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Objective: The risk of lymph node metastasis significantly influences the choice
of surgical strategy for patients with early-stage endometrial cancer. While
sentinel lymph node dissection can be considered in clinically early-stage
endometrial cancer, lymph node evaluation might be omitted in patients with
very low risk of lymph node metastasis. This study aims to develop a predicting
model for lymph node metastasis in these patients, identifying potential
metastases as thoroughly as possible to provide clinicians with a preoperative
reference that helps in decisions about surgical procedures and treatments.
Materials and Methods: We retrospectively collected data from 4,400 cases
across two centers to develop a predictive model for lymph node metastasis in
patients with early-stage endometrial cancer using a Fully-connected (FC)
Network. Internal validation was performed, and an additional 750 cases were
prospectively collected from subcenter 1 for external validation. After comparing
commonly used imputation methods, missing values were filled using the K-
Nearest Neighbors (KNN) for the highest sensitivity of the model. The model was
evaluated by precision, sensitivity, specificity, and overall accuracy. The
performance of the model was compared to other machine-learning models.
The risk stratification was divided by 1%, 5%, and 25%. Combining the results of
Logistic regression, the pathological subtype-specific nomograms were
constructed and served as alternatives to the FC Network.

Results: The FC Network achieved the highest sensitivity—0.982 in internal
validation and 0.900 in external validation—demonstrating exceptional
performance in identifying patients with probable lymph node metastasis
compared to other machine-learning methods. Considering the prognostic
implications of histological subtypes, subtype-specific nomograms were
constructed, achieving AUCs of 0.810/0.784/0.834 for non-aggressive and
0.726/0.810/0.650 for aggressive subtypes across the training, internal, and
external cohorts.
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Conclusions: The model proposed in this study can be used for risk prediction of
lymph node metastasis in early-stage patients. The nomograms can be used as a
feasible and easily used alternative for the model.

early-stage, endometrial cancer, lymph node metastasis, fully-connected network,

prediction model

1 Introduction

Endometrial cancer (EC) is the fourth most common female
malignant tumor (1). According to the data released by
GLOBOCAN?2022, the incidence of endometrial cancer has been
rising in many countries, posing a serious threat to women’s health
(2). The early symptoms of endometrial cancer include abnormal
uterine bleeding, especially in postmenopausal women, which could
be detected without specific examination (3, 4). In recent years,
improved health awareness has led to earlier diagnoses, increasing
the possibility of complete recovery. Lesions confined to the uterus
without evidence of extrauterine metastasis confirmed by
preoperative imaging evaluation were considered clinically early-
stage disease. Patients at this stage have less than a 10% chance of
lymph node metastasis. EC encompasses a range of pathological
subtypes, including serous and clear cell carcinomas, which are
associated with higher risks of lymph node metastasis. Current
guidelines recommend total hysterectomy with bilateral salpingo-
oophorectomy (TH/BSO) and surgical staging for patients suitable
for primary surgery, with lymph node assessment being a key
component. Lymph node dissection can assess lymph node
involvement, it does not improve the prognosis for these patients
(5, 6). Conversely, excessive lymph node dissection may cause
postoperative complications such as lower limb lymphedema,
which is strongly related to the decreased quality of life (7), and
did not improve disease-free or overall survival (8). However, there
are still some patients with clinical early-stage endometrial cancer
who have lymph node metastases at the time of diagnosis (9, 10). If
these patients had not received appropriate treatments, they would
have a high risk of postoperative recurrence. Therefore, it is crucial
to find a non-surgical way to identify those with a relatively high
risk of lymph node metastasis in patients with clinical early-stage
endometrial cancer, especially before surgery.

A study extracted features from magnetic resonance imaging
(MRI) to construct a nomogram for prediction of risk of lymph
node metastasis in clinically early-stage endometrial cancer
patients, demonstrating good performance (11). Another study
combined CA125 and HE4 to predict the risk of lymph node
metastasis in early-stage patients, finding that HE4 alone could
achieve good sensitivity. In our study, we aimed to establish a
predictive model for lymph node metastasis in patients with
clinically early-stage endometrial cancer using a Fully-connected
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network—a method widely used in other medical research. We
comprehensively utilized general information, classical pathological
parameters, laboratory tests, imaging data, and molecular
classification. Incorporating various types of data allows for a
more accurate preoperative evaluation of patients, while
employing a more efficient and accurate machine-learning
method- Fully-connected Network enhances the model’s
predictive effectiveness.

2 Materials and methods

This study was conducted according to the Declaration of
Helsinki and approved by the Ethical Committee of Obstetrics
and Gynecology Hospital of Fudan University (2020-169) and the
Ethical Committee of Cancer Hospital of Fudan University.

2.1 Study cohorts and the subgroups

4400 cases of endometrial cancer who received primary surgery
in Obstetrics and Gynecology Hospital of Fudan University
(defined as Subcenter 1) between January 2016 and February
2023 were enrolled in this study. And 1995 cases who received
primary surgery between January 2013 and October 2020 in Cancer
Hospital of Fudan University (defined as Subcenter 2) were
collected. The variables included in this model collected by these
two centers during these time frames were relatively uniform and
complete. The inclusion criteria for the study were: (1) pathological
diagnosis of EC by preoperative endometrial biopsy; (2)
preoperative imaging (chest CT and pelvic/abdomen enhanced
CT/MRI) suggesting tumor confinement to the uterine body,
without evidence of extrauterine involvement; (3) comprehensive
staging surgery performed, including total hysterectomy + bilateral
salpingectomy +/- bilateral oophorectomy + pelvic
lymphadenectomy or sentinel lymph node biopsy +/- para-aortic
lymphadenectomy or biopsy +/- omentectomy.

The exclusion criteria for the study were: (1) patients without
preoperative imaging evaluation; (2) patients with conservative
treatment for more than 3 months; (3) had other reproductive
system malignancies; (4) received preoperative adjuvant
chemotherapy or radiotherapy. The detailed number of cases is
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shown in Figure 1. A final number of 3920 cases were
retrospectively included in this study. The retrospective cohort
was randomly divided into the training and internal validation
cohorts in a ratio of 4:1. Following the development of the model,
we prospectively collected an additional 750 cases from Subcenter 1
between March 2023 and October 2023 for the purpose of external

10.3389/fonc.2025.1627662

validation. Based on the same inclusion criteria, a total of 572
patients were ultimately included in the external validation cohort.
To evaluate the impact of molecular classification on model
performance, a predefined subgroup was established, consisting of
cases with complete molecular subtype information—340 from the
retrospective cohort and 276 from the prospective cohort.

a
Subcenter 1 Subcenter 2
Jan. 2016-Feb. 2023 Jan. 2013-Oct. 2020
n=4400 n=1995
[ ]
¥
Inclusion Criteria Exclusion Criteria
(1) preoperative endometrial biopsy pathology (1) patients without imaging evaluation.
confirming endometrial cancer. (2) conservative treatment for more than 3 months.
(2) preoperative imaging suggesting tumor (3) patients with combination of other genital
confinement to the uterine body. malignancies.
(3) comprehensive staging surgery performed. (4) preoperative adjuvant therapy (chemotherapy
or radiotherapy).
Specific Number of Exclusion Cases:
(Dwithout MRI evaluation, n=1686.
)MRI clearly suggestive of metastasis, n=180.
reoperative pathology suggesting non-EC, n=271.
(4patients without lymph node evaluation or
combination of other genital malignancies, n=291.
(Bpreoperative adjuvant therapy or conservation
treatment for more than 3 months, n=47.
Total
n=3920
Randomly divide (4:1)
I—___l______ - - — — "
| ) |
Training cohort Validation cohort .
| n=3136 =784 Retrospective cohort |
L______l__________J
Subgroup
n=340
With complete molecular type
b Subcenter 1

n=750

Mar. 2023-Oct. 2023

Inclusion Criteria

(1) preoperative endometrial biopsy pathology
confirming endometrial cancer.

