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Abstract 

Background  Prior studies have elucidated that alterations in gut microbiota are associated with a spectrum 
of tumors and metabolic disorders. However, the diagnostic value of gut microbiota in epithelial ovarian cancer 
remains insufficiently investigated.

Methods  A total of 34 patients with a diagnosis of epithelial ovarian cancer (EOC), 15 patients with benign ovar-
ian tumors (TB), and 30 healthy volunteers (NOR) were enrolled in this study. Fecal samples were collected, followed 
by sequencing of the V3–V4 region of the 16S rRNA gene. The clinical data and pathological characteristics were com-
prehensively recorded for further analysis, PICRUSt2 was utilized to conduct an analysis of microbial functional predic-
tions, WGCNA networks were constructed by integrating microbiome and clinical data. LEfSe analysis was employed 
to identify microbial diagnostic markers, LASSO and SVM analyses were used to screen microbial diagnostic markers 
in conjunction with the Cally index, to establish a Microbial-Cally diagnostic model. Bootstrap resampling was uti-
lized for the internal validation of the model, whereas the Hosmer–Lemeshow test and decision curve analysis (DCA) 
were employed to evaluate the diagnostic performance of the model. Plasma samples were subjected to untargeted 
metabolomics profiling, followed by differential analysis to identify key metabolites that are significantly altered in epi-
thelial ovarian cancer. At the same time, Spearman correlation analysis was used to study the association between key 
microbiota and differential metabolites. The supernatants from Escherichia coli and Bifidobacterium cultures were co-
cultured with SKOV3 cells. Cell proliferation, migration, and invasion were evaluated using Cell Counting Kit-8 (CCK-8) 
assay, Transwell migration and invasion assays. Apoptosis was assessed by flow cytometry analysis of fluorescence 
signals from Annexin V and propidium iodide (PI) staining.

Results  Compared to Nor and TB populations, individuals diagnosed with EOC demonstrated a significantly dimin-
ished gut microbiota diversity when contrasted with both normal controls and those presenting benign conditions. 
Specifically, the relative abundance of Bilophila, Bifidobacterium, and other probiotics was significantly reduced 
in patients diagnosed with epithelial ovarian cancer (EOC), while Escherichia and Shigella demonstrated a marked 
enrichment within this cohort. Differential microorganisms were identified through the application of machine learn-
ing techniques to delineate the characteristic microbial profiles associated with the EOC patients. A significant cor-
relation was identified between the Cally index and microorganisms. In conclusion, we utilized microbial biomarkers 
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alongside the Cally to establish a diagnostic model for epithelial ovarian cancer, receiver operating characteristic 
(ROC) curve Area Under Curve (AUC) of 0.976 (95%CI 0.943–1.00), The AUC obtained from the Bootstrap internal 
validation was 0.974. The Hosmer–Lemeshow test revealed a robust concordance between the observed probabilities 
and the predicted probabilities generated by the model. The decision curve analysis revealed that the model pro-
vided a significant net clinical benefit. A total of 233 differential metabolites were identified between the EOC group 
and the NT (NOR and TB) groups. Among these, eight specific metabolites (HMDB0243492, C09265, HMDB0242046, 
HMDB0240606, C04171, HMDB0060557, HMDB0252797, and C21412) were exclusively derived from the microbi-
ome. Notably, metabolite HMDB0240606 exhibited a significant positive correlation with Escherichia coli and Shigella, 
while it showed a significant negative correlation with Ruminococcus. In vitro studies demonstrated that Bifidobacte-
rium possessed anti-tumor activity, whereas Escherichia coli exhibited pro-tumor activity.

Conclusion  This study provides the inaugural comprehensive analysis of gut microbiota composition and its differ-
ential profiles among patients with epithelial ovarian cancer, those with benign ovarian tumors, and healthy controls 
in Hunan province, China.

Keywords  Epithelial ovarian cancer, Gut microbiota, Enterotype diagnostic model

Introduction
Ovarian cancer is a common malignant tumor disease in 
women, epidemiological surveys show that ovarian can-
cer is the eighth-leading cause of cancer-related death 
among women globally [1]. Approximately 90% of ovar-
ian tumors are of epithelial origin, thereby categorized as 
epithelial ovarian cancer (EOC). The unclear pathogen-
esis, insidious onset of EOC, and lack of effective early 
detection strategies result in ~  75% of patients being 
diagnosed at an advanced stage, which correlates with a 
5-year survival rate below 47% [2]. The late detection of 
the disease can largely explain the high mortality rate of 
ovarian cancer. Therefore, it is essential to find new ear-
lier diagnostic biomarkers of EOC.

Researchers have been focusing on studying the gut 
microbiome in recent years. Previous evidence supports 
that changes in the gut microbiota are significantly asso-
ciated with extraintestinal diseases, such as melanoma 
[3], rheumatoid arthritis [4], and polycystic ovary syn-
drome [5]. Recent evidence reported that gut microbiota 
shapes the liver inflammatory microenvironment through 
the liver–gut axis, thereby promoting the advancement of 
hepatocellular carcinoma (HCC) [6]. Moreover, Intesti-
nal microbial metabolites, including bacteriocins, short-
chain fatty acids, phenylpropane-derived metabolites, 
and secondary bile acids, were identified in multiple 
carcinomas can fine-tune the tumor microenvironment 
through different molecular mechanisms, and drive 
oncobiotic transformation. These studies suggest that 
intestinal microbes play an important role in the occur-
rence and development of tumors. Moreover, David et al. 
observed that Lactobacillus-dominated vaginal commu-
nities were less common in EOC, as compared to existing 
datasets of similarly aged healthy controls [7]. In animal 
models, intestinal dysbiosis upregulates serum levels of 

the proinflammatory cytokine IL-6 and stimulates the 
activation of tumor-associated macrophages in ovarian 
cancer [8], noting that gut microbial may interfere with 
the metabolism modulate the development of EOC.

Currently, the screening methods for EOC mainly rely 
on serum CA125, HE4 detection, and imaging examina-
tion, but the above methods are single and have certain 
limitations. The combined screening of multiple indica-
tors can improve early cancer diagnostic sensitivity and 
reduce the risk of missed diagnosis. With the develop-
ment of detection technology, the intestinal flora can be 
used as a special biomarker and is expected to become 
one of the combined indicators for ovarian cancer 
screening. A recent study showed that the microbiota in 
the fallopian tube of EOC patients is different from that 
of healthy people [9]. However, no study has established 
an EOC diagnostic model based on the gut microbiome.

