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Abstract

Objectives: Timely identification of endometrial nonbenign lesions
led to improved outcomes, but there was a lack of effective
predictive models for asymptomatic endometrial thickening. The
aim of this study was to develop a strong machine learning (ML)
model for assessing the risk of endometrial malignancy in
asymptomatic patients after menopause.

Methods: This retrospective study was designed to collect data from
971 postmenopausal asymptomatic women with endometrial
thickening. The bootstrap resampling method was used for model
training, internal validation, and external validation. With 41 easily
accessible characteristics, multifactor regression and least absolute

shrinkage and selection operator regression were performed for
feature selection.NineMLalgorithmswere applied to build amodel.
To explain the final model and rank feature importance, the SHapley
Additive exPlanation (SHAP) method was utilized. Meanwhile, a
nomogram was developed to facilitate model interpretation.

Results: The comprehensive methodologies identified parity,
Doppler flow signals, endometrial thickness, cancer antigen 125,
and D-dimer as significant predictors. The logistic regression
(LR) model demonstrated superior performance compared with
other ML algorithms, achieving an accuracy of 88%, a sensitivity
of 78%, a specificity of 98%, and an area under the receiver
operating characteristic curve of 0.81. Furthermore, individu-
alized predictions of endometrial malignancy were visualized
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through a force plot generated by SHAP analysis. A nomogram
based on the LR model was subsequently constructed, showing
area under the receiver operating characteristic curve values of
0.82, 0.82, and 0.81 for the training, internal validation, and
external validation cohorts, respectively. The calibration curve
demonstrated excellent consistency.

Conclusions: We developed an LR-based nomogram model and
interpreted using the SHAP method, which provided visual
insights for detecting endometrial nonbenign lesions in asympto-
matic postmenopausal women. This approach would aid
clinicians in providing individualized treatment and help avoid
unnecessary invasive surgeries.

Key Words: Endometrial malignancy, Machine learning,
Nomogram, Postmenopausal asymptomatic women, Shapley
Additive exPlanations (SHAP).

(Menopause 2026;33:593–607)

Endometrial cancer (EC) was the most prevalent gyne-
cologic malignancy in the United States with 66,200

new cases and 13,030 deaths in 2023.1 The rising incidence
of uterine corpus cancer was about 1% per year since the
mid-2000s among women aged 50 years and older, and its
mortality continued to increase by about 1% per year.2
Majority of patients diagnosed with EC suffered from
postmenopausal bleeding (PMB), and the probability of
developing EC was 5%-10%.3 Transvaginal ultrasound
scan (TVUS) with endometrial thickness (ET) measure-
ment was the first-line investigation mode for women with
PMB, and when the value was > 4 or 5 mm, endometrial
biopsy with or without hysteroscopy was further
suggested.4,5 While over 15% of endometrial malignancies
occurred in postmenopausal women without bleeding,6
there was no consensus on the optimal ET threshold for
endometrial sampling in asymptomatic postmenopausal
individuals.7-11 Moreover, interpretable comprehensive
analytical models to identify endometrial atypical hyper-
plasia (AH) and carcinoma in asymptomatic post-
menopausal women were extremely uncommon.

With the advancement and the wide availability
of ultrasound, the number of asymptomatic women
with incidentally thickened endometrium was sharply
elevated.12 The occurrence rate of the thickened endome-
trium in asymptomatic postmenopausal women has been
reported to range from 10% to 17%.13 In this population,
the prevalences of AH and EC were 0.62% and 0.59%,
respectively.14 Thus, applying the cutoff of ET of 4-5 mm
for symptomatic individuals to all asymptomatic women
would inevitably expose many low-risk women to invasive
procedures, leading to the overuse of health care resources
and economic waste.15 A standardized ET cutoff value for
this population was urgently essential. In addition, it was
reported that chronic inflammation and carcinogenesis
were closely related, contributing to a relative thrombo-
cytosis, neutrophilia, and lymphocytopenia within the

tumor microenvironment.16 Multiple inflammatory and
coagulation biomarkers, specifically the neutrophil-to-
lymphocyte ratio (NLR), platelet-to-lymphocyte ratio
(PLR), and more recently, the monocyte-to-lymphocyte
ratio (MLR) and fibrinogen-to-albumin ratio (FAR), had
been demonstrated to exhibit significant associations with
various types of malignancies17-20; serum gamma-gluta-
myltransferase (GGT) was supposed to regulate cellular
processes like redox balance which was associated with
etiology of cancer.21 Although complete blood count,
coagulation function, and serum oncologic indicators such
as cancer antigen 125 (CA125) and human epididymis
protein 4 (HE4) were feasible and convenient parameters
that could often be tested before operation in most clinics,
research on the significance of these markers in identifying
endometrial malignancy was scarce. The medical nomo-
gram utilized biological and clinical variables to graphi-
cally depict a statistical model, which generated the
probability of a clinical event for a specific study
cohort.22 If incorporating these parameters into a nomo-
gram model to develop a predictive tool for endometrial
malignancy, it would be conducive to optimizing the
therapeutic plans for postmenopausal patients.

To date, artificial intelligence has been extensively
employed to detect the early warning predictors of many
diseases.23 Machine learning (ML) could handle complex
interactions and nonlinear relationships, resulting in its
increased use in clinical research, and has recently
demonstrated favorable performance in predicting clinical
outcomes, but it was limited by the difficulty of stating the
direct interpretation, known as a so-called “black-box,”
and hence was not actionable.24 To overcome these issues,
the SHapley Additive exPlanation (SHAP) method was
utilized.25 Nevertheless, no researchers have yet focused on
constructing a robust ML model specifically for postmeno-
pausal elderly women with asymptomatic endometrial
thickening, nor has the explainable SHAP approach been
utilized to visualize individual variable predictions.

This study aimed to integrate clinical features,
ultrasound findings, and hematological indicators to
develop an interpretable ML model that could accurately
predict endometrial precancerous and cancerous lesions in
postmenopausal patients with asymptomatic thickened
endometrium, thereby guiding surgical interventions and
supporting clinical decision-making.