(2) preoperative imaging suggesting tumor
confinement to the uterine body.

(3) comprehensive staging surgery performed.

(1)
(2)
@)

(4)

Exclusion Criteria

patients without imaging evaluation.
conservative treatment for more than 3 months.
patients with combination of other genital
malignancies.

preoperative adjuvant therapy (chemotherapy
or radiotherapy).

Specific Number of Exclusion Cases:

(Dpatients without MRI evaluation, n=105.

(2MRI clearly suggestive of metastasis, n=29.

(3)preoperative pathology suggesting non-EC, n=18.

(Dpatients without lymph node evaluation or
combination of other genital malignancies, n=18.

(B)preoperative adjuvant therapy or conservation
treatment for more than 3 months, n=8.

r—. - - = - — — — — —/ "
. Total
Prospective cohort n=572
L - — — — _l_ —_ — = —
Subgroup
n=276
With complete molecular type

FIGURE 1
Inclusion and Exclusion Criteria of the Cohorts. (a) 4400 cases were retros

pectively collected from Subcenter 1 (the Obstetrics and Gynecology

Hospital of Fudan University) and Subcenter 2 (the Cancer Hospital of Fudan University). The final number of included cases was 3920. Cases were
randomly divided into the training cohort and internal validation cohort. 340 cases of those with complete molecular type data were extracted for
the subgroup. (b) 750 cases from subcenter 1 (the Obstetrics and Gynecology Hospital of Fudan University) were prospectively collected for external

validation. The final number of included cases was 572. 276 cases of those
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with complete molecular type data were extracted for the subgroup.
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2.2 Data collection

The following data related to the risk of lymph node metastasis
were collected for the subsequent analysis.

General information: age, height, weight, BMI, menopause,
hypertension, diabetes.

Laboratory tests: estradiol (E2, pmol/L); progesterone (P,
nmol/L); testosterone (T, nmol/L); follicle stimulating hormone
(FSH, mIU/m); luteinizing hormone (LH, mIU/m); sex hormone-
binding globulin (SHBG, nmol/L); triglyceride (TG, mmol/L); total
cholesterol (TC, mmol/L); high-density lipoprotein (HDL,
mmol/L); low-density lipoprotein (LDL, mmol/L); apolipoprotein
A (APOA, g/L); apolipoprotein B (APOB, g/L); fasting plasma
glucose (FPG, mmol/L); glycated hemoglobin AIC (HBA1C, %);
ALP, (U/L); CA125, (U/mL); HE4, (pmol/L).

Preoperative ultrasound: thickness of the endometrium (single
layers, mm); size of the lesion (longest diameter<2cm, >2cm);
lesion-myometrial interface (clear, unclear, myometrial invasion).

Preoperative pelvic MRI: the size of the lesion (<2cm, >2cm);
depth of myometrial invasion (no, superficial, deep); cervical
involvement (with or without); enlarged pelvic lymph node but
no definitive sign of metastasis (with or without); enlarged para-
aortic lymph node but no definitive sign of metastasis (with
or without).

Preoperative CT of the upper abdomen: enlarged retroperitoneal
lymph node but no definitive sign of metastasis (with or without).

Usually, the short axis of more than 8mm in pelvic lymph nodes
and 10mm in abdominal lymph nodes is considered enlarged and
has possible metastasis. Regardless of size, lymph nodes with
irregular boundaries or similar signal intensity to the primary
tumor are considered to have metastasis (12).

Pathological results: preoperative pathological type
(endometrioid, serous, mixed, clear cell, high-grade
adenocarcinoma) (13).

Immunohistochemistry: MMR (dAMMR, pMMR); p53 (wild type,
mutant type); PTEN (negative, positive); ER (<1%, 1-10%, >10%); PR
(£1%, 1-10%, >10%); Ki67 (percentage of positive cells).

Molecular classification: POLEmut, dMMR, NSMP,
P53abn (14).

The outcome event—presence or absence of lymph node
metastasis—was confirmed by postoperative pathological reports.

2.3 Establishment and evaluation of the
model

2.3.1 Establishment of the model based on fully-
connected network

We could not determine which specific variables plays the most
significant role in predicting lymph node metastasis in FC Network
at the beginning of our study. Therefore, we included as many
variables as possible to provide a more accurate representation of
the patient’s condition. A total of 41 preoperatively obtainable
variables were included in the model construction process.
Continuous variables were directly used as inputs to the model,
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while categorical variables were one-hot encoded and transformed
into distinct vectors. We implemented a Fully Connected Neural
Network (also known as a Feedforward Neural Network or Multi-
Layer Perceptron, MLP) using the PyTorch framework (15). This
network, well-suited for binary classification problems (16),
comprised one input layer, four hidden layers, a dropout layer,
and one final output layer. The hidden layers contained 256, 128,
64, and 20 neurons, respectively. A dropout layer with a 50% rate
was introduced between layers to prevent overfitting, supported by
a weight decay coefficient of 0.0001 to further constrain
model complexity.

The output layer generated a two-dimensional probability
distribution via a SoftMax activation function, which enabled
binary classification. The network was trained end-to-end using
the Adam optimization algorithm with a learning rate of 0.0001.
Cross-entropy was used as the loss function, and training was
performed on an NVIDIA GTX 2080Ti GPU. Throughout
training, backpropagation was applied to iteratively update model
parameters until convergence was achieved. The structure and data
flow of the network are illustrated in Supplementary Figure 1. To
interpret variable contributions, we applied three complementary
strategies: (1) calculating the gradient of model output with respect
to each input, scaled by the standard deviation of feature
distribution; (2) aggregating gradients by factor when variables
spanned multiple encoded features; and (3) applying mean
imputation to simulate feature exclusion and assessing its effect
on model output.

2.3.2 Evaluation of the model

The model was evaluated by precision, sensitivity, specificity,
and overall accuracy. The internal and external validation cohorts
were used to test the model’s performance. Based on the actual
clinical application, lymph node metastasis was hard to discover,
and the severe consequence of missed discovery of lymph node
metastasis would threaten patients’ prognoses. Thus, we recognized
sensitivity as the primary metric we focused on in this study to
screen out patients with lymph node metastases as much as
possible. According to a large cohort study, we considered the
probability of less than 1% as extremely low risk, 5% as low risk, 5%
to 25% as medium risk, and more than 25% as high risk based on
another study (17). Therefore, the model will consider “metastatic”
with a predicted probability greater than 1%.

2.4 Comparison of different missing data
fill-in methods

Due to the long period of data collection and the emergence of
newly developed tests, some of the data needed to be included in
some cases. Thus, we used five data fill-in methods (mean, median,
plurality, fixed constant, and K-nearest neighbor) to fill in the
missing values and then constructed the models based on the
cohorts filled in with these five methods. The method with the
highest sensitivity was preserved and applied to the internal and
external validation cohorts. Subsequently, five models were
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constructed based on these different cohorts. The performance of
the models was recorded in Supplementary Table 1. The model with
missing values filled by the Constant has the highest overall
accuracy (0.186), precision (0.078), and specificity (0.126), and
the model filled in by Median has the highest AUC value (0.773).
In terms of sensitivity, the model filled in by Mean, Constant, and
KNN achieved the highest, 0.982, followed by Median (0.964) and
Most Frequent (0.864). The Receiver Operating Characteristic
(ROC) curves were recorded in Supplementary Figure 2. Since
sensitivity reflects the ability to correctly identify patients with
lymph node metastasis—which is crucial for their prognosis.
Three methods can achieve the best sensitivity, proving these
three ways’ feasibility. Considering the characteristics of the
values in our cohorts, KNN would be the most suitable method
to fill in the missing values. Therefore, we applied KNN, which also
proved to be effective in other studies (18-21), to fill in the missing
values in three cohorts to optimize the predictive effectiveness of the
FC Network in the training cohort for the subsequent analyses.

