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Abstract

To evaluate the preoperative value of ML-driven classification based on conventional 18F-FDG PET metrics and clinical
information for forecasting features of EC aggressiveness. A retrospective analysis was conducted on 123 patients with EC who
received 18F-FDG PET scans for preoperative staging between 2009 and 2021. SUVmax, SUVmean, metabolic tumor volume
(MTV), and total lesion glycolysis (TLG) were measured from the primary lesion. Patient age and body mass index (BMI) were
recorded. Histological subtype, depth of myometrial invasion (MI), risk category, lymph node (LN) status, and p53 expression
were obtained from pathology reports. The cohort was randomly partitioned into training (80%) and validation (20%) subsets.
The training data served for feature selection (via Mann-Whitney U test and ROC analysis) and model development, while the
validation set assessed predictive performance. In the validation cohort, the highest accuracies achieved were: 61% using TLG
alone versus 87% with ML for deep MI; 71% using SUVmax alone versus 79% with ML for risk group classification; 72%
using TLG alone versus 83% with ML for LN involvement; and 45% using SUVmax or SUVmean alone versus 73% with ML
for p53 expression. Classification models based on ML integrating standard 18F-FDG PET parameters and clinical data
effectively characterized the examined features of EC aggressiveness. This offers a non-invasive approach to aid preoperative
risk stratification in EC patients.
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Introduction into endometrioid carcinomas, which comprise 70-80%
of cases [4], and non-endometrioid types (10-20%),

Endometrial cancer (EC) represents the leading including serous, clear-cell, mixed, and other uncommon

gynecologic malignancy in high- and middle-income
nations [1]. Its incidence increases with factors such as
obesity, advanced age, early onset of menstruation, and
delayed menopause [2, 3]. Histologically, EC is divided
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variants, which are associated with poorer outcomes [5].
Optimal therapeutic strategies require timely and reliable
determination of disease status and biological
aggressiveness. Management options encompass surgical
procedures, radiotherapy, conventional chemotherapy,
and endocrine therapy [1]. Additionally, immune
checkpoint inhibitors and VEGF-targeted agents have
demonstrated promising effectiveness and tolerability in
advanced endometrial carcinoma [6].

Extensive surgery combined with lymph node dissection
is typically advised for individuals at elevated risk.
Nevertheless, accurately identifying suitable candidates
for such interventions remains difficult [7]. This is
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particularly relevant for younger women who may wish
to preserve fertility, where conservative management
options must be weighed [8-10]. Key indicators of EC
aggressiveness include FIGO stage, histologic type,
extent of myometrial invasion (MI) [7], and lymph node
(LN) metastasis [11-13]. Furthermore, molecular
profiling has gained prominence in risk assessment, as
genomic characteristics significantly affect disease
progression and survival [14, 15]. Overexpression of p53,
in particular, serves as an important prognostic marker in
EC and interacts with various genetic elements, including
PTEN, which is linked to adverse outcomes across
multiple malignancies [5, 16-18].

A major constraint is that most of these aggressiveness
features become available only postoperatively, with
limited options for preoperative evaluation even on
biopsy specimens. Biopsies may fail to capture
intratumoral heterogeneity, thus offering incomplete
insights into tumor behavior before surgery [19, 20].
Alternative methods, such as genomic and proteomic
profiling, have advanced personalized care by revealing
molecular pathways that influence treatment response
[21].

Standard imaging techniques such as transvaginal
ultrasound, MRI, and CT primarily provide anatomic
details with limited functional insights [22, 23]. In
contrast, 18F-FDG PET/CT plays a recognized role in
preoperative EC staging and is recommended in clinical
guidelines [24, 25]. It enables comprehensive whole-
body evaluation, facilitating detection of nodal disease
and distant spread [26-30].

While medical images are routinely interpreted
qualitatively by specialists, there is growing emphasis on
extracting quantitative imaging biomarkers [31] to better
assess tumor biology and heterogeneity [32]. In 18F-
FDG PET, commonly studied metrics include SUVmax,
SUVmean, MTV, and TLG. These are established as
indicators of underlying pathophysiological activity in
various cancers [33-36]. Unlike more complex radiomic
signatures still under exploration, these conventional
parameters offer strong clinical feasibility and
interpretability: they can be readily calculated using
routine software during standard image review and
directly relate to known biological tumor processes.
These attributes address key barriers to the translation of
advanced radiomics into everyday practice.
Concurrently, machine learning (ML) has emerged as a
valuable tool in healthcare research to assist clinical
decisions [37]. By analyzing historical patient data, ML

algorithms  can  forecast  outcomes—such  as
aggressiveness traits that are typically confirmed only
after surgery—thereby facilitating improved risk
stratification and individualized treatment.