METHODS

Study population
Between January 2017 and August 2024, postmeno-

pausal women who were detected with asymptomatic
thickened endometrium by transvaginal sonography
(TVUS) for hysteroscopy assessment at the International
Peace Maternity and Child Health Hospital (Shanghai,
China) (IPMCH) were retrospectively enrolled in this
study. Participants fulfilled the following inclusion criteria:
(1) postmenopausal patients who underwent hysteroscopy
due to asymptomatic endometrial thickening (≥ 5 mm) in
our hospital and obtained postoperative pathological
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results, (2) patients who underwent ultrasound and blood
biochemical examinations within 1 week before surgery
in our hospital, and (3) patients whose clinical character-
istics were complete and available. The exclusion criteria
were as follows: (1) patients with natural menopause
< 12 months, (2) patients who had postmenopausal
vaginal bleeding or discharge, (3) the last TVUS was not
monitored within a week before hysteroscopy at this
hospital by senior sonographer, (4) participants who had
incomplete preoperative data, and (5) patients treated with
anticoagulant or antiplatelet drugs such as aspirin and
clopidogrel. Finally, of the 2,518 screened patients from
IPMCH, 745 patients were eligible for inclusion in the
present study. The patients were then randomly divided
into two independent groups by R software according to
the ratio of 7:3, of which 522 patients were in the training
cohort and 223 were in the internal validation cohort. In
addition, to investigate the performance of the nomogram
model in predicting endometrial malignancy, an external
data set consisting of 226 postmenopausal patients with
asymptomatic endometrial thickening admitted to the
Shanghai General Hospital for hysteroscopy examination
from January 2021 to January 2022 was employed for the
external validation. The inclusion and exclusion criteria
were identical to those of the derivation cohort. This study
was approved by the Institutional Ethics Committee of
IPMCH hospital, and written informed consents were
obtained from all participants. The patients’ data were
deidentified and reorganized in accordance with ethical
standards.

Study indicators
The following clinicopathological variables were

obtained: (1) demographic features, including age, duration
of menopause, gravidity, parity, miscarriages, body mass
index, hypertension, hyperlipidemia, diabetes, coronary
heart disease, history of breast cancer, and use of tamoxifen.
(2) The detection indexes by TVUS: Doppler flow signals,
and ET. (3) Preoperative laboratory examination, including
CA125, human epididymis 4 (HE4), GGT, white blood
cells, neutrophils, lymphocytes, monocytes, platelet count,
hematocrit, red cell distribution width, mean platelet
volume, platelet distribution width, platelet-larger cell ratio,
platelet thrombocytocrit, albumin, neutrophil count and
lymphocyte count ratio (NLR), platelet count and lym-
phocyte count ratio (PLR), monocyte count and lympho-
cyte count ratio (MLR), fibrinogen and albumin ratio
(FAR), prothrombin time, international normalized ratio,
activated partial thromboplastin time, fibrinogen, thrombin
time, D-dimer, fibrin degradation products. The values of
body mass index, NLR, PLR, MLR, and FAR were
calculated based on the corresponding preoperative values.
All measurements were performed in strict accordance with
the manufacturer’s requirements. Transvaginal gray-scale
and color Doppler ultrasound examination was performed
by experienced sonographers using a standardized exami-
nation technique.26 Moreover, to avoid overfitting, the least
absolute shrinkage and selection operator (LASSO) was
used to select and filtrate the independent risk factors.23

Model development and explanation
Multiple ML classification models were applied for

comprehensive analysis after selecting characteristic fac-
tors from all independent variables. We constructed and
tested nine supervised ML models by using their default
hyperparameter settings in the Python Scikit-learn library:
light gradient boosting machine (LightGBM), logistic
regression (LR), random forest, extreme gradient boosting
(XGBoost), support vector machine, gradient boosting
machine (GBM), k-nearest neighbors, gaussian mixture
model, and decision tree. The commonly used evaluation
indexes, including the area under the receiver-operating-
characteristic (ROC) curve (AUC), sensitivity, specificity,
positive predictive value (PPV), negative predictive value
(NPV), accuracy, and F1 score, were used to evaluate the
reliability of these models27; we then screened out the
optimal model.

The elucidation of the prediction model was accom-
plished by the SHAPmethod, which was a unified approach
to rank the importance of input features and explicate the
effects of features on the predicted results.28 SHAP values,
which possessed additivity and interpretability properties,
represented the extent to which a prediction changes when a
feature value was given, relative to the average prediction.29
Of note, SHAP visually offered both global and local
explanations of the model, and the latter could demonstrate
a specific prediction for an individual patient by inputting
the specific information.30

In addition, a combined nomogram model was
developed using highly correlated indicators identified
through LR analysis.31 The accuracy of quantitative
prediction was investigated by using AUC. The consis-
tency between the predicted results and the actual results
was explored by calibration curve and its clinical
effectiveness was determined by using decision curve
analysis (DCA).

Statistical analysis
Data analyses were conducted by using Python

version 3.6.5 (https://www.python.org), SPSS Statistical
Software Version 26.0 (https://www.ibm.com/spss), and R
version 4.0.1 (https://www.R-project.org). Continuous
data with skewed distributions were expressed as median
with interquartile range and compared using the Mann-
Whitney U test. Categorical variables were expressed as
frequencies with percentages and compared using the χ2
test or Fisher exact test. The receiver operating charac-
teristic (ROC) curves were used to evaluate the predictive
power of the model, and the optimal cutoff value was built
by maximizing the Youden index. A bilateral P value
< 0.05 was considered statistically significant.

RESULTS

Patient characteristics
From January 2017 to August 2024, a total of 745

eligible postmenopausal women in our hospital who
underwent hysteroscopy due to endometrial thickening
detected by the TVUS examination were included in this
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study; another 1773 cases who did not meet the inclusion
criteria were excluded. These 745 candidates were
randomly allocated into a training set (n= 552) and an
internal validation set (n= 223) at a 7:3 ratio. In addition,
the external cohort consisting of 226 patients was utilized
as the external validation set. Details of the flowchart are
displayed in Figure 1.

The pathological results of hysteroscopic diagnostic
curettage from thickened endometrium were listed in
Table 1 and Supplementary Figure 1, Supplemental Dig-
ital Content 1, http://links.lww.com/MENO/B463. Among
them, 648 patients (87.0%) were identified as having be-
nign pathological results, including 457 (61.3%) with en-
dometrial polyps, 27 (3.6%) with submucosal fibroids, 18
(2.4%) with endometritis, 46 (6.2%) with atrophic endo-
metrium, 69 (9.3%) with proliferative endometrium, and
31 (4.2%) with endometrial hyperplasia without atypia.
These were defined as a benign group. In addition, there
were 28 cases (3.8%) of AH and 69 cases (9.3%) of en-
dometrial carcinoma (EC), which were classified as the
malignant group. In addition, we further tracked the re-

sults of the subsequent staging surgeries. Among 28
women diagnosed with AH, 2 patients (7.1%) were up-
staged to endometrioid carcinoma. Of the 69 women with
EC, 61 cases underwent staging surgery in our hospital, 52
individuals (88.1%) were classified as stage I, 1 patient
(1.7%) as stage II, and 6 (10.2%) as stage III. Regarding
pathological types, there were 53 cases (86.9%) of endo-
metrioid adenocarcinoma and 8 cases (13.1%) of non-

FIG. 1. Flow chart of the study design. LASSO, least absolute shrinkage and selection operator.