2.5 Comparison of the model with other
machine-learning methods

We also constructed other machine-learning models based on
the same training cohort after handling the missing data to compare
the effectiveness of these models. These selected machine-learning
methods were Entropy Decision Tree, Regression Decision Tree,
Gaussian Plain Bayes, Polynomial Plain Bayes, Bernoulli Plain
Bayes, K Nearest Neighbors, Logistic Regression, Support Vector
Machines, and Random Forest.

Entropy Decision Tree: This is a decision tree algorithm
designed for classification problems. It selects the optimal feature
for data splitting based on information entropy, creating a tree-like
structure where each leaf node represents a class. Regression
Decision Tree: This decision tree algorithm is used for regression
tasks. It fits data by selecting the best features and thresholds,
resulting in a tree-like structure that predicts numerical values.
Gaussian Naive Bayes (Gaussian NB): A classification algorithm
based on Bayes’ theorem. It assumes that the features follow a
Gaussian (normal) distribution and is well-suited for handling
continuous feature data. Multinomial Naive Bayes (Multinomial
NB): A naive Bayes algorithm typically used for text classification. It
assumes that features are discrete, often represented as integer
counts. Bernoulli Naive Bayes (Bernoulli NB): Another naive
Bayes algorithm, typically applied to binary features (0 and 1). It
is often used for classification tasks involving binary representations
of text. K-Nearest Neighbors (K Neighbors): A supervised learning
algorithm used for both classification and regression tasks. It
classifies new instances or predicts values based on the distance
metric of the K nearest neighbors. Logistic Regression: A linear
model used for binary and multiclass classification problems. It
applies a sigmoid function to map the linear combination of features
to probability values for classification. Support Vector Machine
(SVM): A supervised learning algorithm that finds the optimal
hyperplane to separate data, maximizing the margin between
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classes. Random Forest: An ensemble learning method based on
multiple decision trees. It is used for classification and regression
tasks, reducing overfitting and improving performance by
randomly sampling data and features.

These machine-learning methods have been applied to medical
research widely (22-25). As mentioned above, the sensitivity was
the main index we compared.

2.6 Construction of the simplified
nomograms

To facilitate practical use and offer an alternative to the model in
certain situations, we developed simplified nomograms by
combining the results of the Top 10 variables ranked by weights
in FC Network with the results of related variables in Logistic
Regression analysis based on different pathological subtypes.
Initially, we performed single factor and multi-factor Logistic
Regression analyses. Variables that remained statistically
significant and overlapped with the top 10 weighted variables
from the FC Network were selected for constructing the
nomograms which were also the commonly-used variables in
clinical applications.

2.7 Statistical analysis

Differences between cohorts were assessed using the following
statistical tests: For continuous variables with a normal distribution,
a t-test was applied; for those not fitting a normal distribution, the
Mann-Whitney U test was used. Categorical variables were
analyzed with the chi-square test. The comparison between FC
Network with other machine-learning methods were mainly focus
the term of sensitivity. The DeLong test compared the AUC values
of the models. For the construction of nomogram, Logistic
regression was used. Univariate and multivariate regression
analyses were conducted using SPSS Statistics 29. Nomogram
visualization was performed with R software (version 4.1.0).
Statistical significance was defined as a two-tailed P-value less
than 0.05.

3 Results
3.1 The clinical baseline of three cohorts

Table 1 presents the clinical characteristics and the number of
missing values in the training, internal validation, and external
validation cohorts. Baseline characteristics showed no significant
differences between the training and internal validation cohorts,
indicating consistency between these datasets. Ultimately, we
included 3,920 patients in the training and internal validation
cohorts and an additional 572 cases in the external validation
cohort. The 3,920 patients were randomly divided into training
and internal validation groups at a 4:1 ratio. In the training cohort,
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TABLE 1 Clinical characteristics and no. of missing data of training and internal/external validation cohorts.

Variable Training Internal validation P External validation
cohort (n=3136) cohort (n=784) value cohort (n=572)
General Information
Age 54.00 (49.00-60.00) 54.00 (49.00-60.00) 0.748 54.00 (48.00-59.00)
Height (m) 1.60 (1.56-1.63) 1.60 (1.57-1.63) 0.352 1.60 (1.57-1.63)
No. of missing data 44 (1.40%) 9 (1.15%) 0
Weight (kg) 61.00 (55.00-69.00) 62.00 (55.88-68.60) 0.720 62.00 (55.58-70.00)
No. of missing data 4(0.13%) 0 0
BMI (kg/mz) 24.24 (22.03-27.05) 24.24 (22.17-26.62) 0.991 24.54 (22.16-27.30)
No. of missing data 44 (1.40%) 9 (1.15%) 0
Menopause 0.414
No 864 (27.55%) 204 (26.02%) 236 (41.26%)
Yes 2272 (72.45%) 580 (73.98%) 336 (58.74%)
Hypertension 0.247
No 2175 (69.36%) 561 (71.56%) 417 (72.90%)
Yes 961 (30.64%) 223 (28.44%) 155 (27.10%)
Diabetes 0.957
No 2688 (85.71%) 671 (85.59%) 476 (83.22%)
Yes 447 (14.29%) 113 (14.41%) 96 (16.78%)
Hormone
E2 (pmol/L) 102.76 (51.38-238.55) 99.09 (55.05-215.00) 0.593 68.00 (37.00-209.00)
No. of missing data 2425 (77.33%) 635 (80.99%) 317 (55.42%)
P (nmol/L) 1.21 (0.70-1.96) 1.14 (0.67-1.87) 0.610 0.76 (0.33-1.36)
No. of missing data 2458 (78.38%) 638 (81.38%) 321 (56.12%)
T (nmol/L) 1.25 (0.83-1.77) 1.37 (0.82-1.90) 0216 1.05 (0.56-1.53)
No. of missing data 2461 (78.48%) 637 (81.25%) 317 (55.42%)
FSH (mIU/m) 36.96 (7.75-70.85) 42.19 (7.77-72.70) 0.802 31.98 (6.01-65.43)
No. of missing data 2428 (77.42%) 634 (80.87%) 317 (55.42%)
LH (mIU/m) 16.54 (5.83-29.52) 19.54 (8.21-29.06) 0.152 14.64 (4.88-28.72)
No. of missing data 2441 (77.84%) 634 (80.87%) 316 (55.24%)
SHBG (nmol/L) 44.20 (30.45-65.90) 44.00 (28.83-63.85) 0.570 41.80 (28.50-68.00)
No. of missing data 2621 (83.58%) 678 (86.48%) 403 (70.45%)
Blood lipids
TG (mmol/L) 1.52 (1.07-2.18) 1.56 (1.09-2.19) 0.358 1.33 (0.94-1.96)
No. of missing data 1041 (33.20%) 272 (34.69%) 36 (6.29%)
TC (mmol/L) 5.15 (4.51-5.82) 5.13 (4.51-5.81) 0.970 4.79 (4.12-5.49)
No. of missing data 1042 (33.23%) 273 (34.82%) 36 (6.29%)
HDL (mmol/L) 1.27 (1.09-1.47) 1.24 (1.06-1.46) 0.275 1.26 (1.06-1.49)
No. of missing data 1050 (33.48%) 274 (34.95%) 43 (7.52%)
LDL (mmol/L) 3.28 (2.77-3.84) 3.22 (2.83-3.88) 0.816 3.05 (2.47-3.61)
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TABLE 1 Continued