The current investigation examines the capacity of ML
models to predict multiple features of EC aggressiveness
before surgery. Conventional 18F-FDG PET parameters
(SUVmax, SUVmean, MTV, and TLG) were analyzed
both independently and in combination with routine
clinical information within ML frameworks. The goal
was to enhance EC patient stratification and management
in a manner that is both clinically meaningful and readily
implementable.

Materials and Methods

Patients

This retrospective single-center study enrolled all
consecutive patients with histologically confirmed EC
who underwent 18F-FDG PET/CT at the Nuclear
Medicine Unit of IRCCS San Raffaele Scientific Institute
between August 2009 and February 2021 for initial
staging. Eligibility required (i) a confirmed histologic
diagnosis of EC and (ii) availability of a staging 18F-
FDG PET scan. Cases lacking sufficient imaging,
clinical, or pathologic data were excluded.

Collected variables included age, BMI, histologic
subtype (endometrioid versus non-endometrioid), deep
myometrial invasion (defined as >50% MI), EC risk
category, LN involvement, and p53 status (mutant-type
overexpression versus wild-type). Risk groups were
classified as low risk (low and intermediate) or high risk
(high-intermediate and high) per the ESMO-ESGO-
ESTRO guidelines [24].

Separate subcohorts were formed based on the
availability of specific histologic information, given the
multiple predictive endpoints examined. The study
received approval from the Institutional Ethics
Committee of IRCCS San Raffaele Scientific Institute
(138/INT/2021). All participants provided informed
consent, and the protocol adhered to the Declaration of
Helsinki (1964) and subsequent revisions.

18F-FDG PET protocols

Patient preparation, tracer administration, and scanning
procedures followed previously reported standards [22].
Due to the retrospective nature of the study, imaging was
performed on multiple systems: (1) SIGNA PET/MRI
(3T, GE Healthcare), (2) Discovery ST (GE), (3)
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Discovery STE (GE), (4) Gemini GXL (Philips), and (5)
Discovery 690 (GE). Acquisition modes varied: 2-D (4
min/bed) on Discovery ST; 3-D on the remaining systems
with bed times of 4 min (PET/MRI), 2.5 min (Discovery
STE), 3 min (Discovery 690), and 2 min (Gemini GXL).
Raw PET data underwent standard corrections for
random coincidences, scatter, and attenuation before
reconstruction. To mitigate variability arising from
differences in scanners and reconstruction protocols, the
ComBat harmonization technique [38] was applied to the
imaging parameters.

18F-FDG PET qualitative and semiquantitative image
analysis

Image interpretation was performed by two seasoned
nuclear medicine specialists using the Advanced
Workstation (AW; General Electric Healthcare,
Waukesha, WI, USA). This platform enabled multiplanar
visualization of the PET data in axial, coronal, and
sagittal orientations. The scans underwent qualitative
assessment, with the two readers reaching agreement on
every case included in the investigation. Areas of 18F-
FDG accumulation were deemed abnormal if they
exceeded background physiological uptake. When
abnormal uptake was identified, its precise anatomical
site was determined using corresponding morphological
imaging.

For the semiquantitative evaluation, volumes of interest
(VOIs) were delineated semi-automatically around
regions of pathological tracer accumulation within the
primary tumor on transaxial slices. The following three-
dimensional PET parameters were then quantified: (1)
SUVmax, (2) SUVmean, (3) MTV, and (4) TLG. In the
few scans lacking detectable pathological 18F-FDG
uptake at the primary tumor site, a default value of 0.1
was assigned to all parameters.

Surgery and histopathological analysis

Surgical treatment was performed in 120 of 123 patients
within 1 month of the 18F-FDG PET examination.
Procedures typically involved total hysterectomy (via
open or laparoscopic approach), bilateral salpingo-
oophorectomy, peritoneal lavage, and nodal assessment
through pelvic and/or para-aortic lymphadenectomy or
sentinel lymph node (SLN) biopsy. A gynecologic
oncology pathologist with over 30 years of experience,
unaware of the PET results, conducted a detailed
histologic review of all specimens, examining multiple
sections per case. Data recorded included histologic

subtype, pattern of myometrial infiltration, and lymph
node status. Additionally, p53 immunohistochemistry
results were evaluated and categorized as mutant
(overexpressed) or wild-type (null).

