plausible
because endometrial receptivity depends on tightly regulated immune, epithelial, stromal,
and inflammatory processes. However, the present study did not directly assess microbial
metabolites, immune activation, or causal interactions between bacteria and host tissues;
therefore, these mechanistic links remain hypothetical.

Because the implantation outcome groups were comparable with respect to maternal
age, BMI, and the number of previous IVF cycles, the observed differences in microbial
network organization are unlikely to be explained primarily by these baseline clinical
characteristics. Nevertheless, future studies involving larger cohorts and multivariable
network analyses will be important to further evaluate the contribution of host clinical
factors to microbial community organization.

Several limitations should be acknowledged. First, this was an observational study
and cannot establish causality. Second, microbial networks inferred from correlation anal-
yses describe structural organization rather than direct functional interactions among
microorganisms, and compositional data structure may influence correlation-based net-
work inference. Consequently, increased network connectivity should not be interpreted
as evidence of functionally beneficial microbial interactions. In addition, the ecological
network characteristics evaluated in the present study were derived at the cohort level and
therefore cannot be directly calculated or interpreted from a single patient sample. Conse-
quently, the identified network signatures should currently be regarded as population-level
characteristics of microbial community organization rather than immediately applicable
clinical biomarkers. Third, although ASV inference using the DADA2 algorithm improves
sequence resolution compared with traditional OTU-based approaches, short-read V4-V5
16S rRNA sequencing still provides limited taxonomic resolution and does not permit
confident species-level classification for many bacterial taxa. Consequently, ecological
analyses were performed at the genus level, and future studies employing full-length 16S
rRNA sequencing or shotgun metagenomics will be important to validate and extend
these findings at higher taxonomic resolution while also providing functional insights into
microbial communities. Moreover, ecological relationships inferred at the genus level may
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mask species-specific relationships, particularly within taxonomically diverse genera such
as Lactobacillus, whose members differ substantially in their host interactions, metabolic
and immunomodulatory properties. Therefore, the ecological associations reported in
the present study should be interpreted as genus-level patterns rather than direct evi-
dence of species- or strain-specific interactions. Fourth, although the present cohort is
comparable to or larger than many previously published endometrial microbiome studies,
the sample size may have limited statistical power to detect subtle taxonomic differences
and may also influence the stability of correlation-derived microbial network topology.
Consequently, the observed network organization should be considered exploratory and
hypothesis-generating until confirmed in larger independent cohorts and future network
stability analyses. Fifth, interpretation of endometrial microbiome studies remains challeng-
ing because the endometrium represents a low-biomass microbial environment in which
contamination from reagents, sampling procedures, and laboratory handling may substan-
tially influence sequencing-based analyses. To address this issue, negative controls were
processed throughout the analytical workflow, and an additional prevalence-based contam-
ination screening was performed using the decontam algorithm. This analysis identified a
limited number of conservatively defined candidate contaminant features, corresponding
predominantly to genera previously reported as common laboratory contaminants. Im-
portantly, these taxa did not overlap with the principal statistically supported findings or
the hub taxa underlying the ecological network analyses, providing additional confidence
that the main biological conclusions of the present study are unlikely to be driven by back-
ground contamination. Nevertheless, contamination remains an important methodological
consideration in endometrial microbiome research [28,43]. Finally, although restricting the
study to frozen-thawed transfer of a single euploid embryo using a standardized hormone
replacement protocol substantially reduced embryo- and treatment-related confounding,
implantation remains a multifactorial process influenced by endometrial, embryonic, im-
munological, hormonal, and clinical factors. In addition, potentially relevant variables
such as the underlying cause of infertility and blastocyst morphology were not specifically
evaluated in the present analyses and may have contributed to residual confounding.

Despite these limitations, the present study provides evidence that implantation
outcome following single euploid embryo transfer is associated with differences in the
ecological organization of the endometrial microbiome. To our knowledge, this is among
the first studies to evaluate microbial co-occurrence networks, hub taxa, network rewiring,
module organization, and network robustness in relation to implantation outcome after
euploid embryo transfer. However, these network signatures are not yet suitable for clinical
implementation. Future studies should validate these findings in independent cohorts and
integrate microbiome data with immune profiling, metabolomics, and clinical variables
to determine whether microbial network features can improve prediction or mechanistic
understanding of endometrial receptivity.

5. Conclusions

Successful implantation following single euploid embryo transfer was associated
with substantial differences in the ecological organization of the endometrial microbiome.
Ecological network analyses demonstrated increased connectivity, distinct hub taxa, greater
network integration, and implantation-associated rewiring of microbial associations in the
Pregnant group. These findings suggest that implantation-associated variation in the en-
dometrial microbiome may be more readily captured by microbial community organization
than by the abundance of individual taxa alone.