Variable

Training

cohort (n=3136)

Internal validation
cohort (n=784)

10.3389/fonc.2025.1627662

External validation
cohort (n=572)

Blood lipids

No. of missing data

1050 (33.48%)

273 (34.82%)

38(6.64%)

APOA (g/L) 1.38 (1.14-1.57) 1.36 (1.13-1.57) 0.505 1.36 (1.25-1.49)
No. of missing data 1256 (40.05%) 339 (43.24%) 51 (8.92%)
APOB (g/L) 0.99 (0.85-1.15) 0.99 (0.87-1.17) 0.330 0.92 (0.78-1.05)
No. of missing data 1255 (40.02%) 340 (43.37%) 51 (8.92%)
Glucometabolic
FPG (mmol/L) 5.40 (5.00-5.90) 5.40 (5.00-6.00) 0.761 5.20 (4.80-5.60)
No. of missing data 1127 (35.94%) 283 (36.10%) 36 (6.29%)
HBAI1C (%) 5.70 (5.40-6.10) 5.70 (5.40-6.10) 0.759 5.70 (5.40-6.10)
No. of missing data 2156 (68.75%) 562 (71.68%) 89 (15.56%)
ALP (U/L) 78.00 (63.52-95.38) 77.00 (63.00-94.00) 0.356 77.00 (63.25-90.00)
No. of missing data 42 (1.34%) 13 (1.66%) 10 (1.75%)
Tumor marker
CA125 (U/mL) 17.80 (12.46-27.19) 17.46 (12.58-26.47) 0.814 16.20 (11.43-25.40)
No. of missing data 206 (6.57%) 50 (6.38%) 14 (2.45%)
HE4 (pmol/L) 60.05 (48.48-81.90) 59.30 (49.40-79.38) 0.853 59.30 (48.10-79.50)
No. of missing data 389 (12.40%) 100 (12.76%) 23 (4.02%)
Preoperative ultrasound
Thickness of
Endometrium(mm) 6.00 (2.00-10.00) 6.00 (2.00-11.00) 0.555 5.00 (2.00-10.00)
No. of missing data 1381 (44.04%) 361 (46.05%) 105 (18.36%)
Size of Lesion 0.463
<2cm 447 (14.25%) 118 (15.05%) 418 (73.08%)
>2cm 647 (20.63%) 153 (19.52%) 132 (23.08%)
No. of missing data 2042 (65.11%) 513 (65.43%) 22 (3.85%)
Lesion-myometrial interface 0.637
Clear 1702 (54.27%) 410 (52.30%) 427 (74.65%)
Unclear 460 (14.67%) 111 (14.16%) 113 (19.76%)
Myometrial Invasion 54 (1.72%) 17 (2.17%) 6 (1.05%)
No. of missing data 920 (29.34%) 246 (31.38%) 26 (4.55%)
Preoperative pelvic MRI
Size of Lesion 0.358
<2cm 1086 (34.63%) 255 (32.53%) 311 (54.37%)
>2cm 1110 (35.40%) 286 (36.48%) 261 (45.63%)
No. of missing data 940 (29.97%) 243 (30.99%) 0
Myometrial Invasion 0.336
No 1533 (48.88%) 362 (46.17%) 227(39.69%)
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TABLE 1 Continued

Variable Training Internal validation External validation
cohort (n=3136) cohort (n=784) cohort (n=572)
Preoperative pelvic MRI
Shallow 1275 (40.66%) 341 (43.49%) 254 (44.41%)
Deep 327 (10.43%) 81 (10.33%) 91 (15.91%)
No. of missing data 1 (0.03%) 0 0
Cervical Involvement 0.457
Yes 142 (4.53%) 41 (5.23%) 32 (5.59%)
No 2993 (95.44%) 742 (94.64%) 540 (94.41%)
No. of missing data 1 (0.03%) 1(0.13%) 0
Enlarged Pelvic 0.127
Lymph Node
No 3036 (96.81%) 749 (95.54%) 538 (94.06%)
Yes 99 (3.16%) 34 (4.34%) 34 (5.94%)
No. of missing data 1 (0.03%) 1 (0.13%) 0
Enlarged Para-aortic 0.885
Lymph Node
No 3129 (99.78%) 783 (99.87%) 572 (100.00%)
Yes 3 (0.10%) 0 0
No. of missing data 4 (0.13%) 1 (0.13%) 0
Preoperative CT of Upper Abdomen
f;lrl:;iei] lzzteroperitoneal 0.870
No 2144 (68.37%) 523 (66.71%) 414 (72.38%)
Yes 45 (1.43%) 11 (1.40%) 17 (2.97%)
No. of missing data 947 (30.20%) 250 (31.89%) 141 (24.65%)
Preoperative
Pathglogical Type 0833
Endometrioid 2821 (89.96%) 701 (89.41%) 497 (86.89%)
Serous 57 (1.82%) 17 (2.17%) 9 (1.57%)
Mixed 27 (0.86%) 9 (1.15%) 4 (0.70%)
Clear Cell 39 (1.24%) 13 (1.66%) 9 (1.57%)
High . 151 (4.82%) 34 (4.34%) 35 (6.12%)
Grade Adenocarcinoma
Others 41 (1.31%) 10 (1.28%) 18 (3.15%)
Immunohistochemistry
MMR 0.426
dMMR 690 (22.00%) 183 (23.34%) 144 (25.17%)
pPMMR 1937 (61.77%) 473 (60.33%) 392 (68.53%)
No. of missing data 509 (16.23%) 128 (16.33%) 36 (6.29%)
p53 0.981
Wild Type 2406 (76.72%) 603 (76.91%) 459 (80.24%)
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TABLE 1 Continued

Variable

Training

cohort (n=3136)

Internal validation
cohort (n=784)

10.3389/fonc.2025.1627662

External validation
cohort (n=572)

Immunohistochemistry

Mutant Type 333 (10.62%) 83 (10.59%) 81 (14.16%)
No. of missing data 397 (12.66%) 98 (12.50%) 32 (5.59%)
PTEN 0.956
Negative 1535 (48.95%) 378 (48.21%) 368 (64.34%)
Positive 812 (25.89%) 202 (25.77%) 165 (28.85%)
No. of missing data 789 (25.16%) 204 (26.02%) 39 (6.82%)
ER 0.625
<1% 181 (5.77%) 51 (6.51%) 38 (6.64%)
1-10% 370 (11.80%) 86 (10.97%) 17 (2.97%)
>10% 2172 (69.26%) 542 (69.13%) 484 (84.62%)
No. of missing data 413 (13.17%) 105 (13.39%) 33 (5.77%)
PR 0.721
<1% 401 (12.79%) 104 (13.27%) 62 (10.84%)
1-10% 620 (19.77%) 163 (20.79%) 38 (6.64%)
>10% 1703 (54.30%) 415 (52.93%) 439 (76.75%)
No. of missing data 412 (13.14%) 102 (13.01%) 33 (5.77%)
Ki67 40% (20-60%) 40% (20-60%) 0.939 30% (20-50%)
No. of missing data 419 (13.36%) 104 (13.27%) 35 (6.12%)
Molecular Type 0.326
POLEmut 34 (1.08%) 5 (0.64%) 43 (7.52%)
dMMR 90 (2.87%) 24 (3.06%) 77 (13.46%)
NSMP 101 (3.22%) 16 (2.04%) 115 (20.10%)
P53abn 61 (1.95%) 9 (1.15%) 41 (7.17%)
No. of missing data 2850 (90.88%) 730 (93.11%) 296 (51.75%)
Lymph Node Metastasis 0.987
No 2918 (93.05%) 729 (92.98%) 542 (94.76%)
Yes 218 (6.95%) 55 (7.02%) 30 (5.24%)

P value showed the statistical analysis between the training cohort and validation cohort. For variables conforming to normal distribution, a t-test was used. For continuous variables that did not

conform to normal distribution, the Mann-Whitney test was used. For categorical variables, the chi-square test was used. P<0.05 was considered statistically different.