TABLE 1. Pathologic outcomes in postmenopausal asympto-
matic women with thickened endometrium
Type Overall (n= 745) (%)

Normal endometrium 648 (87.0)
Endometrial polyps 457 (61.3)
Submucosal fibroids 27 (3.6)
Endometritis 18 (2.4)
Atrophic endometrium 46 (6.2)
Proliferative phase endometrium 69 (9.3)
Endometrial hyperplasia without atypia 31 (4.2)
Atypical hyperplasia 28 (3.8)
Endometrial cancer 69 (9.3)
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endometrioid carcinoma (2 cases of serous carcinoma, 2
cases of clear cell carcinoma, 1 case of mucinous carci-
noma, 1 case of mesonephric-like adenocarcinoma, and 2
cases of carcinosarcoma). The pathological outcomes were
summarized in Figure 2, Supplementary Table 1, Sup-
plemental Digital Content 1, http://links.lww.com/
MENO/B463, and Supplementary Figure 2, Supple-
mental Digital Content 1, http://links.lww.com/MENO/
B463. Subsequently, we attached importance to the dis-
tribution of ET in 745 participants who had undergone
transvaginal ultrasonography (Supplementary Fig. 3A,
Supplemental Digital Content 1, http://links.lww.com/
MENO/B463 and Supplementary Table 2, Supplemental
Digital Content 1, http://links.lww.com/MENO/B463). It
was noted that the percentage of endometrial carcinoma
and precancerous lesions increased in parallel with the
thickening of the endometrium (Supplementary Fig. 3B,
Supplemental Digital Content 1, http://links.lww.com/
MENO/B463). ET in different histopathological catego-
ries was also shown in Supplementary Figure 4, Supple-
mental Digital Content 1, http://links.lww.com/MENO/
B463. In the training cohort, the mean ET was found to be
significantly greater in patients with AH/EC (10.75 ± 4.86)
than in those with endometrial polyps (8.16 ± 3.22,
P= 0.000), submucosal fibroids (6.60 ± 1.10, P= 0.000),
endometritis (6.01 ± 1.10, P= 0.000), endometrial atrophy
(7.03 ± 1.90, P= 0.000), and proliferative endometrium
(8.20 ± 2.93, P= 0.001). The same finding was observed in
the validation set (Supplementary Table 3, Supplemental
Digital Content 1, http://links.lww.com/MENO/B463).

Specifically, in both the training and validation sets, the
ET value was significantly higher in the malignant group
than in the benign group: the respective comparisons were
10.75 ± 4.86 versus 8.00 ± 3.04 (P< 0.001) for the training
set and 11.49 ± 5.09 versus 7.83 ± 2.94 (P< 0.000) for the
validation set. Further, ROC analysis was used to explore
the cutoff value of ET for predicting endometrial malig-
nancy in this asymptomatic cohort (Supplementary Fig. 5,
Supplemental Digital Content 1, http://links.lww.com/
MENO/B463). The result indicated that the diagnostic
threshold for ET was 8.15 mm with an AUC of 0.716
(95% CI: 0.661-0.743), a sensitivity of 75.0%, and a
specificity of 68.0%.

Comparison of baseline characteristics
To propose a more systematic method for identify-

ing malignancy in postmenopausal patients with thickened
endometrium, clinical and ultrasonic features combined
with preoperative blood routine, coagulation function,
and tumor indicators were comprehensively analyzed.
After randomization grouping, the training and validation
sets exhibited similar parameters (P> 0.05) (Table 2). In
the training cohort, the history of parity, positive Doppler
flow signals, ET by ultrasound imaging, the concentration
of CA125, red cell distribution width, and D-dimer by
hematological tests between the benign and malignant
groups were statistically significant (P< 0.05). The content
of HE4 in the malignant group was higher than that in the
benign group, but the difference was not significant
(P= 0.062). As the levels of inflammatory response

FIG. 2. Presentation of pathological outcomes among EC patients. EC, endometrial carcinoma; MLA, mesonephric-like
adenocarcinoma; UCS, uterine carcinosarcoma.
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TABLE 2. Baseline characteristics in training and validation cohorts
No. of patients

Variables Overall (N= 745) (%) Training set (n= 522) (%) Validation set (n= 223) (%) P

Age (y) 61.93± 6.58 62.05± 6.57 61.63± 6.61 0.450
Duration of menopause (y) 10.00 (5.00, 15.00) 10.00 (5.00, 15.00) 10.00 (5.00, 15.00) 0.727
Gravidity 2.00 (2.00, 3.00) 2.00 (2.00, 3.00) 2.00 (2.00, 3.00) 0.802
Parity 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 0.252
Miscarriages 1.00 (0.00, 2.00) 1.00 (0.00, 2.0) 1.00 (0.00, 2.00) 0.390
BMI (kg/m2) 24.57± 3.44 24.58± 3.48 24.52± 3.34 0.900
Hypertension, n (%)
No 449 (60.30) 317 (60.70) 132 (59.20) 0.695
Yes 296 (39.70) 205 (39.30) 91 (40.80)

Hyperlipidemia, n (%)
No 722 (96.90) 507 (97.10) 215 (96.40) 0.606
Yes 23 (3.10) 15 (2.90) 8 (3.60)

Diabetes, n (%)
No 681 (91.40) 477 (91.40) 204 (91.50) 0.964
Yes 64 (8.60) 45 (8.60) 19 (8.50)

Coronary heart disease, n (%)
No 722 (96.90) 505 (96.70) 217 (97.40) 0.682
Yes 23 (3.10) 17 (3.30) 6 (2.70)

History of breast cancer, n (%)
No 706 (94.80) 496 (95.00) 210 (94.20) 0.634
Yes 39 (5.20) 26 (5.00) 13 (5.80)

Use of tamoxifen, n (%)
No 715 (96.00) 503 (96.40) 212 (95.10) 0.411
Yes 30 (4.00) 19 (3.60) 11 (4.90)

Positive Doppler flow signals, n (%)
No 718 (96.40) 502 (96.20) 216 (96.90) 0.643
Yes 27 (3.60) 20 (3.80) 7 (3.10)