In this study, we recruited EOC patients (EOC), benign 
ovarian tumor group (TB), and normal controls (Nor) 
and performed the 16S rRNA sequencing of their intesti-
nal floras and examined multiple clinical and serum indi-
cators. Noting that gut microbial differences may affect 
ovarian cancer risk through multiple pathways, we aimed 
to characterize the composition and biological functions 
of the intestinal floras among EOC, TB, and Nor through 
bioinformatic methods. In doing so, we hope to explore 
the differences in gut microbial diversity and elaborate on 
the effectiveness of gut microbiota as a tool for early diag-
nosis of EOC. We predicted the functions of each flora of 
EOC patients, laying the groundwork for the application 
of the intestinal microbiota and related clinical biomark-
ers to the early diagnosis of EOC. In this study, untar-
geted metabolomics analysis was conducted on plasma 
samples from the EOC and NT groups to identify signifi-
cantly differing metabolites between the two groups and 
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investigate potential associations with microbiota. Fur-
thermore, E. coli and Bifidobacterium, which exhibited 
significant differences in abundance between the EOC 
and NT groups, were selected for co-culture experiments 
with ovarian cancer cells. This approach aimed to sys-
tematically explore the specific effects of these bacterial 
metabolites on the proliferation, migration, and apopto-
sis of ovarian cancer cells.

Materials and methods
Study design and specimen collection
This research was a single-center cross-sectional study 
and the design is shown in the following flowchart 
(Fig.  1). Ethical approval was obtained from the Ethics 
Committee of The First Affiliated Hospital of University 
of South China. All methods were conducted in accord-
ance with the Declaration of Helsinki and relevant guide-
lines and regulations. Participants were recruited from 
April to June 2020 in outpatient and inpatient gynecol-
ogy departments. Inclusion criteria: (1) All recruited 
participants were pathologically confirmed for the pres-
ence or absence of ovarian cancer. (2) No concomitant or 

previous malignancy, or gastrointestinal disease (includ-
ing peptic ulcer, inflammatory bowel disease, acute gas-
troenteritis, etc.), pelvic abscess (3) The patient had not 
received any anti-tumor treatment, such as surgery, 
chemotherapy, radiotherapy, immunotherapy, Chinese 
herbal medicine, etc. (4) No unconscious or other cogni-
tive impairment. Normal populations without metabolic, 
cardiovascular, or cerebrovascular diseases or cancer, 
matched for age and menstrual status, were selected as 
controls. All participants did not receive any antibiotic or 
probiotic therapy for at least one month prior to biosam-
ple collection. The participants’ feces are stored in sterile 
containers and preserved in a − 80℃ freezer. The venous 
blood sample was collected in the morning before eating, 
for routine blood tests and biochemical testing.

16S rRNA gene‑sequencing
Total genomic DNA was extracted from the specimens 
using the Fecal genomic DNA extraction kit (TIANGEN, 
DP328, China). The microbial genomic DNA extracted 
from feces will be specifically amplified for the 16S V3–
V4 region using the forward primer 341F (5′-ACT​CCT​

Fig. 1  Schematic representation of the study protocol, created with BioRender.com
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ACG​GGA​GGC​AGC​AG-3′) and reverse primer 806R 
(5′-GGA​CTA​CHVGGG​TWT​CTAAT-3′). Then the PCR 
amplification method uses primers containing adapters 
to enrich the target region, obtain a library of gut micro-
biota, and subsequently perform sequencing using Miseq 
PE300 (Illumina). Subsequently, QIIME (V1.9.0) was 
used to analyze the raw data of 16S rRNA sequencing.

Bioinformatics analysis
Sequences with ≥ 97% similarity were grouped into the 
same operational taxonomic units OTU, and representa-
tive sequences for each OTU were annotated using Use-
arch (http://​www.​drive5.​com/​usear​ch/), the sequence 
with the highest abundance in each OTU was selected 
as the representative sequence for that OTU. Using the 
Greengenes database to obtain the classification informa-
tion corresponding to each OTU, and removing OTUs 
with abundance values below 0.001% (one ten-thou-
sandth) of the total sequencing amount of all samples. 
Alpha and beta diversity analyses were performed using 
the QIIME software (V1.9.0) and R software (V4.4.1). 
Based on OUT data, use the Pareto data method, the 
oscoprespls algorithm, with a cross-validation multiplier 
of 7 and 200 permutations, to perform PLS-DA visualiza-
tion. LEfSe analysis is used to identify key microbial taxa 
with significant differences between two groups, with 
an LDA threshold > 2.0 and a P value < 0.05. Functional 
prediction and analysis are performed using PICRUSt2. 
Based on the abundance of microbial genera and clinical 
parameters, RDA/CCA analysis was conducted using the 
“vegan” R package. Enterotype analysis was performed 
using the OmicStudio tools [10], according to the Calin-
ski-Harabasz (CH)-index value, the best cluster value was 
selected as 4, which was the number of sample classifica-
tions, and the visual analysis was performed by principal 
component analysis (PCA). The bacteria with the highest 
content of each enterotype were calculated as the repre-
sentative bacteria of the enterotype. OTU data were used 
in the “WGCNA” R package was used for WGCNA anal-
ysis, Gephi software (V0.10.0)was used to visualize the 
interaction between the difference module and the clini-
cal parameters.

Prediction modeling and performance evaluation
The “glmnet” package and “e1071” package in R, two 
kinds of extensive machine learning methods, were used 
for the LASSO (Least Absolute Shrinkage and Selec-
tion Operator) model and the SVM (support vector 
machines)model building, to identify the microbiota 
biomarkers, and the “tidyverse” package was used for 
visualization. The accuracy of each model was assessed 
using the area under the curve (AUC) value of the area 
under the subject operating curve (ROC). The Bootstrap 

resampling method was used for internal validation of 
the model, implemented using the “caret” R package. The 
Hosmer–Lemeshow test results were visualized by the 
"rms" package to obtain the calibration curve to evalu-
ate the prediction probability accuracy of the model, and 
the Decision Curve Analysis (DCA), using the “rmda” R 
packages, was used to evaluate the clinical net benefit.

LC–MS/MS analysis as well as annotation
A total of 15 blood samples were included in the metab-
olomics analysis: 8 from the EOC group, 3 from the TB 
group, and 4 from the Nor group. Methanol, acetonitrile, 
formic acid and isopropyl alcohol were purchased from 
ANPEL. All solvents were LC–MS grade. The sample 
were thawed slowly at 4 ℃, added 4 times the volume of 
the extraction solution (methanol/acetonitrile, 1:1, v/v), 
homogenized 60 s, extracted 30 min by low-temperature 
ultrasonic, set still for 1 h to precipitate protein at – 20 ℃, 
centrifuged 10 min with 12,000 rpm at 4℃, the superna-
tant solution were dried in vacuum, added 0.1  mL 30% 
acetonitrile solution, homogenized and centrifuged 
10  min with 12,000  rpm at 4 ℃, the supernatant were 
taken for computer detection. The extracted sample were 
analyzed using an UPLC-Orbitrap-MS system (UPLC, 
Vanquish; MS, HFX). HRMS data were recorded on a Q 
Exactive HFX Hybrid Quadrupole Orbitrap mass spec-
trometer equipped with a heated ESI source (Thermo 
Fisher Scientific) utilizing the Full-ms-ddMS2 acquisi-
tion methods. The raw data were first pre-processed 
using Progenesis QI (Waters Corporation, Milford, USA) 
software, including baseline filtering, peak identification, 
peak matching, retention time correction, peak align-
ment, etc., to obtain a data matrix containing retention 
time, mass–charge ratio, and peak intensity. The peaks 
containing secondary mass spectrometry data were iden-
tified by commercial databases and secondary mass spec-
trometry databases and corresponding cracking rules.