218 patients (6.95%) had lymph node metastases, while 55 patients
(7.02%) in the internal validation cohort had metastases. In the
external validation cohort, there were 30 metastatic cases (5.24%).
The proportion of missing data, which is due to the high cost and
extended data collection, was recorded in Table 1.

3.2 The outstanding performance of the
model based on FC network

Based on the same training cohort filled in the missing value by
KNN, we then constructed other machine-learning models to

Frontiers in Oncology

compare the performances of these models. The FC Network
showed the highest sensitivity which demonstrated outstanding
performance in screening out probable patients with lymph node
metastasis. The chosen traditional machine-learning methods were
Decision Tree Entropy, Decision Tree Regressor, Gaussian NB,
Multinomial NB, Bernoulli NB, K Neighbors, Logistic Regression,
SVM, and Random Forest. The results are recorded in Table 2.
Random forest has the highest overall accuracy, which is 0.931.
Also, the random forest has the highest precision and specificity;
both were 1. However, the FC Network has the best sensitivity
(0.982), followed by Gaussian NB (0.618) and Multinomial NB
(0.618), which indicates outstanding performance in screening out
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TABLE 2 Comparison between fully-connected network and other machine-learning methods.

Method Sensitivity Specificity Precision Overall accuracy
FC Network 0.982 0.074 0.074 0.138
Decision Tree Entropy 0.182 0.933 0.170 0.880
Decision Tree Regressor 0.200 0.940 0.200 0.888
Gaussian NB 0.618 0.778 0.174 0.767
Multinomial NB 0.618 0.717 0.142 0.710
Bernoulli NB 0.400 0.925 0.286 0.888
K Neighbors 0.055 0.995 0.429 0.929
Logistic Regression 0.073 0.993 0.444 0.929
SVM 0.000 0.999 0.000 0.929
Random Forest 0.018 1.000 1.000 0.931

patients with probable lymph node metastasis beyond these other
machine-learning methods. We further used the external validation
cohort to verify the performance of the FC Network, and it reached
a sensitivity of 0.900. Meanwhile, the AUC values of the FC
Network were 0.746 in the internal validation cohort and 0.757 in
the external validation cohort, respectively. The results are shown
in Figure 2a.

3.3 The influence of molecular
classification on the model

The addition of molecular classification may enhance the
predictive power of the model after comparing the models with
or without molecular classification. As previously mentioned, the
proportion of missing data for molecular classification was high in
both the retrospective and prospective cohorts. Nevertheless, given
the growing consensus on its importance, we included molecular
classification as one of the variables to broaden the model’s
applicability in future studies. Therefore, we extracted cases with
complete molecular classification (340 cases in the retrospective
cohort and 276 cases in the prospective cohort) as a subgroup. The
missing values of other variables were filled in with the KNN. Then,
we constructed models with/without molecular classification (41/40
variables) to compare the models” performances. The results were
recorded in the Supplementary Table 2. The models with/without
molecular classification obtained similar AUC values (0.902 and
0.871 in the internal validation cohort and 0.761 and 0.635 in the
external validation cohort). The sensitivity of the models based on
the same cohorts with or without molecular classification was still
satisfactory (both 1 in the internal and external validation cohort).
Also, the model with/without molecular classification had similar
precision and overall accuracy in internal and external validation
cohorts. The p-value of the Delong test indicated a significant
difference between the two models in the external validation
cohort (p=0.004). At the same time, there’s no significant
difference in the internal validation cohort (p=0.470). Notably,
although the performance of the model including molecular
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classification showed no significant difference in internal
validation cohort, but it demonstrated a trend of higher AUC
values in model including molecular classification in both two
validation cohorts.

3.4 The construction of the simplified
nomogram

Combining the results of Logistic regression and the Top 10
ranked variables (as shown in Figures 2b-d, details were recorded in
Supplementary Table 3) by weights in FC Network, the simplified
nomograms were designed to serve as the practical alternatives to
the model in certain situations. The variables included in the
nomograms model were determined by taking the intersection of
those that remained statistically significant in both single factor and
multi-factor logistic regression analyses and the top 10 weighted
variables from the fully-connected network. Considering the
different clinical prognoses associated with different histological
subtypes and recognizing that the nomogram model involves a
more simplified variable selection process compared to the FC
Network, there is a potential risk of omitting critical features related
to histological type. To enhance the predictive accuracy and
applicability, we further stratified patients into non-aggressive
types (including low-grade G1 and G2 endometrioid carcinoma)
and aggressive types (including serous, high-grade endometrioid,
clear cell, mixed and the other subtypes) (26), and constructed
separate nomogram models for each group, as shown in Figure 3.
Figure 3A illustrates the nomogram model for patients with non-
aggressive histologic type. This model was constructed based on the
top ten weighted variables from the FC network, combined with
those that remained statistically significant in both single factor and
multi-factor logistic regression analyses: FSH, CA125, MRI-
indicated myometrial invasion, MRI-indicated enlarged pelvic
lymph nodes, PR positivity, ER positivity, and molecular
classification. The corresponding scores are detailed in the
Supplementary Tables 4-6. The model yielded AUCs of 0.810,
0.784, and 0.834 in the training, internal validation, and external
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FIGURE 2

The Construction and Estimation of FC Network. (a) ROC curves in internal validation and prospective external validation cohorts. (b) Approach 1:
gradient and standard deviation scaling. (c) Approach 2: gradient mapping to factor weights. (d) Approach 3: mean substitution.

validation cohorts, respectively (Figure 3B). Figure 3C presents the
nomogram model for patients with aggressive histologic type. The
details of single factor and multi-factor analyses were in the
Supplementary Tables 7, 8. The final variables selected were
CA125, MRI-indicated enlarged pelvic lymph nodes, and PR
positivity. The scores were recorded in Supplementary Table 9.
The AUCs achieved in the training, internal validation, and external
validation cohorts were 0.726, 0.810, and 0.650, respectively
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(Figure 3D). Despite the limited number of predictive variables in
this subgroup, findings such as pelvic lymph node enlargement and
low PR expression may serve as important red flags for increased
metastatic risk, highlighting the need for vigilant clinical
assessment. The simplified nomogram models for both non-
aggressive and aggressive histological subtypes served as practical
alternatives or complements to the fully-connected network model,
providing a more user-friendly tool for clinical risk stratification.
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FIGURE 3

Establishment and Evaluation of Nomograms (A) Nomogram for prediction of lymph node metastasis in non-aggressive pathological subtypes. (B)
ROC curves of nomogram of non-aggressive pathological subtypes in the training, internal validation, and prospective external validation cohorts.
(C) Nomogram for prediction of lymph node metastasis in aggressive pathological subtypes. (D) ROC curves of nomogram of aggressive
pathological subtypes in the training, internal validation, and prospective external validation cohorts.