Endometrial thickness (mm) 8.34± 3.47 8.36± 3.46 8.30± 3.50 0.571
CA125 (U/mL) 11.60 (8.90, 15.20) 11.40 (9.00, 15.20) 12.20 (8.80, 15.30) 0.518
HE4 (pmol/L) 56.60 (46.40, 63.10) 53.40 (46.40, 62.80) 54.50 (46.30, 65.00) 0.513
GGT (IU/L) 21.00 (16.00, 32.00) 22.00 (16.00, 33.80) 20.00 (15.50, 31.50) 0.112
WBC (×109/L) 6.00 (5.10, 7.10) 6.00 (5.10, 7.20) 6.00 (5.10, 7.00) 0.919
Neutrophils (×109/L) 3.60 (3.00, 4.60) 3.60 (3.00, 4.70) 3.60 (2.90, 4.30) 0.537
Lymphocytes (×109/L) 1.80 (1.40, 2.20) 1.80 (1.40, 2.10) 1.80 (1.40, 2.20) 0.757
Monocytes (×109/L) 0.40 (0.30, 0.50) 0.40 (0.30, 0.50) 0.40 (0.30, 0.50) 0.506
PLT (×109/L) 229.00 (195.00, 266.00) 226.00 (194.00, 265.20) 234.00 (196.00, 272.00) 0.414
HCT (%) 39.70 (38.10, 41.80) 39.70 (38.10, 41.80) 39.80 (37.80, 42.00) 0.739
MCV (fL) 91.20 (88.60, 93.80) 91.30 (88.70, 93.70) 90.80 (88.30, 94.00) 0.493
RDW (%) 12.50 (12.10, 12.90) 12.50 (12.10, 12.90) 12.50 (12.20, 12.90) 0.346
MPV (fL) 10.40 (9.90, 11.10) 10.40 (9.90, 11.10) 10.40 (9.80, 11.10) 0.519
PDW (fL) 12.00 (10.80, 13.30) 12.00 (10.80, 13.30) 11.90 (10.70, 13.60) 0.908
P-LCR (%) 28.30 (23.90, 33.90) 28.20 (24.00, 33.80) 28.40 (23.10, 34.00) 0.844
PCT (%) 0.20 (0.20, 0.30) 0.20 (0.20, 0.30) 0.20 (0.20, 0.30) 0.414
Albumin (g/dL) 45.10 (42.40, 47.60) 45.30 (42.80, 47.40) 44.80 (42.20, 48.70) 0.905
NLR 2.10 (1.50, 2.70) 2.10 (1.60, 2.80) 2.10 (1.50, 2.60) 0.350
PLR 130.50 (103.10, 164.70) 130.50 (102.80, 164.20) 129.80 (103.80, 167.10) 0.691
MLR 0.22 (0.17, 0.28) 0.21 (0.18, 0.28) 0.21 (0.17, 0.27) 0.213
FAR 0.07 (0.06, 0.08) 0.06 (0.06, 0.07) 0.06 (0.05, 0.07) 0.447
PT (s) 12.60 (12.20, 13.00) 12.60 (12.20, 13.00) 12.60 (12.30, 13.00) 0.402
INR 0.90 (0.90, 1.00) 0.90 (0.09, 1.00) 0.90 (0.90, 1.00) 0.310
APTT (s) 34.70 (32.20, 37.20) 34.70 (32.20, 37.20) 34.90 (32.30, 37.30) 0.456
Fibrinogen (g/L) 3.00 (2.70, 3.30) 3.00 (2.60, 3.40) 3.00 (2.70, 3.30) 0.687
TT (s) 16.90 (16.30, 17.50) 16.90 (16.30, 17.50) 16.90 (16.40, 17.50) 0.463
D-dimer (mg/L) 0.30 (0.20, 0.40) 0.30 (0.20, 0.40) 0.30 (0.20, 0.40) 0.102
FDP (mg/L) 1.60 (1.20, 2.00) 1.60 (1.20, 2.00) 1.60 (1.10, 2.00) 0.579

APTT, activated partial thromboplastin time; BMI, body mass index; CA125, cancer antigen 125; FAR, fibrinogen and albumin ratio; FDP, fibrin degradation products;
GGT, gamma-glutamyltransferase; HCT, hematocrit; HE4, human epididymis 4; INR, international normalized ratio; IQR, interquartile range; MCV, mean corpuscular
volume; MLR, monocyte count and lymphocyte count ratio; MPV, mean platelet volume; NLR, neutrophil count and lymphocyte count ratio; P-LCR, platelet-larger cell
ratio; PCT, platelet thrombocytocrit; PDW, platelet distribution width; PLR, platelet count and lymphocyte count ratio; PLT, platelet count; PT, prothrombin time; RDW,
red cell distribution width; TT, thrombin time; WBC, white blood cells.
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TABLE 3. Comparison of demographic, ultrasonographic, and hematological parameters in training and validation sets
Training set (n= 522) Validation set (n= 223)

Variables
Benign group
(n= 454)

Malignant group
(n= 68) P

Benign group
(n= 194)

Malignant group
(n= 29) P

Age (y) 62.00 (57.00, 67.00) 61.00 (56.00, 67.00) 0.463 62.00 (57.00, 66.00) 60.00 (53.50, 64.50) 0.058
Duration of menopause (y) 10.00 (5.00, 15.00) 10.00 (5.00, 17.00) 0.954 9.00 (6.50, 10.00) 10.00 (5.50, 15.00) 0.050
Gravidity 2.0 (2.0, 3.0) 2.0 (2.0, 3.0) 1.000 2.0 (2.0, 3.0) 2.0 (1.0, 3.0) 0.068
Parity 1.0 (2.0, 1.0) 1.0 (1.0, 1.0) 0.048 1.0 (2.0, 1.0) 1.0 (1.0, 1.0) 0.049
Miscarriages 1.0 (0.0, 2.0) 1.0 (1.0, 2.0) 0.054 1.0 (1.0, 2.0) 1.0 (0.0, 2.0) 0.273
BMI (kg/m2) 24.10 (22.00, 26.60) 24.75 (21.90, 26.90) 0.754 24.15 (22.30, 26.33) 24.70 (21.80, 28.25) 0.136
Hypertension, n (%)
No 275 (60.6) 42 (61.8) 0.851 114 (58.8) 18 (62.1) 0.735
Yes 179 (39.4) 26 (38.2) 80 (41.2) 11 (37.9)

Hyperlipidemia, n (%)
No 441 (97.1) 66 (97.1) 1.000 187 (96.4) 28 (96.6) 1.000
Yes 13 (2.9) 2 (2.9) 7 (3.6) 1 (3.4)

Diabetes, n (%)
No 418 (92.1) 59 (86.8) 0.146 176 (90.7) 28 (96.6) 0.480
Yes 36 (7.9) 9 (13.2) 18 (9.3) 1 (3.4)

Coronary heart disease, n (%)
No 440 (96.9) 65 (95.6) 0.475 189 (97.4) 28 (96.6) 0.571
Yes 14 (3.1) 3 (4.4) 5 (2.6) 1 (3.4)

History of breast cancer, n (%)
No 430 (94.7) 66 (97.1) 0.558 182 (93.8) 28 (96.6) 1.000
Yes 24 (5.3) 2 (2.9) 12 (6.2) 1 (3.4)

Use of tamoxifen, n (%)
No 436 (96.0) 67 (98.5) 0.492 184 (94.8) 28 (96.6) 1.000
Yes 18 (4.0) 1 (1.5) 10 (5.2) 1 (3.4)

Positive Doppler flow signals, n (%)
No 445 (98.0) 57 (83.8) 0.001 190 (97.9) 26 (89.7) 0.001
Yes 9 (2.0) 11 (16.2) 4 (2.1) 3 (10.3)

Endometrial
thickness (mm)