In vitro experiments
The ovarian cancer cell line SKOV3 utilized in this 
study was obtained from Procell (Wuhan, China). The 
experimental bacterial strains included Escherichia 
coli (ATCC25922) and Bifidobacterium longum subsp. 
longum Reuter (ATCC15707). Both strains were procured 
from Bio science (Shanghai, China). SKOV3 cells were 
seeded into 6-well plates and incubated at 37  °C with 
5% CO₂ until they reached 80% confluence. The culture 
medium was PMMI-1640, supplemented with 10% fetal 
bovine serum (FBS) and 1% penicillin–streptomycin 
solution. Cells were washed with sterile phosphate-buff-
ered saline (PBS) to remove residual culture medium. E. 
coli was inoculated into LB liquid medium and cultured 
at 37  °C for 12–16 h to ensure the bacteria reached the 

http://www.drive5.com/usearch/


Page 5 of 23Chen et al. Journal of Translational Medicine          (2025) 23:319 	

logarithmic growth phase. Bifidobacterium was inocu-
lated into MRS liquid medium and cultured under 
anaerobic conditions at 37 °C for 12–16 h. E. coli and Bifi-
dobacterium cultures were centrifuged and subsequently 
filtered to obtain supernatants at varying concentrations. 
SKOV3 cells were treated with varying concentrations of 
bacterial supernatant in 6-well plates and cultured for 24 
or 72 h. The wound healing assay was employed to assess 
cell migration rate, the CCK-8 assay was used to evalu-
ate cell proliferation activity, Transwell assays were con-
ducted to assess cell migration and invasion capabilities, 
and flow cytometry was utilized to detect Annexin V and 
PI fluorescence signals to analyze apoptosis status.

Statistical analysis

Image J is used as a cell count. SPSS (V24.0) was used 
to analyze the data. The data with normal distribution 
and homogeneity of variance among the three groups 
were analyzed by One-Way ANOVA, and the data with 
non-normal distribution or heterogeneity of variance 
were analyzed by the Kruskal–Wallis test. The T-test 
was used for continuous variables with normal distribu-
tion between the two groups, and the Mann–Whitney U 
test was used for continuous variables without normal 
distribution. Spearman correlation analysis was used to 
analyze the correlation between microbiota, functional 
pathways, and clinical traits. The “ggplot2” package in 
R, GraphPad Prism (V5.0), Gephi (V0.10.0), and Adobe 
Illustrator 2024 were used for graph visualization. The 
difference is statistically significant when P < 0.05.

Result
Baseline characteristics of the participants
After strict screening and exclusion criteria, a total of 
79 individuals were enrolled in this study, including 34 
EOC patients, 15 TB patients, and 30 normal controls. As 
illustrated in Table  1, there were significant differences 
in white blood cells (WBC), neutrophils (NEU), mono-
cytes (MON), basophils (BAS), blood platelets (PLT), 
albumin (ALB), aspartate aminotransferase (AST), serum 
ferritin (SF), tumor supplied group of factors (TSGF), 
high sensitivity c-reactive protein (hs-CRP), Cally, and 
CA125 among the three groups. It is worth noting that 
the inflammatory indicators such as WBC, NEU, and 
hs-CRP in the EOC group were significantly higher than 
those in the Nor group. No significant differences were 
observed in age, menopausal status, lymphocytes (LYM), 

CALLY index : Albumin× Lymphocyte
÷ (CRP× 10).

eosinophils (EOS), aminotransferase (ALT), total bile 
acid (TBA), globulin (GLO), total cholesterol (TCHO), 
triglyceride (TG), high-density lipoprotein (HDL), and 
low-density lipoprotein (LDL) among the three groups.

Explore the characteristics of three groups of intestinal 
microbes
To ensure that our results were reliable, we first exam-
ined the sequence length and found that it was close to 
the length of the 16s rRNA amplified region, indicating 
good amplification characteristics (Fig.  2A). In addi-
tion, the results of the species accumulation curves and 
rarefaction curves indicated that our sample size was 
sufficient and that the current sequencing results were 
sufficient to reflect the diversity contained in the current 
sample (Additional file 1: S1A, B, C, D).

Altered gut microbiota diversity in TB and EOC patients
Based on the OTU data from the three groups, we drew 
Venn diagram and heat maps (Fig.  2B, C) to show the 
basic situation of OTUs in each group, what’s interest-
ing to us is that the microbiota structure of TB patients 
was more similar to Nor in the heat map, while the 
EOC patients could be clearly distinguished from these 
two populations. Alpha diversity was assessed with Ace, 
Simpson, Shannon, and Chao1 indices among the three 
groups (Fig.  2D), the microbial diversity index of the 
EOC group significantly decreased (P value < 0.05) com-
pared to Nor, while TB was between the two groups with 
no significant difference, which indicates that the micro-
bial diversity in EOC patients has changed and is sig-
nificantly reduced. There were no significant differences 
statistically in the principal component analysis (PCA), 
principal coordinate analysis (PCoA), and non-metric 
multidimensional scaling analysis (NMDS) distance 
index among the three groups (Additional file 1: S1E–G), 
but Partial Least Squares Discriminant Analysis (PLS-
DA) analysis suggested that EOC was significantly sepa-
rated from the normal population while TB was between 
the two groups (Fig. 2E, F).

Composition and comparison of the gut microbiota in 
patients with EOC, TB groups, and health control.