4 Discussion

A predictive model for lymph node metastasis in early-stage
endometrial cancer patients was developed using cohorts from two
centers. The model exhibited high sensitivity—0.982 in internal
validation and 0.900 in external validation—demonstrating
superior performance in identifying patients with probable lymph
node metastasis compared to other machine-learning methods. The
addition of molecular classification may enhance the predictive
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power of the model. To facilitate clinical application, we also
constructed the simplified nomograms based on different
pathological subtypes by combining results from the top 10 risk
factors ranked by their weights in the FC Network and risk factors
correlated with lymph node metastasis in logistic regression model.
The model can assist in decision-making before surgery for patients
with early-stage endometrial cancer whose status of lymph nodes
could not be evaluated by imaging or other preoperative
examinations. To support clinical decision-making, our model
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stratifies patients based on preoperative risk, suggesting full
lymphadenectomy for high-risk cases and sentinel lymph node
biopsy for those at lower risk. For patients with a risk less than 1%,
only total hysterectomy and no need for a sentinel lymph node
biopsy. For those early-stage patients with a risk of greater than 1%
and less than 5%, despite of total hysterectomy, sentinel lymph node
biopsy could be considered. For those with a risk of 5-25%, sentinel
lymph node biopsy is highly recommended besides total
hysterectomy. Total hysterectomy with complete lymph node
dissection can be considered in patients with a risk of greater
than 25%.

The surgical strategy chosen for patients with early-stage
endometrial cancer significantly impacts their prognosis (27).
Performing lymph node dissection on all clinical early-stage patients
without proper risk stratification may lead to overtreatment, as
research has shown that sentinel lymph node biopsy is an acceptable
alternative (28, 29). Conversely, failing to assess lymph nodes in
patients who do have metastasis can increase the likelihood of
postoperative recurrence. Therefore, accurately predicting the risk of
lymph node metastasis in these patients is vital for improving
their outcomes.

Several studies have addressed this problem. One study by
KGOG used features from MRI, preoperative biopsy, and serum
CA125 to establish criteria for risk categorization (30). These criteria
obtained an excellent sensitivity of 0.849 in their study. Another study
used variables mainly from pathological results and CA125 to
construct a nomogram for risk-stratification and received a good
AUC of 0.84 and 0.75 in high-grade and low-grade EC groups (31).
This research was mainly based on the classic variables in
endometrial cancer, and the models proposed in their studies
performed well in prediction. However, this introduces a new
challenge for surgeons: choosing between models. With patients
undergoing more comprehensive preoperative examinations, more
variables are available, and multiple models show good performance.
As a result, researchers have become more aware of the need to
compare predictive models and have observed fluctuating sensitivities
of different models within the same cohorts (32).

Therefore, when constructing the model, we included as many
classic variables as possible to utilize better the information that can
be obtained before surgery to depict the unique evaluation for each
patient precisely and included some newly proposed and widely
recognized factors, such as molecular classification, for prediction.
Different molecular and pathological subtypes of endometrial
cancer carry distinct risk profiles; thus, we incorporated both as
input variables in our model to enhance its generalizability. In
clinical practice, patients with clear evidence of extrauterine spread
—such as lymph node metastasis—on imaging are typically
managed with lymph node dissection during surgery (33).
Consequently, these patients were excluded from our study
cohorts to focus on cases where lymph node status could not be
determined preoperatively through imaging.

Due to the extended timeframe of the cohorts in this study and the
fact that some examinations have only recently become widely
available, certain data are missing. As previously mentioned,
molecular classification has increasingly gained acceptance among
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clinicians in recent years and plays a crucial role in predicting the
prognosis of endometrial cancer (34, 35). We included molecular
classification as one of the variables to align with the future trend of
risk stratification in endometrial cancer, aiming to enhance predictive
efficiency. However, it is important to note that our implementation
method may not be suitable for all situations, as new algorithms have
emerged that have proven reliable and can reduce the number of
required tests without affecting risk stratification (36, 37). We also
compared the model’s sensitivity in subgroups with/without molecular
classification. The addition of molecular classification showed higher
AUC value in larger cohort and there was statistical difference between
the two models in external validation cohort. But due to the limited
number of cases, further research is needed to verify molecular
classification’s role in predicting lymph node metastasis.

Recognizing the prognostic heterogeneity among histological
subtypes and the more simplified feature selection in the
nomogram compared to the FCN, we further stratified patients
into non-aggressive and aggressive types and constructed subtype-
specific nomograms accordingly. For non-aggressive subtypes, the
final model incorporated FSH, CA125, MRI-indicated myometrial
invasion, enlarged pelvic lymph nodes, ER/PR positivity, and
molecular classification. Notably, in estrogen-dependent
endometrial cancers, the predictive value of molecular classification
—as well as ER and PR expression—proved to be non-negligible. In
contrast, the aggressive subtype model retained only CA125, enlarged
pelvic lymph nodes, and PR positivity as predictors. Due to the
limited sample size in this subgroup, fewer variables were
incorporated. Nevertheless, among these patients, ER expression
appeared to be less predictive, while CA125 levels remained
clinically relevant. More importantly, imaging-detected pelvic
lymph node enlargement and reduced PR expression were
frequently associated with lymph node metastasis. These findings
suggest that, in aggressive subtypes, clinicians should pay particular
attention to these two factors during preoperative evaluation. These
variables also have similarities with the treatment guidelines and
other studies, emphasizing the importance of imaging examinations
in preoperative evaluation (38-40).

This study has the following highlights: firstly, the model
integrates different types of variables, including widely used and
newly upcoming variables, which would use as much as possible
variables to evaluate each single patient, and the results showed the
superiority to other conventional machine-learning methods.
Secondly, the cohorts excluded patients with apparent extrauterine
metastases, which corresponds to the dilemma of surgical strategy
decision before the surgery as whether lymph node metastasis
occurred or not and has a good guiding role for preoperative
evaluation. Finally, for the convenience of application, we
constructed a simplified nomogram, and its reliability has been
verified. The limitations of this study mainly are: (1) Although
imputing missing values is recognized, complete original data
remains indispensable, which would definitely improve the
performance of the model in real application, especially given the
limited data available for molecular classification; (2) The number of
cases in the external validation cohort is small; enrolling more cases
would improve the accuracy of the results.
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Overall, the model proposed in this study for preoperative
prediction on the risk of lymph node metastasis in early-stage
endometrial cancer patients can provide clinicians with
preoperative reference to determine surgical approach or other
adjuvant treatment options, considering the high sensitivity in
screening occult lymph node metastasis patients. Also, the
nomograms proposed in this study can be applied as an alternative
to the Fully-connected Network model in certain situations.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by the Ethical
Committee of Obstetrics and Gynecology Hospital of Fudan
University and the Ethical Committee of Cancer Hospital of Fudan
University. The studies were conducted in accordance with the local
legislation and institutional requirements. Written informed consent
for participation was not required from the participants or the
participants’ legal guardians/next of kin in accordance with the
national legislation and institutional requirements.

Author contributions

SC: Data curation, Investigation, Validation, Writing - review &
editing. YH: Data curation, Formal Analysis, Investigation,
Methodology, Writing - original draft. WL: Data curation,
Investigation, Methodology, Validation, Writing — original draft.
YR: Data curation, Validation, Writing - original draft. HW: Data
curation, Validation, Writing — original draft. ZX: Data curation,
Validation, Writing - original draft. YX: Data curation,
Investigation, Validation, Writing - original draft. YW: Data
curation, Methodology, Supervision, Writing — original draft. XC:
Conceptualization, Methodology, Supervision, Writing - original
draft, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research and/or publication of this article. This study was supported
by the Science and Technology Commission of Shanghai

Frontiers in Oncology

14

10.3389/fonc.2025.1627662

Municipality (20Z11900700) and the National Key R&D Program
of China (2022YFC2704303). The funders were not involved in the
design and conduct of the study, data collection and analysis,
preparation, review, or approval of the manuscript, and the
decision to submit the manuscript for publication.

Acknowledgments

We want to thank the School of Computer Science of Fudan
University, the Obstetrics & Gynecology Hospital of Fudan
University and the Cancer Hospital of Fudan University for
kindly help.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
constructed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1627662/
full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2025.1627662/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2025.1627662/full#supplementary-material
https://doi.org/10.3389/fonc.2025.1627662
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Cai et al.