8.00± 3.04 10.75± 4.86 < 0.001 7.83± 2.94 11.49± 5.01 < 0.000

CA125 (U/mL) 11.00 (8.50, 14.00) 15.20 (11.0, 22.75) < 0.001 11.70 (8.65, 14.88) 14.20 (10.85, 20.26) 0.006
HE4 (pmol/L) 52.45 (45.25, 61.20) 55.90 (48.80, 68.70) 0.062 55.00 (46.10, 65.36) 53.80 (46.38, 64.71) 0.364
GGT (IU/L) 22.00 (16.00, 33.50) 22.00 (15.00, 34.00) 0.678 20.00 (16.00, 28.00) 19.00 (14.00, 35.00) 0.526
WBC (×109/L) 6.00 (5.10, 7.24) 6.00 (4.88, 7.46) 0.998 6.00 (5.20, 7.00) 6.20 (5.00, 7.50) 0.989
Neutrophils (×109/L) 3.50 (2.91, 4.63) 3.91 (2.91, 4.77) 0.549 3.60 (2.90, 4.30) 3.50 (2.90, 5.00) 0.891
Lymphocytes (×109/L) 1.80 (1.40, 2.17) 1.70 (1.37, 2.03) 0.477 1.80 (1.40, 2.20) 1.60 (1.20, 1.90) 0.071
Monocytes (×109/L) 0.40 (0.30, 0.50) 0.40 (0.30, 0.50) 0.642 0.40 (0.30, 0.50) 0.40 (0.30, 0.50) 0.830
PLT (×109/L) 226.00 (194.00, 265.00) 233.50 (202.80, 265.80) 0.625 227.00 (197.50, 260.00) 235.00 (195.00, 273.00) 0.699
HCT (%) 39.60 (38.10, 41.70) 40.10 (37.40, 42.00) 0.502 39.80 (38.00, 42.00) 39.60 (37.30, 41.70) 0.662
MCV (fL) 91.36 (88.17, 93.62) 92.26 (88.70, 93.97) 0.407 91.00 (88.50, 94.10) 90.10 (87.00, 93.20) 0.381
RDW (%) 12.50 (12.10, 12.90) 12.62 (12.33, 13.17) 0.037 12.40 (12.10, 12.80) 12.60 (12.30, 13.20) 0.028
MPV (fL) 10.40 (9.90, 11.10) 10.60 (10.00 11.20) 0.350 10.50 (9.80, 11.10) 10.30 (9.80, 11.20) 0.648
PDW (fL) 11.90 (10.80, 13.20) 12.20 (11.50, 13.60) 0.050 12.00 (10.60, 13.50) 11.90 (11.00, 13.80) 0.966
P-LCR (%) 28.10 (23.90, 33.80) 28.90 (25.90, 33.90) 0.252 28.90 (23.00, 34.00) 28.60 (23.80, 35.00) 0.736
PCT (%) 0.20 (0.20, 0.30) 0.20 (0.20, 0.30) 0.573 0.20 (0.20, 0.30) 0.20 (0.20, 0.30) 0.521
Albumin (g/dL) 45.41 (42.63, 47.64) 44.70 (43.00, 47.00) 0.672 45.90 (42.60, 48.80) 43.50 (40.30, 47.90) 0.192
NLR 2.00 (1.50, 2.78) 2.30 (1.70, 2.70) 0.396 2.00 (1.50, 2.60) 2.30 (1.70, 3.10) 0.173
PLR 129.70 (100.70, 164.90) 133.50 (115.10, 156.40) 0.450 129.70 (103.80, 163.70) 133.10 (106.10, 198.20) 0.252
MLR 0.21 (0.18, 0.28) 0.23 (0.18, 0.28) 0.461 0.20 (0.17, 0.27) 0.25 (0.17, 0.33) 0.155
FAR 0.07 (0.06, 0.08) 0.07 (0.06, 0.07) 0.731 0.06 (0.06, 0.07) 0.07 (0.05, 0.10) 0.389
PT (s) 12.50 (12.20, 12.90) 12.70 (12.30, 13.00) 0.218 12.60 (12.30, 12.90) 12.60 (12.10, 13.00) 0.914
INR 0.90 (0.90, 1.00) 0.90 (0.90, 1.00) 0.260 0.90 (0.90, 1.00) 0.90 (0.90, 1.00) 0.910
APTT (s) 34.70 (32.20, 37.40) 34.60 (31.60, 36.20) 0.284 34.90 (32.40, 37.30) 34.70 (32.20, 37.20) 0.885
Fibrinogen (g/L) 3.00 (2.60, 3.40) 3.10 (2.70, 3.40) 0.495 3.00 (2.70, 3.30) 3.10 (2.80, 3.70) 0.247
TT (s) 16.80 (16.30, 17.50) 17.00 (16.30, 17.90) 0.220 16.90 (16.40, 17.40) 17.00 (16.30, 18.00) 0.319
D-dimer (mg/L) 0.30 (0.20, 0.40) 0.40 (0.20, 0.70) 0.004 0.30 (0.20, 0.40) 0.40 (0.20, 0.50) 0.038
FDP (mg/L) 1.60 (1.20, 2.00) 1.60 (0.90, 2.10) 0.512 1.60 (1.10, 2.10) 1.40 (0.80, 1.70) 0.195

APTT, activated partial thromboplastin time; BMI, body mass index; CA125, cancer antigen 125; FAR, fibrinogen and albumin ratio; FDP, fibrin degradation products;
GGT, gamma-glutamyltransferase; HCT, hematocrit; HE4, human epididymis 4; INR, international normalized ratio; IQR, interquartile range; MCV, mean corpuscular
volume; MLR, monocyte count and lymphocyte count ratio; MPV, mean platelet volume; NLR, neutrophil count and lymphocyte count ratio; P-LCR, platelet-larger cell
ratio; PCT, platelet thrombocytocrit; PDW, platelet distribution width; PLR, platelet count and lymphocyte count ratio; PLT, platelet count; PT, prothrombin time; RDW,
red cell distribution width; TT, thrombin time; WBC, white blood cells.
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biomarker and coagulation had been associated with ad-
verse clinical outcomes in endometrial tissues,20,32,33 the
preoperative NLR, PLR, MLR, and FAR ratios were also
analyzed. The exploration revealed that neutrophil counts,
platelet counts, and the ratios of NLR, PLR, and MLR
were elevated in malignancies, but the results were not
statistically significant. Although increased serum GGT
was considered an independent risk factor of EC in
Korea,21 there were no significant differences in serum
GGT level between the malignant and benign groups
(Table 3). Subsequently, the factors with statistical dif-
ference were further selected for multivariate LR analysis,
which indicated that parity, Doppler flow signals, ET,
CA125, and D-dimer were independent contributors to the
development of malignancy (Table 4 and Fig. 3). Then,
the prediction equation was established as follows: the
probability of malignancy=−1.208 × parity + 2.114 ×
blood signals + 0.157 × ET + 0.029 × CA125 + 1.175 ×
D-dimer − 2.495.