Based on the species annotation results, we plot-
ted the phylum, genus, and species level bar chart 
(Fig.  3A–C). Compared with Nor group, p_Firmicutes, 
g_Escherichia, and s_E.Coli at the species level in the 
EOC patients were significantly increased. The chord 
diagram at the genus level also shows that the propor-
tion of the EOC group Escherichia is much higher than 
that of Nor group (Fig.  3D). Next, we clustered gut 
microbiota into enterotypes by genus-level expression 
content, according to the Calinski-Harabasz (CH) index 
results (Additional file  2: S2A) there were four types 
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Table 1  Baseline characteristics of the participants

Results are presented as Mean ± SD for continuous variables and N (%) for categorical variables

N number of available values, SD standard deviation
# Non-parametric test

Nor, n = 30 TB, n = 15 EOC, n = 34 P value

Age, years (mean ± SD) 53.30 ± 5.96 54.60 ± 8.84 56.74 ± 7.65 0.173

BMI, kg/m2(mean ± SD) 22.07 ± 1.77 23.33 ± 2.66 23.64 ± 3.30 0.061

Menopause, n (%) 0.627#

 Menopause 20 9 25

 Premenopausal 10 6 9

Differentiation, n (%)

 High 30(88.24%)

 Middle + low 4(11.76%)

FIGO, n (%)

 I + II 9(26.47%)

 III + IV 25(73.53%)

Histopathology, n (%)

 Serous ovarian cancer 27(79.41%)

 Mucinous ovarian cancer 7(20.59%)

WBC, 109/L (mean ± SD) 5.41 ± 1.33 6.14 ± 1.63 7.36 ± 1.74 0.000

NEU, 109/L (mean ± SD) 3.22 ± 0.94 3.66 ± 1.27 5.11 ± 1.61 0.000#

LYM, 109/L (mean ± SD) 1.78 ± 0.49 1.92 ± 0.69 1.55 ± 0.45 0.054

MON, 109/L (mean ± SD) 0.30 ± 0.08 0.41 ± 0.12 0.54 ± 0.15 0.000#

EOS, 109/L M(IQR) 0.09(0.05 ~ 0.13) 0.09(0.06 ~ 0.16) 0.09(0.05 ~ 0.13) 0.798#

BAS, 109/L (mean ± SD) 0.01 ± 0.01 0.04 ± 0.01 0.05 ± 0.09 0.000#

PLT, 109/L (mean ± SD) 208.90 ± 73.34 263.33 ± 63.77 334.56 ± 117.38 0.000#

ALB, g/L (mean ± SD) 45.53 ± 2.05 44.88 ± 3.99 40.92 ± 5.17 0.000#

ALT, U/L (mean ± SD) 14.75 ± 6.99 23.33 ± 18.73 20.11 ± 15.83 0.227#

AST, U/L (mean ± SD) 19.63 ± 4.45 24.71 ± 9.62 29.94 ± 14.67 0.000#

TBA, μmol/L (mean ± SD) 2.91 ± 2.90 3.97 ± 3.09 3.24 ± 2.88 0.493#

GLO, g/L (mean ± SD) 29.15 ± 2.89 27.47 ± 7.47 29.39 ± 3.91 0.066#

TCHO, mmol/L (mean ± SD) 4.61 ± 0.75 4.98 ± 0.98 4.80 ± 1.14 0.391#

TG, mmol/L (mean ± SD) 1.21 ± 0.60 1.30 ± 0.57 1.40 ± 0.41 0.112#

HDL, mmol/L (mean ± SD) 1.44 ± 0.44 1.30 ± 0.27 1.21 ± 0.26 0.202#

LDL, mmol/L (mean ± SD) 2.68 ± 0.63 2.97 ± 0.58 2.98 ± 0.77 0.198

SF, ng/mL (mean ± SD) 107.54 ± 83.19 124.18 ± 87.85 239.5 ± 145.09 0.000#

TRSF, μmol/L (mean ± SD) 31.68 ± 5.46 34.71 ± 6.92 26.77 ± 9.24 0.000#

hs-CRP, mg/dL M(IQR) 0.06(0.02 ~ 0.12) 0.13(0.07 ~ 0.25) 1.45(0.36 ~ 3.86) 0.000#

TSGF, U/mL (mean ± SD) 39.21 ± 8.14 43.55 ± 10.41 53.28 ± 12.12 0.000

Cally M(IQR) 165.80(71.51 ~ 428.46) 52.83(21.5 ~ 141) 4.96(1.59 ~ 17.61) 0.000#

CA125, U/mL M(IQR) 21.94(16.26 ~ 31.8) 30.89(9.62 ~ 55.76) 543.6(150.51 ~ 731.57) 0.000#

(See figure on next page.)
Fig. 2  Data quality and α and β diversity of microbial sequences. A The abscissa represents the length of the sequence, and the ordinate represents 
the number of sequences. The closer the length of the sequence obtained by sequencing to the length of the 16s rRNA amplified region, the better 
the amplification specificity. B Venn diagram shows the number of unique and common OUTs in EOC, TB, and Nor groups. C Heat map of OTUs 
distribution in samples from each group. D Ace, Simpson, Shannon, and Chao1 indexes of the three groups were compared by Wilcoxon test 
between the two groups and Kruskal–Wallis test between the three groups. “*” represented p < 0.05, “**” represented p < 0.01. E PLS-DA analysis 
of intestinal flora among the three groups. F PLS-DA model test plot
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Fig. 2  (See legend on previous page.)
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(Fig. 3E). Representative bacteria for the four enterotypes 
are Escherichia, Prevotella, Megamonas, Bacteroides, 
respectively (Fig. 3F). There was the greatest number of 
type 1 cases in the EOC group (Additional file  2: S2B). 
The results of the ternary diagram likewise showed that 
EOC group Escherichia expressed the highest relative to 
TB and Nor groups (Fig. 3G). In addition, patients with 
EOC were followed up to obtain Disease Free Survival 
(PFS)data. Kaplan–Meier survival curves were drawn 
for the four enterotypes (median PFS: 17 vs 14.5 vs 19 
vs 13 months, P = 0.77) and the high and low expression 
groups of Escherichia relative abundance (median PFS: 
15 vs 19 months, P = 0.2), respectively (Additional file 2: 
S2C, D). Patients with enriched Escherichia had worse 
PFS, but the difference was not significant. In addition, 
g_Shigella and g_escherichia in the EOC group is sig-
nificantly increased, and g_Ruminococcus’s abundance 
in the Nor group is significantly higher than in EOC 
patients (Additional file  2: S2E). Additionally, we com-
pared the Bifidobacterium/Enterobacteriaceae ratio and 
Firmicutes/Bacteroidetes ratio among the three groups 
(Fig.  3H), there was no significant difference in the F/B 
ratio between the two groups. However, the B/E ratio of 
the EOC group was significantly lower than that of Nor 
group, which indicated that EOC patients had impaired 
colonization ability of beneficial gut microbes.

Differences in gut microbial composition and microbial 
function prediction analysis
To explore the characteristic microorganisms in each 
group, LEfSe analysis was performed between pairs 
(Fig.  4D–F), meanwhile, the cladogram generated by 
the LEfSe method showed the phylogenetic distribution 
of the gut microbiota (Fig. 4A–C), it is obvious that the 
EOC group is significantly different from the Nor and TB 
groups, while the difference between Nor and TB patients 
is small. Compared with Nor group, the EOC group had 
significantly increased levels of opportunistic pathogens 
such as Escherichia and Shigella, and the expression of 
probiotics such as Bifidobacterium decreased. To inves-
tigate functional alterations in epithelial ovarian cancer 
microbial communities, we used PICRUSt2 to predict 
gene functions and pathway potentials that might be 
affected by differential microbes, The results showed 

61 pathways with different activity levels between the 
EOC and Nor groups (Fig. 4G). Among these pathways, 
28 were activated in the EOC group (P < 0.05): Shigel-
losis, Pathogenic Escherichia coli infection, Amino acid 
metabolism, Nucleotide metabolism, etc. And 31 path-
ways were activated in the Nor group (P < 0.05): Arginine 
and proline metabolism, Transcription machinery, etc. 
However, there were few differential functional pathways 
between TB and EOC (Fig. 4H) and TB and Nor (Fig. 4I).