References

1. Siegel RL, Giaquinto AN, Jemal A. Cancer statistics, 2024. CA Cancer ] Clin.
(2024) 74:12-49. doi: 10.3322/caac.21820

2. Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram I, et al. Global
cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36
cancers in 185 countries. CA Cancer J Clin. (2024) 74:229-63. doi: 10.3322/caac.21834

3. Clarke MA, Long BJ, Del Mar Morillo A, Arbyn M, Bakkum-Gamez JN,
Wentzensen N. Association of endometrial cancer risk with postmenopausal
bleeding in women: A systematic review and meta-analysis. JAMA Intern Med.
(2018) 178:1210-22. doi: 10.1001/jamainternmed.2018.2820

4. Crosbie EJ, Kitson SJ, McAlpine JN, Mukhopadhyay A, Powell ME, Singh N.
Endometrial cancer. Lancet. (2022) 399:1412-28. doi: 10.1016/s0140-6736(22)00323-3

5. Barton DP, Naik R, Herod J. Efficacy of systematic pelvic lymphadenectomy in
endometrial cancer (MRC ASTEC Trial): a randomized study. Int ] Gynecol Cancer.
(2009) 19:1465. doi: 10.1111/IGC.0b013e3181b89f95

6. Zahl Eriksson AG, Ducie ], Ali N, McGree ME, Weaver AL, Bogani G, et al.
Comparison of a sentinel lymph node and a selective lymphadenectomy algorithm in
patients with endometrioid endometrial carcinoma and limited myometrial invasion.
Gynecol Oncol. (2016) 140:394-9. doi: 10.1016/j.ygyno.2015.12.028

7. Cucinella G, Di Donna MC, Casarin J, Schivardi G, Multinu F, Borsellino L, et al.
Lower limb lymphedema after surgical staging for endometrial cancer: Current insights and
future directions. Taiwan ] Obstet Gynecol. (2024) 63:500-5. doi: 10.1016/j.tjog.2024.04.008

8. Benedetti Panici P, Basile S, Maneschi F, Alberto Lissoni A, Signorelli M, Scambia
G, et al. Systematic pelvic lymphadenectomy vs. no lymphadenectomy in early-stage
endometrial carcinoma: randomized clinical trial. ] Natl Cancer Inst. (2008) 100:1707—
16. doi: 10.1093/jnci/djn397

9. De Vitis LA, Fumagalli D, Schivardi G, Capasso I, Greevich L, Multinu F, et al.
Incidence of sentinel lymph node metastases in apparent early-stage endometrial
cancer: a multicenter observational study. Int ] Gynecol Cancer. (2024) 34:689-96.
doi: 10.1136/ijgc-2023-005173

10. Nasioudis D, Holcomb K. Incidence of isolated para-aortic lymph node
metastasis in early stage endometrial cancer. Eur J Obstet Gynecol Reprod Biol.
(2019) 242:43-6. doi: 10.1016/j.ejogrb.2019.09.003

11. Liu XF, Yan BC, Li Y, Ma FH, Qiang JW. Radiomics nomogram in assisting
lymphadenectomy decisions by predicting lymph node metastasis in early-stage
endometrial cancer. Front Oncol. (2022) 12:894918. doi: 10.3389/fonc.2022.894918

12. Meissnitzer M, Forstner R. MRI of endometrium cancer - how we do it. Cancer
Imaging. (2016) 16:11. doi: 10.1186/540644-016-0069-1

13. Cree IA, White VA, Indave BI, Lokuhetty D. Revising the WHO classification:
female genital tract tumours. Histopathology. (2020) 76:151-6. doi: 10.1111/his.13977

14. Kandoth C, Schultz N, Cherniack AD, Akbani R, Liu Y, Shen H, et al. Integrated
genomic characterization of endometrial carcinoma. Nature. (2013) 497:67-73.
doi: 10.1038/nature12113

15. Scabini LFS, Bruno OM. Structure and performance of fully connected neural
networks: Emerging complex network properties. Physica A: Stat Mechanics its Appl.
(2023) 615:128585. doi: 10.1016/j.physa.2023.128585

16. Prajapati R, Khatri U, Kwon GR. An efficient deep neural network binary
classifier for alzheimer’s disease classification. In: 2021 International Conference on
Artificial Intelligence in Information and Communication (ICAIIC) Jeju Island, South
Korea: Institute of Electrical and Electronics Engineers. (2021). doi: 10.1109/
ICAIIC51459.2021.9415212

17. Reijnen C, Gogou E, Visser NCM, Engerud H, Ramyjith ], van der Putten L]M,
et al. Preoperative risk stratification in endometrial cancer (ENDORISK) by a Bayesian
network model: A development and validation study. PloS Med. (2020) 17:e1003111.
doi: 10.1371/journal.pmed.1003111

18. Afkanpour M, Hosseinzadeh E, Tabesh H. Identify the most appropriate imputation
method for handling missing values in clinical structured datasets: a systematic review. BMC
Med Res Methodol. (2024) 24:188. doi: 10.1186/s12874-024-02310-6

19. Altamimi A, Alarfaj AA, Umer M, Alabdulgader EA, Alsubai S, Kim TH, et al.
An automated approach to predict diabetic patients using KNN imputation and
effective data mining techniques. BMC Med Res Methodol. (2024) 24:221.
doi: 10.1186/s12874-024-02324-0

20. Ismail AR, Zainal Abidin N, Maen M. Systematic review on missing data
imputation techniques with machine learning algorithms for healthcare. J Robotics
Control (JRC). (2022) 3:143-52. doi: 10.18196/jrc.v3i2.13133

21. Jerez JM, Molina I, Garcia-Laencina PJ, Alba E, Ribelles N, Martin M, et al.
Missing data imputation using statistical and machine learning methods in a real breast
cancer problem. Artif Intell Med. (2010) 50:105-15. doi: 10.1016/j.artmed.2010.05.002

Frontiers in Oncology

15

10.3389/fonc.2025.1627662

22. El-Sherbini AH, Shah A, Cheng R, Elsebaie A, Harby AA, Redfearn D, et al.
Machine learning for predicting postoperative atrial fibrillation after cardiac surgery: A
scoping review of current literature. Am J Cardiol. (2023) 209:66-75. doi: 10.1016/
j.amjcard.2023.09.079

23. Greener JG, Kandathil SM, Moffat L, Jones DT. A guide to machine learning for
biologists. Nat Rev Mol Cell Biol. (2022) 23:40-55. doi: 10.1038/s41580-021-00407-0

24. Lee S, Zhou J, Chung CT, Lee ROY, Bazoukis G, Letsas KP, et al. Comparing the
performance of published risk scores in brugada syndrome: A multi-center cohort
study. Curr Probl Cardiol. (2022) 47:101381. doi: 10.1016/j.cpcardiol.2022.101381

25. Schmid P, Wischnewsky MB, Sezer O, Bohm R, Possinger K. Prediction of
response to hormonal treatment in metastatic breast cancer. Oncology. (2002) 63:309-
16. doi: 10.1159/000066224

26. Berek JS, Matias-Guiu X, Creutzberg C, Fotopoulou C, Gaffney D, Kehoe S, et al.
FIGO staging of endometrial cancer: 2023. Int ] Gynaecol Obstet. (2023) 162:383-94.
doi: 10.1002/ijg0.14923

27. Clark LH, Soper JT. Endometrial cancer and the role of lymphadenectomy.
Obstet Gynecol Surv. (2016) 71:353-60. doi: 10.1097/0gx.0000000000000321