Screening of characteristic factors by LASSO
analysis

LASSO regression analysis could compress variable
coefficients to prevent overfitting and solve the problems
of severe collinearity,34 so LASSO was conducted on the
total 41 variables with presence of malignancy as the
dependent variable. It was worth noting that (lambda with
minimum mean square error= 0.015) 41 variables were
reduced to 11, including PLR, albumin, neutrophils,
D-dimer, HE4, blood signals, ET, age, parity, use of
tamoxifen, and CA125 (Fig. 4A, B). To further reduce the
impact of confounding factors, the above 11 factors were
intersected with the 5 independent variables by multi-

variate LR.35 Finally, D-dimer, blood signals, ET, parity,
and CA125 were screened out as characteristic factors.

Comprehensive analysis of classified multi-ML
models

The selected features were utilized to generate nine
ML models to predict the occurrence of endometrial
malignancy. Among the nine models, LR model (AUC=
0.810) had the best predictive effect for endometrial
malignancy with a sensitivity of 0.78, a specificity of 0.98,
a PPV of 0.56, an NPV of 0.89, an accuracy of 0.88, and
an F1 score of 0.59, followed by random forest model
(AUC= 0.800), LightGBM model (AUC= 0.800), and
XGBoost model (AUC= 0.780). The discriminative per-
formances of these models are summarized in Table 5, and
the ROC curves for the top four best-performing ML
models are presented in Figure 5. Comprehensive analysis
demonstrated that the LR model could be considered as
the superior model.

The SHAP to model interpretation
To visually explicate the selected variables, we used

SHAP to illustrate how these variables predicted the
formation of EC in the model.30 Figure 6A showed the
ranking of five risk factors evaluated by the average ab-
solute SHAP value, with the x-axis SHAP value exhibiting
the importance of the forecast model. Ranked by mean
absolute SHAP values from highest to lowest, the elements
were listed as follows: CA125, ET, D-dimer, parity, and
blood signal. The SHAP summary plot showed the impact
of each feature on the prediction model (Fig. 6B). In each
line, the attributions of all individuals to the results were
plotted with different colored dots; the red dots repre-
sented high-risk values and blue dots denoted low-risk
values. Based on the prediction model, a higher SHAP
value of a feature indicated a greater likelihood of ma-
lignancy. Thus, reduced parity, positive blood flow sig-
nals, thickened endometrium, increased CA125, and
D-dimer were associated with a higher SHAP value, in-
dicating a higher likelihood of EC in postmenopausal
asymptomatic patients. Figure 6C, D shows the summary
plot of interaction values, which were obtained by de-
composing the SHAP values of all features. A SHAP
value plot, a type of heat map, was used to interpret the
output of the ML model, which visually displayed how the

FIG. 3. The results of the multivariate logistic analysis are shown by the forest map.

TABLE 4. Multivariate logistic analysis to identify independent
factors for endometrial malignancy
Variables Odds ratio (95% CI) P

Parity 0.299 (0.149-0.600) < 0.001
Endometrial thickness (mm) 1.670 (1.389-2.356) < 0.001
Positive Doppler flow signals 8.281 (2.267-30.253) 0.001
CA125 (U/mL) 1.429 (1.104-1.754) 0.021
RDW (%) 1.002 (0.821-1.223) 0.982
D-dimer (mg/L) 3.239 (1.535-6.835) 0.002

CA125, cancer antigen 125; RDW, red cell distribution width.

Yang et al Menopause � Volume 33, Number 5, May 2026

600 | © 2026 The Author(s). Published by Wolters Kluwer Health, Inc. on behalf of The Menopause Society.



five features affected model predictions. The plot vi-
sualized feature importance using a color scale, with each
row representing a distinct feature and each column cor-
responding to an individual instance. The color intensity
was correlated with the SHAP value, and red indicated a
high positive influence on the model’s output prediction,
while blue indicated a negative impact (Fig. 6E). Fur-
thermore, local explanation could display how a certain
prediction was made for a specific case by incorporating
the individualized data. Figure 6F shows a patient who
did not develop EC with a thickened endometrium. It
represented this patient toward the “EC” class with a
probability of 4.6%, according to the prediction model.
Furthermore, we presented two additional typical exam-
ples to display the interpretability of the model (Fig. 6G
and Supplementary Fig. 6, Supplemental Digital Content
1, http://links.lww.com/MENO/B463). The color stood for
the contributions of each feature, with red being positive
and blue being negative, and the length of the color bar
represented the contribution strength. For one patient,
who was in the “true positive” group, the LR model
predicted an 80.0% probability of EC (Fig. 6G). For an-
other patient in the “true negative” group, the decision
leaned toward “EC” with a probability of 3.0% (Supple-

mentary Fig. 6, Supplemental Digital Content 1, http://
links.lww.com/MENO/B463). Besides, a force plot of in-
terpretation for patients in the original cohort was illus-
trated in Supplementary Figure 7, Supplemental Digital
Content 1, http://links.lww.com/MENO/B463. The x-axis
represented each individual, and the y-axis represented the
contributions of the features. An increased red part for
each patient represented a greater probability toward the
decision of “EC.”

Establishment of predictive nomogram
Meanwhile, a nomogram incorporating these inde-

pendent parameters was constructed to visualize the model
(Fig. 7). Each parameter was assigned a score based on the
characteristics of each individual, and the total score was
then calculated to obtain the risk probability.36 ROC
analysis in the training set showed that the AUC of the
nomogram model was 0.82 (95% CI, 0.76-0.88), with a
sensitivity of 84%, a specificity of 67%, a PPV of 91%, and
an NPV of 51% at the cutoff point of 0.207, suggesting the
superior differential diagnostic performance of the model
(Fig. 8A). In the internal validation cohort, the AUC was
0.82 (95% CI, 0.76-0.87), with 78% sensitivity, 68% spec-
ificity, 91% PPV, and 44% NPV (Fig. 8B). In the external

FIG. 4. LASSO regression analysis was used to select characteristic features. (A) The use of 10-fold cross-validation to draw vertical
lines at selected values, where the optimal lambda could produce nonzero coefficients. (B) In the LASSO model, the profiles of 41
texture features were drawn from the log (λ) sequence. Vertical dotted lines were drawn at the minimum mean square error
(λ=0.015) and the standard error of the minimum distance (λ=0.068). LASSO, least absolute shrinkage and selection operator.