Overall, there was a significant difference in microbial 
diversity between EOC and Nor groups, mainly reflected 
in the increased expression of opportunistic pathogens, 
the decreased expression of probiotics, and the imbal-
ance of gut microbiome in EOC patients, which leads to 
the differences in signal functional pathways. The above 
results revealed the dysregulated or activated func-
tional pathways of gut microbiota associated with EOC 
occurrence.

Development and validation of a predictive model based 
on gut microbiome signature and clinical features
We explored microbiotas that showed significantly 
altered abundances between the different pairs of the 
population (EOC vs Nor, EOC vs TB, and Nor vs TB, 
adjusted p < 0.05), analyses based on the above revealed 
similar patterns in the normal population and benign 
ovarian tumor patients, from which the epithelial ovar-
ian cancer population can be clearly distinguished. On 
further comparison of the significantly altered microbio-
tas in the three pairs, the Nor versus EOC pair showed 
the most obvious similarity with the TB versus EOC pair 
(Fig.  5A), LEfSe results also indicated that Nor and TB 
were highly similar. Therefore we grouped the TB and 
Nor groups into one group, the non-epithelial ovarian 
cancer (NT) group.

Microbial diversity of EOC patients and NT populations
The alpha diversity in each group was evaluated using 
Ace, Chao, Simpson, and Shannon indices accord-
ing to the genus level. The α-diversity index of the EOC 
group was significantly lower than that of the NT group 
(Fig.  5B). Furthermore, the PCoA, PCA, and NMDS 

Fig. 3  Microbiota Profile of Healthy Controls, TB patients, and EOC patients. A Bar chart of the top ten percent abundance of gut microbiota 
at the phylum level. B Bar chart of the top ten percent abundance of gut microbiota at the genus level. C Bar chart of the top ten percent 
abundance of gut microbiota at the species level. D Chord diagram of the top ten percent abundance of gut microbiota at the genus level. E The 
distribution of samples in the four cluster types is presented based on the unweighted Unifrac distance, different shapes represent different groups, 
and different colors represent different enterotypes. F Bar chart of representative bacteria percent abundance for each enterotype. G Trigram 
of the four enterotypes representing bacteria. H Boxplots of F/B ratio and B/E ratio. “*” represented p < 0.05, “**” represented p < 0.01

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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Fig. 4  The LDA effect size analysis (LEfSe) results highlight gut microbiota distinctions in the EOC, TB, and Nor groups. A–C The cladogram depicts 
the differential microbial branches and nodes, the node diameter size corresponds to the mean relative abundance of this microbiota. D–F 
The ordinate indicates microbiota with significant differences between groups, the abscissa shows the microbiota with LDA score > 2, P < 0.05, 
in the form of bar chart. G–I Results of the functional annotations in the three groups based on the PICRUSt2
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utilizing the Bray–Curtis statistical method, as illustrated 
in Fig. 5C–E revealed significant differences in β-diversity 
between EOC patients and NT populations.

LeFSe analysis was performed between EOC and NT 
groups, and the annotation of functional pathways 
in differential microbiota
LEfSe analysis showed that EOC patients significantly 
increased the abundance of g_Escherichia and g_Shi-
gella. However, g_Bifidobacterium, g_Ruminococcus, 
and other probiotics were significantly increased in the 
NT group (Fig. 5F, Additional file 3: S3A). Using func-
tional prediction analysis, a total of 25 significantly 

Fig.5  Investigation of gut microbiome diversity that are significantly altered in EOC patients. A Venn diagram showing the overlaps 
among the three altered microbiome pairs (EOC vs Nor, EOC vs TB, and Nor vs TB). B Ace, Chao, Simpson, and Shannon indices indices of the three 
groups. C PCA analysis. D PCoA analysis. E NMDS analysis. P values and R values for β analysis were calculated by the ANOSIM test. F The ordinate 
indicates microbiota with significant differences between groups, the abscissa shows the microbiota with LDA score > 2, P < 0.05, in the form 
of bar chart
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differed Encyclopedia of Genes and Genomes (KEGG) 
categories between the EOC and NT groups were 
obtained by PICRUSt2. 10 pathways including Patho-
genic Escherichia coli infection and Shigellosis were 
enriched in the EOC, 15 pathways including Arginine 
and proline metabolism and Histidine metabolism 
were enriched in the NT (Additional file 3: S3B).

Correlation between differential microorganisms 
and clinical features
Next, we filtered out the low-abundance microbial (less 
than 20% of the samples contain the bacteria) commu-
nities in the LEfSe analysis, and the final included 18 

microorganisms. According to the 6 phyla level bacte-
ria, 12 genera level bacteria and their relationship of 
clinical parameters draw heat maps, the basic informa-
tion of each sample between the EOC and NT groups 
are shown in Fig. 6. To determine the impact of clinical 
factors on the distribution of our sample, we conducted 
RDA/CCA analysis and multi-parameter intercorrela-
tion analysis among bacteria and clinical parameters 
and KEGG pathways, the results shown in Fig.  7A, B, 
Additional file  3: S3C. Microbes can be found to be 
closely related to clinical parameters, but there were 
significantly more intracorrelations than intercorrela-
tions. g_Shigella was positively correlated with CA125 

Fig. 6  Taxonomic features of the gut microbiota and clinical parameters of the EOC patients and the NT populations

Fig. 7  Relationship between gut microbiota and clinical parameters. A CCA results of gut microbiota and clinical factors of patients with EOC 
and NT group. B Multi-parameter intercorrelation analysis among bacteria, clinical parameters, and KEGG pathways. C Sankey diagram containing 
groups, phylum level bacteria, genus level bacteria, functional pathways, and clinical parameters. D Module-trait-relationship heatmap. E 
Correlation network diagram, different colors represent different modules. F OTU co-occurrence network diagram was constructed based 
on the WGCNA module, and different colors represent different bacteria at the phyla level. “*” represented p < 0.05, “**” represented p < 0.01

(See figure on next page.)
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Fig. 7  (See legend on previous page.)
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and Bacterial invasion of epithelial cells pathway, 
negatively correlated with Cally; g_Ruminococcus was 
negatively correlated with CA125; and g_Bifidobacte-
rium was positively correlated with Cally and Shigel-
losis pathway. Sankey diagram further demonstrated 
the interrelationship among gut microbiota, functional 
pathways, and clinical features (Fig. 7C).