Histopathologic findings from lymphadenectomy, SLN
dissection, or subsequent imaging follow-up served as
the reference standard for nodal staging. Disease stage
was assigned according to the FIGO system for
endometrial tumors. The three patients who did not
undergo surgery were included only in evaluations of EC
risk group and histologic subtype, with biopsy results
used as the reference.

Statistical analysis

Statistical evaluations were conducted to determine the
ability of 18F-FDG PET metrics, together with
established preoperative clinical variables such as age

and BMI, to predict various aspects of tumor
aggressiveness. These included histologic subtype
(endometrioid ~ versus  non-endometrioid),  deep

myometrial invasion, EC risk category (low/intermediate
versus high-intermediate/high  risk), lymph node
involvement, and p53 marker status (overexpressed
versus null).

The Kolmogorov-Smirnov test was used to assess the
normality of parameter distributions. For each
aggressiveness feature, the relevant patient cohort was
randomly divided into a training set (80%) and a
validation set (20%) using stratified sampling without
overlap. On the training data, the Mann-Whitney U test
was applied. To control for multiple comparisons and
reduce false positives, the Benjamini-Hochberg
procedure was used to adjust p-values. Parameters with
adjusted p-values below 0.05 were retained for further
evaluation.

Receiver operating characteristic (ROC) curve analysis
assessed the discriminatory performance of individual
PET and clinical variables. The area under the curve
(AUC) with 95% confidence intervals (CI) enabled
performance comparison, and optimal cut-off thresholds
were identified using the Youden Index (the point closest
to the upper-left corner of the ROC plot). These cut-offs
were then applied to classify patients in the independent
validation set. Predictions were compared against
reference standards via confusion matrices, from which
accuracy, sensitivity, specificity, negative predictive
value (NPV), and positive predictive value (PPV) were
calculated and contrasted. All statistical computations
were executed in Python 3.7 (Scotts Valley, CA, USA).
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Machine learning

Dedicated machine learning models were developed and
fine-tuned for the prediction of each EC aggressiveness
feature: deep myometrial invasion, risk group
classification, lymph node involvement, and p53
expression status.

A Random Forest Classifier (RFC) was selected as the
base algorithm for all endpoints. RFCs utilize bootstrap
sampling and random feature selection at each split,
making them robust to multicollinearity issues by
naturally reducing the influence of redundant variables.
This property is especially advantageous when
incorporating conventional PET parameters, which
frequently exhibit high inter-correlation.

For every model, the following workflow was followed.
To prevent data leakage, input feature selection relied
exclusively on the training set. Only variables previously
shown to have prognostic relevance (as detailed in
Section 2.5) were considered, excluding those whose
95% CI for AUC included no discriminative value.
Hyperparameter optimization was likewise confined to
the training data. The finalized models were then
evaluated on the held-out validation set, with
performance quantified through accuracy, sensitivity,
specificity, NPV, and PPV. Model development and
testing utilized the Scikit-learn library [39] in Python 3.7
(Scotts Valley, CA, USA).

Results and Discussion

Patients’ population

The study population comprised 123 patients with
biopsy-confirmed EC who underwent 18F-FDG PET for
staging. Of these, 38/123 received PET/MRI, and 85/123
underwent PET/CT. To minimize variability due to
differences in scanner hardware and reconstruction
protocols, the ComBat harmonization approach [23] was
implemented, and the adjusted PET parameters were
employed in all subsequent analyses. Prior evaluations
had confirmed comparable spatial resolution
performance across the scanners [40-43].

Mean patient age was 65 years (standard deviation:
10.74), and mean BMI was 27 (standard deviation: 5.42).
Because data availability varied across endpoints,
distinct subpopulations were analyzed for each
aggressiveness feature. Endometrioid histology was
observed in 85 of 123 patients (69.1%). Deep
myometrial invasion (>50%) was present in 53 of 115
patients (46.1%). High-intermediate or high-risk
classification was applied to 76/119 patients (66.4%).
p53 overexpression was noted in 37/51 patients (72.5%).
Lymph node involvement analysis included 90 patients,
of whom 46 underwent systematic pelvic
lymphadenectomy, 23 underwent biopsy sampling, 19
underwent SLN dissection, and 2 were assessed via
imaging and clinical follow-up (minimum 1 year post-
surgery). Overall, nodal metastases were identified in 14
of 90 patients (15.5%).

Pathological 18F-FDG uptake corresponding to the
primary tumor was visible in 119/123 cases (96.7%).
Patients’ demographics and tumor characteristics are
presented in Table 1.