28. Jaafar E, Gaultier V, Wohrer H, Estevez JP, Gonthier C, Koskas M. Impact of
sentinel lymph node mapping on survival in patients with high-risk endometrial cancer
in the early stage: A matched cohort study. Int | Gynaecol Obstet. (2024) 165:677-84.
doi: 10.1002/ijgo.15315

29. Koh KML, Ng ZY, Chin FHX, Wong WL, Wang J, Lim YK. Comparing surgical
and oncological outcomes between indocyanine green (ICG) sentinel lymph node
mapping with routine lymphadenectomy in the surgical staging of early-stage
endometrioid endometrial cancer. Obstet Gynecol Int. (2023) 2023:9949604.
doi: 10.1155/2023/9949604

30. Kang S, Kang WD, Chung HH, Jeong DH, Seo SS, Lee JM, et al. Preoperative
identification of a low-risk group for lymph node metastasis in endometrial cancer: a
Korean gynecologic oncology group study. J Clin Oncol. (2012) 30:1329-34.
doi: 10.1200/jco.2011.38.2416

31. Asami Y, Hiranuma K, Takayanagi D, Matsuda M, Shimada Y, Kato MK, et al.
Predictive model for the preoperative assessment and prognostic modeling of lymph
node metastasis in endometrial cancer. Sci Rep. (2022) 12:19004. doi: 10.1038/s41598-
022-23252-3

32. Korkmaz V, Meydanli MM, Yal¢in I, Sart ME, Sahin H, Kocaman E, et al.
Comparison of three different risk-stratification models for predicting lymph node
involvement in endometrioid endometrial cancer clinically confined to the uterus. J
Gynecol Oncol. (2017) 28:78. doi: 10.3802/jgo.2017.28.e78

33. Abu-Rustum N, Yashar C, Arend R, Barber E, Bradley K, Brooks R, et al. Uterine
neoplasms, version 1.2023, NCCN clinical practice guidelines in oncology. J Natl
Compr Canc Netw. (2023) 21:181-209. doi: 10.6004/jnccn.2023.0006

34. Murali R, Delair DF, Bean SM, Abu-Rustum NR, Soslow RA. Evolving roles of
histologic evaluation and molecular/genomic profiling in the management of
endometrial cancer. J Natl Compr Canc Netw. (2018) 16:201-9. doi: 10.6004/
jncen.2017.7066

35. Concin N, Matias-Guiu X, Vergote I, Cibula D, Mirza MR, Marnitz S, et al.
ESGO/ESTRO/ESP guidelines for the management of patients with endometrial
carcinoma. Radiother Oncol. (2021) 154:327-53. doi: 10.1016/j.radonc.2020.11.018

36. Arcieri M, Vizzielli G, Occhiali T, Giorgiutti C, Tius V, Pregnolato S, et al.
Application of novel algorithm on a retrospective series to implement the molecular
classification for endometrial cancer. Eur ] Surg Oncol. (2024) 50:108436. doi: 10.1016/
j.€j50.2024.108436

37. Betella I, Fumagalli C, Rafaniello Raviele P, Schivardi G, De Vitis LA, Achilarre
MT, et al. A novel algorithm to implement the molecular classification according to the
new ESGO/ESTRO/ESP 2020 guidelines for endometrial cancer. Int ] Gynecol Cancer.
(2022) 32(8):993-1000. doi: 10.1136/ijgc-2022-003480

38. Franchi M, Garzon S, Zorzato PC, Lagana AS, Casarin ], Locantore L, et al. PET-
CT scan in the preoperative workup of early stage intermediate- and high-risk
endometrial cancer. Minim Invasive Ther Allied Technol. (2020) 29:232-9.
doi: 10.1080/13645706.2019.1624576

39. Jiang X, SongJ, Zhang A, Cheng W, Duan S, Liu X, et al. Preoperative assessment
of MRI-invisible early-stage endometrial cancer with MRI-based radiomics analysis. ]
Magn Reson Imaging. (2023) 58:247-55. doi: 10.1002/jmri.28492

40. Schnarr KL, Seow H, Pond GR, Helpman L, Elit LM, O’Leary E, et al. The impact
of preoperative imaging on wait times, surgical approach and overall survival in
endometrioid endometrial cancers. Gynecol Oncol. (2022) 165:317-22. doi: 10.1016/
j.ygyno.2022.02.019

frontiersin.org


https://doi.org/10.3322/caac.21820
https://doi.org/10.3322/caac.21834
https://doi.org/10.1001/jamainternmed.2018.2820
https://doi.org/10.1016/s0140-6736(22)00323-3
https://doi.org/10.1111/IGC.0b013e3181b89f95
https://doi.org/10.1016/j.ygyno.2015.12.028
https://doi.org/10.1016/j.tjog.2024.04.008
https://doi.org/10.1093/jnci/djn397
https://doi.org/10.1136/ijgc-2023-005173
https://doi.org/10.1016/j.ejogrb.2019.09.003
https://doi.org/10.3389/fonc.2022.894918
https://doi.org/10.1186/s40644-016-0069-1
https://doi.org/10.1111/his.13977
https://doi.org/10.1038/nature12113
https://doi.org/10.1016/j.physa.2023.128585
https://doi.org/10.1109/ICAIIC51459.2021.9415212
https://doi.org/10.1109/ICAIIC51459.2021.9415212
https://doi.org/10.1371/journal.pmed.1003111
https://doi.org/10.1186/s12874-024-02310-6
https://doi.org/10.1186/s12874-024-02324-0
https://doi.org/10.18196/jrc.v3i2.13133
https://doi.org/10.1016/j.artmed.2010.05.002
https://doi.org/10.1016/j.amjcard.2023.09.079
https://doi.org/10.1016/j.amjcard.2023.09.079
https://doi.org/10.1038/s41580-021-00407-0
https://doi.org/10.1016/j.cpcardiol.2022.101381
https://doi.org/10.1159/000066224
https://doi.org/10.1002/ijgo.14923
https://doi.org/10.1097/ogx.0000000000000321
https://doi.org/10.1002/ijgo.15315
https://doi.org/10.1155/2023/9949604
https://doi.org/10.1200/jco.2011.38.2416
https://doi.org/10.1038/s41598-022-23252-3
https://doi.org/10.1038/s41598-022-23252-3
https://doi.org/10.3802/jgo.2017.28.e78
https://doi.org/10.6004/jnccn.2023.0006
https://doi.org/10.6004/jnccn.2017.7066
https://doi.org/10.6004/jnccn.2017.7066
https://doi.org/10.1016/j.radonc.2020.11.018
https://doi.org/10.1016/j.ejso.2024.108436
https://doi.org/10.1016/j.ejso.2024.108436
https://doi.org/10.1136/ijgc-2022-003480
https://doi.org/10.1080/13645706.2019.1624576
https://doi.org/10.1002/jmri.28492
https://doi.org/10.1016/j.ygyno.2022.02.019
https://doi.org/10.1016/j.ygyno.2022.02.019
https://doi.org/10.3389/fonc.2025.1627662
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Fully-connected network-based prediction model for lymph node metastasis in clinical early-stage endometrial cancer: development and validation in two centers
	1 Introduction
	2 Materials and methods
	2.1 Study cohorts and the subgroups
	2.2 Data collection
	2.3 Establishment and evaluation of the model
	2.3.1 Establishment of the model based on fully-connected network
	2.3.2 Evaluation of the model

	2.4 Comparison of different missing data fill-in methods
	2.5 Comparison of the model with other machine-learning methods
	2.6 Construction of the simplified nomograms
	2.7 Statistical analysis

	3 Results
	3.1 The clinical baseline of three cohorts
	3.2 The outstanding performance of the model based on FC network
	3.3 The influence of molecular classification on the model
	3.4 The construction of the simplified nomogram

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