In addition, we performed WGCNA analysis based 
on OUTs and constructed a heat map of the relation-
ship between each OTU co-existing module and clini-
cal parameters (Fig.  7D), the red module is closely 
related to Cally, and the cyan module is closely related 

to CA125. Interaction network analysis was per-
formed with modules related to clinical variation, and 
the complex correlations between modules are shown 
in Fig.  7E, p_Firmicutes plays a dominant role in this 
(Fig. 7F).

In summary, we suggest that gut microbiota is closely 
related to clinical features, and this correlation is not 
caused by a single bacterium, but by the co-influence of 
multiple bacteria.

Fig. 8  Identification of screening markers utilizing machine learning techniques. A LASSO regression coefficient plot. B LASSO regression 
cross-validation plot. C ROC curve of four bacterial species identified through LASSO regression and their collective detection. D Error rate of SVM 
analysis, the lowest error rate was 0.243 when 5 bacteria were included. E Accuracy Rate of SVM analysis, the highest accuracy was 0.757 when 5 
bacteria were included. F ROC curve analysis of five bacteria identified through SVM and their integrated detection
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EOC diagnostic models based on gut microbiome 
and clinical parameters
According to the results of LEfSe analysis, 11 microor-
ganisms were selected for Least Absolute Shrinkage and 
Selection Operator (LASSO)analysis after excluding the 
low-expression microorganisms (Fig. 8A, B). Finally, four 
genera were included in the diagnostic model, including 
Shigella, Escherichia, Haemophilus, and Bifidobacterium. 
According to the four selected gut microbial markers 
constructing the microbiome model, to assess the pre-
dictive value of the microbiome model, the AUC based 
on the ROC curves was plotted, reaching an AUC value 
of 0.709 (95% CI: 0.595–0.824) (Fig. 8C). These 11 bacte-
ria were then included in the Support Vector Machines 
(SVM)analysis, and five genera were obtained after fil-
tering, including Ruminococcus, Shigella, Haemophi-
lus, SMB53, Bilophila, the accuracy rate was 0.757, and 
the error rate was 0.243 (Fig. 8D, E), the AUC area was 
0.813 (95%CI: 0.718–0.909) (Fig.  8F). Considering that 
there are only two bacteria screened by LASSO and SVM 
together: Shigella and Haemophilus, we finally combined 
the 4 bacteria selected by LASSO with the 5 bacteria 
selected by SVM as the markers of the EOC diagnostic 
model, including Shigella, Escherichia, Haemophilus, Bifi-
dobacterium, Ruminococcus, Shigella, SMB53, Bilophila. 
The above results suggest that the gut microbiome has a 
certain diagnostic efficacy, but the gut microbiome alone 
may not be enough. Therefore, we included clinical indi-
cators in the diagnostic model to optimize its diagnostic 
performance.

To screen for clinical indicators, we used univari-
ate logistic regression analysis to screen clinical indica-
tors with P < 0.05, a total of 10 clinical indicators were 
included. Since age is an independent risk factor for 
many diseases, we performed multivariate logistic regres-
sion analysis with age and these 10 clinical indicators, 
the results showed that WBC, NEU, BAS, and Cally were 
independent risk factors for EOC, as illustrated in the 
Additional file  4: Stable1. Subsequently, we constructed 
ROC curves for these four indicators. Cally’s AUC area 
exceeded the other clinical indicators, so we finally incor-
porated Cally into the diagnostic model (Additional file 4: 
S4A).

The AUC area of the Cally and gut microbiome com-
bined diagnostic model was 0.976 (95%CI 0.943–1.00) 

(Fig.  9A), and the diagnostic efficacy of the Cally and 
microbiome model was superior to that of the CA125, 
this indicated that this diagnostic model has a great appli-
cation prospect in clinical practice. Bootstrap was used 
for internal validation of the model, and the AUC area of 
the ROC curve constructed by 1000 repeated sampling 
times also reached 0.974, sensitivity of 0.923, and speci-
ficity of 0.961 (Fig.  9B). The P-value derived from the 
calibration curve established by the Hosmer–Lemeshow 
test was 0.986 (p > 0.05) (Fig.  9C), indicating that the 
diagnostic model exhibited good repeatability. The DCA 
curve indicated that the model demonstrated a substan-
tial net clinical benefit in practical application (Fig. 9D). 
Ultimately, we developed a nomogram utilizing microbial 
data and the Cally index (Fig. 9E). Subsequently, we cre-
ated an accompanying web version dynamic nomogram 
to facilitate its clinical application (Fig. 9F).

Metabolic features in the EOC and NT groups
To elucidate the metabolite differences between the EOC 
group and the NT group, the following analyses were 
conducted. The Venn diagram analysis revealed that 141 
metabolites were unique to the EOC group, whereas 68 
metabolites were specific to the NT group (Fig.  10A). 
PLS-DA revealed significant differences in metabolite 
composition between the two groups (Fig.  10B, C). The 
volcano plot analysis revealed that, compared with the 
NT group, 82 metabolites were significantly upregulated 
and 151 metabolites were significantly downregulated in 
the EOC group (Fig. 10D). Using the MetOrigin platform 
[11] (https://​metor​igin.​met-​bioin​forma​tics.​cn/​home/), 
we conducted a source analysis of the differentially 
expressed metabolites. The results indicated that these 
metabolites were primarily derived from food, micro-
biota, drugs, host pathways, and others (Fig.  10E). We 
further analyzed the 72 metabolites of microbial origin 
and found that 64 metabolites were associated with co-
metabolism, whereas only 8 metabolites were exclusively 
of microbial origin. These included HMDB0243492, 
C09265, HMDB0242046, HMDB0240606, C04171, 
HMDB0060557, HMDB0252797, and C21412 (Fig. 10F). 
Finally, we conducted a heatmap analysis of the eight 
metabolites in conjunction with the previously identified 
microorganisms. The results showed that HMDB0240606 
was positively correlated with Escherichia and Shigella, 

Fig. 9  Construction and validation of the diagnostic model. A Receiver operating curves for the Microbial, Cally, Microbial-Cally joint indicator, 
and CA125. B The AUC for Microbial-Cally diagnostic model bootstrap internal validation. C Calibration curve of Hosmer–Lemeshow test. 
D Decision curve analysis (DCA) of the Microbial-Cally diagnostic model showed the net benefit of using the model to diagnose EOC. E 
A Microbial-Cally-Age-based nomogram for predicting the occurrence of EOC. F Web-based risk calculator (Dynamic Nomogram: https://​dcycc​
20200​805.​shiny​apps.​io/​dynno​mapp/) to predict the incidence rate of EOC

(See figure on next page.)

https://metorigin.met-bioinformatics.cn/home/
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Fig. 9  (See legend on previous page.)