Together with previous evidence linking the endometrial microbiome to implantation
outcome and local immune regulation, the present findings support the concept that
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successful implantation is associated with a more coordinated endometrial microbial
ecosystem. Future studies integrating microbiome, immune, metabolomic, and clinical data
may help clarify the biological significance of these ecological networks and their potential
contribution to endometrial receptivity.
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Figure Al. Mean taxonomic composition of the endometrial microbiome according to implanta-

tion outcome. Stacked bars show the mean relative abundance of the 10 most abundant taxa at

the (A) phylum and (B) genus levels in the Non-pregnant and Pregnant groups. For each taxo-

nomic level, the left subpanel presents the overall composition, whereas the right subpanel pro-
vides an expanded view of the non-dominant taxa after excluding “Others” and the predominant
taxon—Bacillota at the phylum level and Lactobacillus at the genus level. Taxa in the expanded

subpanels were renormalized to 100% within the remaining microbial fraction.
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Figure A2. Degree centrality of microbial taxa in implantation outcome-specific co-occurrence networks.
Degree centrality values were calculated for all taxa included in the Pregnant and Non-pregnant
microbial co-occurrence networks. Higher degree values indicate a greater number of significant
microbial associations and a more central position within the network. Bar lengths represent the number
of direct connections (degree) identified for each taxon in the corresponding network.

Microbial module switching between implantation outcome networks

20

Number of taxa

Non-pregnant modules Pregnant modules

Figure A3. Microbial module reorganization between Pregnant and Non-pregnant co-occurrence
networks. Alluvial plot illustrating the redistribution of microbial taxa between network modules
identified in the Pregnant and Non-pregnant co-occurrence networks. Each rectangle represents a
network module, while connecting flows indicate taxa shared between modules across implantation
outcome groups. Flow width is proportional to the number of taxa assigned to a given module.
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Table Al. Candidate contaminant features identified using negative extraction controls and

prevalence-based contamination screening.

fp Included in Statistically Contributes to
Identified as P ..
Gen Number of Candidat Top30 Significant Hub Taxon Principal
enus ASVs andicate Abundance Between ub faxo Network
Contaminant . .
Analysis Groups Interpretation
Sphingomonas 2 Yes Yes No No No
Methylobacterium 1 Yes Yes No No No
Tepidimonas 1 Yes No No No No
Brevundimonas 1 Yes Yes No No No
Serratia 1 Yes No No No No
Uﬁclusszﬁed 1 Yes No No No No
Micrococcaceae
Bradyrhizobium 1 Yes No No No No
Faecalibacterium 1 Yes No No No No
Acinetobacter 3 Yes Yes No No No
Sphingopyxis 1 Yes No No No No
Cutibacterium 1 Yes Yes No No No

Candidate contaminant features were identified using the prevalence method implemented in the decontam pack-
age and three negative extraction controls. Candidate features were subsequently mapped to their corresponding
genera and compared with the taxa contributing to the principal abundance- and network-based analyses. None
of the candidate contaminant genera corresponded to statistically significant differentially abundant taxa or hub
taxa identified in the ecological network analyses.

Table A2. Hub taxa ranking based on composite network centrality scores in the Non-pregnant and
Pregnant microbial co-occurrence networks.

Composite
Group Hub Rank Genus Degree Hub
Score
Non-pregnant 1 Bacteroides 5 1.488
2 unclassified_Muribaculaceae 4 1.395
3 Bifidobacterium 3 1.182
4 Parabacteroides 3 0.96
5 Faecalibaculum 4 0.831
6 Fannyhessea 3 0.711
7 Finegoldia 3 0.700
8 Allobaculum 3 0.563
9 Delftia 2 0.370
10 Megasphaera 2 0.185
11 Cloacibacterium 2 0.107
12 Akkermansia 2 0.030
13 Anaerococcus 2 —0.038
14 Brevundimonas 1 —0.188
15 Lactobacillus 1 —0.190
16 Gardnerella 1 —0.194
17 Lactiplantibacillus 1 —0.488
18 Achromobacter 1 —0.492
19 Peptoniphilus 1 —0.557
Pregnant 1 unclassified_Muribaculaceae 7 1.929
2 Akkermansia 6 1.725
3 Allobaculum 7 1.578
4 Delftia 5 1.034
5 Bacteroides 5 0.951
6 Faecalibaculum 4 0.567
7 Fannyhessea 3 0.230
8 Cloacibacterium 1 0.176
9 Pseudochrobactrum 1 0.176
10 unclassified_Chloroplast 3 0.162
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Table A2. Cont.

Composite

Group Hub Rank Genus Degree Hub

Score

11 Blastocatella 2 0.110
12 Bifidobacterium 2 —0.182
13 Gardnerella 2 —0.187
14 Cutibacterium 1 —0.278
15 Staphylococcus 1 —0.278
16 Methylobacterium 1 —0.309
17 Ureaplasma 1 —0.315
18 Parabacteroides 1 —0.449
19 Lactobacillus 1 —0.470
20 Brevundimonas 1 —0.520

Only taxa participating in at least one significant association (degree > 0) are shown. Degree represents the number
of direct connections of each taxon. Composite hub scores were calculated as the mean of the standardized degree,
strength, betweenness, closeness, and eigenvector centrality measures.
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