TABLE 5. Performance of machine learning models for predicting endometrial malignancy
Model AUC Sensitivity Specificity F1 score Accuracy PPV NPV

DT 0.702 0.29 0.92 0.32 0.83 0.36 0.88
Gaussian 0.738 0.32 0.95 0.39 0.86 0.50 0.89
KNN 0.734 0.10 1.00 0.18 0.88 0.99 0.87
GBM 0.778 0.42 0.94 0.46 0.87 0.52 0.90
SVM 0.754 0.03 0.99 0.06 0.87 0.50 0.87
XGBoost 0.780 0.41 0.93 0.43 0.87 0.47 0.92
RF 0.800 0.32 0.97 0.42 0.89 0.60 0.91
LR 0.810 0.78 0.98 0.59 0.88 0.56 0.89
LightGBM 0.800 0.32 0.94 0.38 0.87 0.44 0.91

AUC, area under the curve; DT, decision tree; Gaussian, Gaussian naive Bayesian model; GBM, Gradient Boosting Model; KNN, K-Nearest Neighbors; LightGBM,
light gradient boosting machine; LR, logistic regression; NPV, negative predictive value; PPV, positive predictive value; RF, random forest; SVM, support vector machine;
XGBoost, eXtreme gradient boosting.
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validation cohort, which consisted of 226 eligible cases,
the AUC reached 0.81 (95% CI, 0.72-0.88), with 82%
sensitivity, 75% specificity, 96% PPV, and 35% NPV
(Fig. 8C and Table 6). Detailed information on variables
from the external validation set was provided in Supple-
mentary Table 4, Supplemental Digital Content 1, http://
links.lww.com/MENO/B463. The calibration plot in-
dicated a high degree of consistency between the bias-
corrected curve and the ideal curve in the training, internal
validation set, and external validation sets, respectively
(Fig. 8D–F). In addition, the clinical utility of the
nomogram was evaluated via DCA. Results from the
DCA demonstrated that this novel diagnostic nomogram
provided greater benefit compared with two extreme
strategies—treating all patients or treating none. Fur-
thermore, the nomogram achieved optimal clinical ap-
plicability across nearly the entire range of threshold
probabilities in the training set, internal validation set, and
external validation set (Fig. 9A, B and C).

DISCUSSION
This was the first retrospective study with external

cohort validation that aimed to investigate and compare nine
ML models for the comprehensive predictive analysis of
endometrial malignancy in postmenopausal patients present-
ing with asymptomatic endometrial thickening. We screened
out a set of independent predictive risk factors and
constructed a practical preoperative prediction nomogram
model using clinically accessible data from the medical
system, including clinical, ultrasonographic, and blood-
related variables. Furthermore, our study provided pictorial
and meaningful explanations using the SHAP method.

Current management of postmenopausal women
regarding endometrial biopsy or hysteroscopy relies on
clinical symptoms and ultrasound findings.37 TVUS was an
extremely common and noninvasive examination in gyne-

cology, and an accumulating body of research indicated that
ET measurement via TVUS was a vital factor in EC
screening.4,38 Women with postmenopausal abnormal bleed-
ing and ET < 5 mm as measured by TVUS were judged to
have an NPV of 99% for EC and could refrain from
endometrial sampling.39,40 Sonographic ET ≥ 5 mm was
supposed to be associated with a high risk of EC in women
with PMB,7 and then it was necessary to obtain an
endometrial sample to exclude malignancy. In addition,
more than 10%-15% of women with EC were asymptomatic
at the time of diagnosis, and the incidence of endometrial
malignancy among patients with asymptomatic polyps or
thickened endometriumwas very low.41 The clinical manage-
ment of this population had not been standardized. If the ET
threshold of 4 or 5 mm for patients with vaginal bleeding was
applied to asymptomatic women, the yield of invasive
procedures (hysteroscopy and curettage) would cause
unnecessary interventions and severe complications, trauma-
tizing the physical and psychological well-being of the most
elderly asymptomatic individuals.42 To determine the
optimal cutoff value of ET and establish a highly available
model for this population, we retrospectively analyzed 745
postmenopausal patients with asymptomatic endometrial
thickening, which was defined as postmenopausal double-
layered ET ≥5 mm.43,44 To avoid overfitting of data, the
cohort was randomly separated into a training set and a
validation set at a ratio of 7:3. Our analysis revealed that age,
time of menopause, and other clinical conditions (systemic
arterial hypertension, diabetes, and use of tamoxifen) were
not recognized as risk factors for endometrial malignancy.
Similarly, Jokubkiene et al45 reported that among asympto-
matic postmenopausal women, there were no substantial
differences in ultrasound findings and pathological results
between those who received hormone therapy and those who
did not45, which still requires extensive research to confirm.

Besides that, parity, Doppler flow signals, ET,
CA125, and D-dimer were identified as independent risk
factors for EC and precancerous lesions in postmenopausal
patients. We put forward that endometrial lesions with
positive Doppler flow signals could serve as an indicator of
nonbenign endometrial pathology, which was in agreement
with Li’s statement.46 In addition, we proposed that an ET
of 8.15 mm was the optimal threshold to predict EC and
precancerous lesions with 75% sensitivity and 68.0%
specificity in the asymptomatic group. Consistently, Park
et al47 found that the ultrasonographic measurement of ET
exhibited high diagnostic efficacy in predicting endometrial
pathology, with an optimal cutoff value of 8 mm with a
sensitivity of 100% and a specificity of 24.3% in premeno-
pausal and postmenopausal women. Meanwhile, Ai et al38
considered that the proper threshold of ET in predicting
malignancy was 9.5mmwith 71.70% sensitivity and 71.69%
specificity in asymptomatic women. Suarez et al48 demon-
strated that the ET threshold of 8 mm was statistically
significant in asymptomatic postmenopausal women, and
when the cutoff point was ≥ 12.55 mm, the possibility of
endometrial malignancies increased by 4.68 times. Never-
theless, Goldstein13 suggested that there was no association
between Doppler flow or resistive index and the risk of

FIG. 5. Performance of ML models to predict EC. AUC, area
under the receiver operating characteristic (ROC) curve; EC,
endometrial carcinoma; LR, logistic regression; LightGBM, light
gradient boosting machine; ML, machine learning; RF, random
forest; XGboost, eXtreme gradient boosting.
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FIG. 6. Global model interpretation by the SHAP method. (A) The classified bar charts of the SHAP summary plots show the
influence of each parameter on the model. (B) The beeswarm map of the model by SHAP shows the relationship between the
characteristic value and the predicted probability through colors, including positive (red color) and negative (blue color) predictive
effects. (C, D) SHAP interaction plots for the features affecting the prediction of endometrial malignancy. (E) SHAP absolute value
heat map for all postmenopausal asymptomatic patients. The x-axis represented each instance, the feature importance was
displayed in descending order on the y-axis, and the color described the direction and strength of the influence of the feature on
the instance. (F) Waterfall plot of the risk contributed by each feature for the individual at low risk of developing EC. (G)
Interpretability analysis of one independent sample by force plot. The SHAP value represented the predictive characteristics of
individual patients and the contribution of each to the predictive malignancy. The number in bold was the probability forecast
value (f(x)), while the base value was the predicted value without providing input to the model. The f(x) was the logarithmic ratio of
each observation. Red features indicated increased risk of malignancy, and blue features indicated reduced risk of malignancy. The
length of the arrows helped visualize the extent to which the prediction was affected. The longer the arrow, the greater the effect.
CA125, cancer antigen 125; EC, endometrial carcinoma; SHAP, SHapley Additive exPlanation.
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neoplasm in a study of 61 women with polyps. Karlsson
et al49 revealed that the utility of TVUS to exclude
pathology should not be extrapolated to asymptomatic
postmenopausal women without bleeding, and an endo-
metrial measurement > 4 mm does not need to routinely
trigger evaluation. In addition, on the basis of survival
measures, Segev et al50 considered that screening for EC in
symptomatic women had yet to be proven as an effective

preventive measure; thus, invasive operations in asympto-
matic women with incidental ultrasonographic findings
should be carefully weighed. These distinct findings of
scholars may result from imbalances in the baseline data,
selection bias, and the limited sample size, and may not
synchronously take clinical features, ultrasonic manifesta-
tions, and hematological tests into account, which offered
guidance for our research.