Page 17 of 23Chen et al. Journal of Translational Medicine          (2025) 23:319 	

Fig. 10  Classification of metabolites in EOC patients and NTs. A Venn diagram of the two groups of metabolites. B PLS-DA analysis of metabolites 
among the two groups. C OPLS-DA model test plot. D Volcano plot analysis. E Bar graph of metabolite traceability. F Venn diagram of metabolites 
associated with microorganisms. G Heat map analysis of metabolites and microorganisms
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while it was negatively correlated with Ruminococcus 
(Fig. 10G).

Effect of bacteria on migration and proliferation of ovarian 
cancer cells in vitro
The human ovarian cancer cell lines SkOV3 were utilized 
in our study. The results of the wound healing assay dem-
onstrated that the healing rate of SKOV3 cells was signifi-
cantly increased after co-culture with 5% and 10% E. coli 
supernatants (Fig. 11A, B). CCK-8 results demonstrated 
that E. coli supernatant promoted the proliferation of 
SKOV3 cells, with the effect becoming more pronounced 
at higher concentrations (Fig.  11C). Additionally, the 
results of the Transwell migration and invasion assays 
demonstrated that a 10% concentration of E. coli super-
natant promoted the migration and invasion of SKOV3 
cells (Fig.  11S–G). Moreover, a 10% concentration of 
E. coli supernatant also inhibited the apoptosis rate of 
SKOV3 cells (Fig. 11H, I). However, the effects of Bifido-
bacterium longum subsp. longum Reuter supernatant on 
SKOV3 cell proliferation, migration, invasion, and apop-
tosis were opposite to those observed with E. coli super-
natant (Additional file 5).

Discussion
The gut microbiota represents the intricate genetic com-
position of all microorganisms inhabiting the human 
gastrointestinal tract, including bacteriophages, viruses, 
bacteria, protists, helminths, and fungi, which are inte-
gral to the maintenance of human health. Recent inves-
tigations have elucidated that intestinal microbiota can 
potentiate insulin sensitivity through the modulation 
of carbohydrate metabolism [12], and uphold intesti-
nal barrier integrity by diminishing pathogen coloniza-
tion [13, 14]. Moreover, there are significant differences 
in gut microbial profiles between patients and healthy 
individuals. For instance, the Blautia species, specifically 
B. caecimuris and B. producta, along with the genera 
Lachnoclostridium and Oscilibacter, as well as Dialis-
ter invisus, were observed to be significantly enriched in 
individuals diagnosed with depression [15]; Two Strep-
tococcus species, commonly detected in the oral cavity, 
exhibited a significant enrichment in individuals diag-
nosed with type 2 diabetes [16]. Accordingly, we com-
menced a comprehensive analysis of the variations in gut 

microbiota profiles between ovarian cancer patients and 
other demographic cohorts.

Our investigation demonstrated that relative to healthy 
controls and patients with benign ovarian tumors, indi-
viduals diagnosed with epithelial ovarian cancer dis-
played a significantly reduced alpha diversity of intestinal 
microbiota, an increased prevalence of opportunistic 
pathogens, a decreased abundance of probiotics, and a 
diminished B/E ratio. Transcriptome-wide sequencing 
data from The Cancer Genome Atlas (TCGA) revealed 
that, across 11 distinct cancer types, the alpha diver-
sity index exhibited a statistically significant disparity 
between tumor tissue and adjacent normal tissue [17]. 
It is posited that notable disparities in diversity exist 
between cancer patients and healthy individuals, this 
is in accordance with the findings of our investigation. 
Nonetheless, our study did not demonstrate a decrease in 
the expression of Akkermansia in ovarian cancer, which 
contrasts with the findings presented by other schol-
ars [18, 19]. In light of the regional disparities inherent 
in the sampled populations, it is essential to acknowl-
edge that regional and environmental factors cannot be 
disregarded.

Based on the CH-index results, the enterotypes of our 
study population can be classified into four distinct cat-
egories. Enterotype is a classification concept based on 
the structural characteristics and compositional diversity 
of intestinal microbial communities initially proposed 
by Arumugam et  al. in 2011. This analytical framework 
is invariant to variables including age, gender, cultural 
background, and geographical location [20]. According 
to findings published in Nature Microbiology, the ente-
rotypes serves as a valuable diagnostic tool for evaluat-
ing an individual’s disease status and may also act as a 
significant indicator of risk or susceptibility to various 
human conditions. Additionally, variations within the 
enterotypes can modulate the metabolism of diverse 
compounds [21]. Yu et  al. reported that the proportion 
of enterotype in patients with thyroid cancer exhibited 
a significant deviation from that observed in a healthy 
control population, thereby implying alterations in the 
enterotype among cancer-affected individuals [22]. In 
our study, we found that the distribution of enterotypes 
in patients with epithelial ovarian cancer (EOC)signifi-
cantly diverged from that observed in the healthy control 

Fig. 11  E. coli supernatants were co-cultured with SKOV3. A Scratch assay of E. coli and SKOV3 cells. B Comparison of healing rates among the three 
groups. C Comparison of the proliferative activity of the three groups. D Transwell assay of E. coli and SKOV3 cells. E Comparison of Transwell 
migration bar charts among the three groups. F Diagram of Transwell invasion assay. G Bar graph of Transwell invasion among the three groups. 
H Cell apoptosis was detected by Annexin V/PI assay. I Bar graph of apoptosis among the three groups. “*” represented p < 0.05, “**” represented 
p < 0.01, “***” represented p < 0.001

(See figure on next page.)
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Fig. 11  (See legend on previous page.)
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population, characterized by a marked predominance of 
enterotype 1 (predominantly expressed in Escherichia). 
This finding further highlights the alterations present 
within the intestinal microbiota of individuals diagnosed 
with epithelial ovarian cancer. Charles M. Rudin reported 
that in a cohort of non-small cell lung cancer patients 
undergoing treatment with immune checkpoint inhibi-
tors, those with positive Escherichia coli demonstrated 
significantly longer median overall survival (OS) and 
progression-free survival (PFS) compared to those with 
negative Escherichia coli [23]. Moreover, Oncomicrobial 
Community Subtype 3 (OCS3), characterized by a pre-
dominance of Proteobacteria, has been recognized as a 
critical determinant influencing the prognosis of colo-
rectal cancer (CRC) [24]. Based on the aforementioned 
studies, we conducted a survival analysis of EOC patients 
categorized by enterotypes and Escherichia expression 
levels. However, the PFS of patients with enterotype 1 
and high Escherichia expression did not show significant 
differences when compared to other groups, which is 
insufficient to support the use of Escherichia as a prog-
nostic marker for EOC, this finding may be ascribed 
to the constraints of our sample size, in conjunction 
with the number of tumor stages present among EOC 
patients.

The parameters of the TB group were positioned 
between those of the Nor group and the EOC group. 
Incorporating the results from LEfSe and Venn diagrams, 
we ultimately merged the TB group with the Nor group 
into an NT group, subsequently analyzing it alongside 
the EOC group. In comparison to the NT group, the 
EOC group exhibited a significant increase in the abun-
dance of Escherichia and Shigella, while Ruminococcus 
showed a notable decrease. Furthermore, Escherichia, 
Shigella, and Ruminococcus were associated with inflam-
mation to varying extents. The lipopolysaccharides 
(LPS) produced by Escherichia can surpass the regula-
tory capacity of the host immune system, resulting in an 
excessive inflammatory response that compromises the 
integrity of the intestinal barrier and further disrupts the 
balance of gut microbiota. Certain members of Rumi-
nococcus are known to produce short-chain fatty acids, 
which exhibit notable anti-inflammatory properties. 
Recent studies have indicated that Escherichia coli modi-
fies the tumor microenvironment, thereby facilitating 
colorectal cancer progression and conferring resistance 
to chemotherapy [25]. Shigella predominantly infects the 
human gastrointestinal tract and demonstrates a capac-
ity to attenuate the bactericidal function of natural killer 
(NK) cells [26]. Clinical data revealed that the inflamma-
tion-associated markers: WBC, NEU, and levels of hs-
CRP in patients diagnosed with EOC were significantly 
elevated compared to those observed in NT subjects. 

Inflammation is a pivotal hallmark of EOC, recent studies 
have demonstrated that pelvic inflammation significantly 
enhances the risk of EOC development [27]. Inflamma-
tion-associated risk scores were significantly correlated 
with reduced OS in black patients with EOC [28]. The 
Cally index consists of CRP, ALB, and LYM, which indi-
cate inflammation levels, nutritional status, and immune 
function. Cally has been recognized as a promising prog-
nostic biomarker for EOC following surgical intervention 
[29]. Correlation analysis showed a positive association 
between Shigella and hs-CRP, and a negative association 
with Cally. Additionally, Bifidobacterium had an inverse 
correlation with hs-CRP. Thus, we suggest that changes 
in gut microbiota may influence inflammation onset and 
progression, which can facilitate EOC development.

Moreover, notable differences in clinical indicators 
were found between the EOC and NT groups, includ-
ing CA125, TSGF, TG, and other markers, among them, 
CA125 is an effective method for the detection of EOC 
[30, 31], it is used in the follow-up management of ovar-
ian cancer patients. The heat map and Sankey diagram 
illustrated correlations among flora, signaling pathways, 
CA125 levels, and other clinical indicators. WGCNA is 
a systems biology method for elucidating gene associa-
tion patterns across various samples, used to be used to 
investigate therapeutic targets of HCC [32], gene mod-
ules related to bone mineral density (BMD) [33], and 
those associated with depression [32]. We used WGCNA 
analysis to clarify the relationships between modules and 
clinical indicators. Additionally, the correlation network 
and heatmap provided insights into the intricate inter-
actions among microbiota. Prior research suggests that 
changes in intestinal microbial diversity or community 
composition in tumor and healthy populations are not 
due to a single bacterial genus [34–36]. Consequently, we 
propose that the pathological state results from the dis-
ruption of the gut microbiota’s overall balance.

Recent research shows that gut microbiota can act as 
diagnostic biomarkers for cancer [37, 38], and may serve 
as a biomarker for the next generation of cancer immu-
notherapy [39]. As a sophisticated artificial intelligence 
technology, machine learning has found extensive appli-
cation in the identification of diagnostic markers for 
various diseases [40–42]. In this investigation, we utilized 
two well-established machine learning methodologies, 
LASSO and SVM, to discern potential biomarkers. In 
conclusion, we have established the pioneering Micro-
bial-Cally model for diagnosing epithelial ovarian cancer. 
Subsequent validation revealed that the model exhib-
ited high robustness and consistency in performance. 
This model presents the advantages of non-invasive gut 
microbiota analysis and easy-to-obtain Cally index in 
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clinical practice, moreover, it exhibits superior predictive 
efficacy.

Metabolomics analyzes small molecules from cellular 
metabolism, providing insights into biochemical reac-
tions in living systems. Recent studies show distinct 
metabolomic profiles in tumor patients [43, 44] com-
pared to healthy individuals, indicating its potential as a 
biomarker for cancer diagnosis. Our results also found 
that there were metabolite differences between the EOC 
group and the NT group, and some metabolites were 
related to microorganisms. Nevertheless, metabolomics 
was not incorporated into the diagnostic model, as a 
comprehensive metabolomic analysis of all samples was 
not conducted.

Ultimately, our findings revealed that the supernatant 
of E. coli significantly enhanced the proliferation and 
migration of SKOV3 cells while concurrently inhibit-
ing their apoptosis. However, the opposite result was 
observed for Bifidobacterium. Apoptosis is a form of pro-
grammed cell death that is genetically regulated. It plays 
a crucial role in organismal growth and development, 
as well as in maintaining tissue and organ homeostasis. 
Additionally, apoptosis is involved in numerous patho-
logical processes. Numerous studies have demonstrated 
that the majority of anticancer therapies eradicate tumor 
cells through the induction of apoptosis [45]. Previous 
studies have demonstrated that sodium citrate exhibits 
anti-tumor activity through the induction of apopto-
sis in ovarian cancer cells [46]. In conjunction with our 
experimental findings, we propose that E. coli and Bifi-
dobacterium may modulate pro- or anti-tumor activities 
by influencing apoptosis via their respective metabolites. 
Unfortunately, we were unable to conduct in vivo experi-
ments to validate this hypothesis.

This study acknowledges several limitations, hav-
ing been conducted as a single-center, cross-sectional 
analysis with a relatively limited cohort size, unable to 
investigate the longitudinal dynamics of microbiota or 
their modifications subsequent to the onset of cancer. 
Secondly, we exclusively performed 16S rRNA sequenc-
ing on the collected stool samples and did not conduct 
metabolite profiling or whole genome sequencing analy-
sis, which constrained our capacity to offer a comprehen-
sive insight into the pathogenesis. In addition, we only 
conducted cell experiments, but not in vivo experiments. 
In future research, it is imperative to undertake large-
scale, multi-center studies and to integrate metagenomic 
and multi-omics analyses in order to accurately elucidate 
the distinctions in gene function and metabolic path-
ways. Furthermore, both in vitro and in vivo experiments 
should conducted to verify, thereby enhancing our com-
prehensive understanding of disease mechanisms.

Conclusion
In summary, our current study elucidates that epithelial 
ovarian cancer patients demonstrate diminished micro-
bial diversity and pronounced alterations in community 
composition, predominantly marked by an enrichment 
of opportunistic pathogens alongside a reduction in ben-
eficial probiotics. Moreover, a significant correlation is 
observed between microbiota and clinical traits, which 
is not exclusively determined by any individual genus but 
rather emerges from the complex interactions among 
diverse microbial communities. In conclusion, we estab-
lished a non-invasive diagnostic model leveraging gut 
microbiota and Cally, which presents a novel methodol-
ogy for the diagnosis of epithelial ovarian cancer.
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