FIG. 7. A nomogram for predicting endometrial malignancy in postmenopausal asymptomatic patients. CA125, cancer
antigen 125.

FIG. 8. ROC analyses and the calibration curves of the promising predictive model. ROC analysis in the training (A), internal
validation data set (B), and external validation data set (C), respectively. The calibration curves of the training (D), internal
validation data set (E), and external validation data set (F), respectively. AUC, area under the curve; ROC, receiver operating
characteristic.
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Hence, unlike the majority of current research that
depended on a single ET indicator, our work focused on
establishing a comprehensive preoperative nomogram
model by integrating five independent risk factors—
including parity, Doppler flow signals, ET, CA125, and
D-dimer—via multivariate regression analysis. The
nomogram was concise and intuitive for clinical use. Most
importantly, it was validated in both the internal and ex-
ternal validation cohorts, with corresponding AUC values
of 0.82 (95% CI, 0.76-0.87) and 0.81 (95% CI, 0.72-0.88),
respectively. Both the internal and external calibration
curves indicated a close match between the observed and
predicted probabilities. The DCA curves revealed superior
net benefits across a threshold probability range (15%-
95%) compared with that of treat-all-patients or treat-
none-patients, which highlighted the excellent perfor-
mance of the model.

To date, there have been few in-depth investigations
into EC prediction in asymptomatic postmenopausal
women. This was primarily due to the small number of
malignant cases and the heterogeneous underlying
pathophysiology of EC, which has led to biased conclusions
and limited clinical utility. In the present study, we system-
atically collected 97 premalignant and malignant cases over
the past 7 years. This approach increased the proportion of
malignant cases, thereby enhancing the credibility and
relevance of our analysis. The ML technique was a powerful
computational method for handling complex and extensive
data, as it could process highly variable data sets and capture
the complex relationships between variables in a flexible
manner.51 Combining readily available clinical data with
sophisticated ML algorithms could facilitate the develop-
ment of clinical prediction models, making them more

accessible and useful for clinicians and researchers.52 Among
nine ML models, the LR model yielded the optimal AUC
value, along with a strong net benefit and applicability across
a high threshold probability range. In line with our findings,
Lei et al28 also proved that the LR method had unexception-
able predictive value in the field of medicine. Although
additional variables may provide more information for the
prediction model, including too many features could restrict
the model’s clinical applicability, and incorporating non-
causal featuresmay reduce prediction accuracy.53 At present,
we employed an intersection approach combining multi-
variate regression analysis and LASSO to screen 5 inde-
pendent factors from 41 variables for model construction.
This dual-method screening strategy reduced biases associ-
ated with single-method variable selection, thereby enhanc-
ing the credibility and robustness of the developed model.
The features could be conveniently obtainable before routine
surgery, making the model a promising tool for identifying
endometrial malignancy in postmenopausal women with
early endometrial thickening.

The ML technique had been characterized as a
“black-box” without a direct explanation about how
predictions were derived. This lack of transparency might
cause clinicians to hesitate in using it, as they are reluctant
to make medical decisions on opaque information.54 This
brought to light another advantage of our research,
namely, we used the SHAP approach to interpret the
“black-box.” The SHAP method could offer two explan-
atory approaches: a global explanation, which illustrated
the model’s general functionality, and a local one, which
explained how the model produced a specific prediction
for an elderly patient by incorporating their unique
data.23,55 We assessed the contribution of each predictor

TABLE 6. The evaluation of the performance of the nomogram
Data set AUC (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)

Training set 0.82 (0.76-0.88) 0.80 (0.75-0.85) 0.84 (0.79-0.89) 0.67 (0.54-0.79) 0.91 (0.87-0.95) 0.51 (0.40-0.63)
Internal validation set 0.82 (0.76-0.87) 0.76 (0.67-0.84) 0.78 (0.70-0.87) 0.68 (0.49-0.88) 0.91 (0.84-0.97) 0.44 (0.27-0.61)
External validation set 0.81 (0.65-0.96) 0.81 (0.72-0.88) 0.82 (0.74-0.90) 0.75 (0.51-0.99) 0.96 (0.92-1.00) 0.35 (0.16-0.53)

AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value.

FIG. 9. Decision curve for evaluating the performance of the nomogram. DCA in the training cohort (A), internal validation cohort
(B), and external validation cohort (C). DCA, decision curve analysis.
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variable to the outcome predicted by the LR model. The
concentration of CA125 had the strongest predictive value
for all prediction horizons, followed by ET, D-dimer,
parity, and Doppler flow signals. With SHAP force plots,
the features associated with each individual patient and
their respective contributions to malignancy prediction
could be presented in a clear, intuitive manner.

When discussing the implications of our findings, it
was essential to recognize several limitations inherent in
the study. First, endometrial tumors presented with
complex pathophysiological processes and were linked to
a wide range of etiologies. The issue of whether this model
performed well in predicting various EC subtypes
remained an open question. Second, due to gaps in data
availability and constraints of the information system,
several hematological parameters (including liver and
kidney function, blood lipids, calcium ions, and magne-
sium ions) and additional ultrasound indicators (such as
uniform echogenicity, intracavitary fluid, and uterine
cavity vascular patterns) were not incorporated into the
analytical framework. There was a lack of nationwide
data sources, and selection bias was present in the process
of data input. Fortunately, robust cross-validation and
external validation procedures provided sufficient sta-
tistical power to thoroughly investigate the prediction
model in this study. Third, this model was developed
based on the Chinese population, and its applicability to
global populations had not yet been explored. Further
investigation was required to evaluate its generalizability.

CONCLUSIONS
We successfully developed an explainable ML model

for predicting endometrial precancerous and cancerous
lesions in postmenopausal women with asymptomatic
endometrial thickening. This model was constructed using
clinical, ultrasound, and hematological data—all of which
could be easily extracted from the medical information
systems. In both internal and external validation cohorts,
the final nomogram model exhibited remarkable accuracy
in predicting endometrial malignancy. Owing to its broad
clinical applicability, the model would be a promising tool
for clinical decision-making, potentially preventing un-
necessary invasive surgeries in most benign patients.
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