Table 1. Baseline demographic and clinicopathological characteristics of the study population

Parameter Findings
Total number of patients 123
Age, mean (SD) (years) 65 (10.74)
Body mass index (BMI). mean (SD) 27 (5.42)
FIGO stage, n (%)
Stage | 82/123 (66.7%)
Stage Il 12/123 (9.7%)
Stage |11 23/123 (18.7%)
Stage IV 6/123 (4.8%)
Tumor histological classification, n (%)
Endometrioid carcinoma 85/123 (69.0%)
Non-endometrioid carcinoma 38/123 (31.0%)

Depth of myometrial invasion, n (%)

Less than 50% invasion

53/115 (46.1%)

50% or greater invasion

62/115 (53.9%)

Endometrial cancer risk stratification, n (%0)

Low/intermediate-risk category

43/119 (36.1%)
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High-intermediate/high-risk category 76/119 (63.9%)
Lymph node (LN) involvement, n (%6)
Positive lymph node status 14/90 (15.6%)
Negative lymph node status 76/90 (84.4%)

p53 immunohistochemical status, n (%)

p53 overexpression pattern

37/51 (72.5%)

p53 null pattern

14/51 (27.5%)

18F-FDG PET/CT findings, n (%6)

Abnormal metabolic uptake

119/123 (96.7%)

No abnormal metabolic uptake

47123 (3.3%)

Continuous variables are reported as mean and standard deviation (SD), whereas categorical variables are presented as number/total (%) values.
Abbreviations: FIGO = International Federation of Gynecology and Obstetrics; EC = endometrial cancer; LN = lymph node; SUV = standardized
uptake value; MTV = metabolic tumor volume; TLG = total lesion glycolysis.

Predictive value of PET and clinical parameters

The quantitative 18F-FDG PET metrics demonstrated
useful discriminatory power for distinguishing patients
across most examined characteristics of EC
aggressiveness, except histologic subtype (Table 2 and
Figure 1). Specifically, both SUVmax and SUVmean
effectively separated cases based on the presence of deep
myometrial invasion and risk group -classification.

SUVmean additionally showed value in differentiating
p53 expression status. MTV and TLG further
demonstrated the capacity to distinguish between groups
for deep myometrial invasion, risk category, lymph node
involvement, and p53 status. In contrast, the clinical
variables of age and BMI showed limited predictive
utility overall, with only age able to differentiate patients
with deep myometrial invasion.
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Figure 1. Overview of how 18F-FDG PET metrics and clinical variables are distributed in relation to key
markers of EC aggressiveness. The boxplots show the spread of each parameter for the following categories
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(@) deep myometrial invasion exceeding 50%; (b) risk
group stratification; (c) lymph node (LN) involvement;
and (d) p53 expression status. Statistically significant
differences, determined by the adjusted P-value (< 0.05)

from the Mann-Whitney U test, are highlighted with red
asterisks. SUV = standardized uptake value; MTV =
metabolic tumor volume; TLG = total lesion glycolysis;
BMI = body mass index.

Table 2. Comparison of the distribution of 8F-FDG PET and clinical parameters between the groups defined by the
different features of EC aggressiveness.

Feature of EC aggressiveness SUVmean SUVmax TLG MTV BMI Age
Histological subtype
P-value 0.134 0.080 0.389 0.556 0.432 0.405
Adjusted P-value 0.402 0.402 0.518 0.556 0.518 0.518
Myometrial Invasion
P-value 0.007 * 0.001~* <0.001* 0.002 * 0.117 <0.001*
Adjusted P-value 0.008 * 0.002 * 0.001 * 0.003 * 0.117 0.001 *
EC Risk Group
P-value <0.001 * <0.001* 0.005 * 0.016 * 0.991 0.109
Adjusted P-value <0.001 * <0.001* 0.010 * 0.024 * 0.991 0.131
LN Involvement
P-value 0.126 0.341 0.003 * 0.001~* 0.316 0.929
Adjusted P-value 0.252 0.409 0.009 * 0.006 * 0.409 0.929
p53 Expression
P-value 0.013* 0.051 0.006 * 0.008 * 0.499 0.704
Adjusted P-value 0.026 * 0.076 0.024 * 0.024 * 0.599 0.704

The P-values obtained from the Mann-Whitney U test were corrected for multiple comparisons using the Benjamini—Hochberg false discovery
rate adjustment. Abbreviations: EC = endometrial cancer; LN = lymph node. * indicates statistical significance.

The parameters SUVmax and SUVmean were found to
have predictive utility for identifying deep myometrial
invasion (MI) along with the EC risk category and p53
expression status. Meanwhile, MTV and TLG offered
notable potential for forecasting deep MI, EC risk
stratification, lymph node (LN) metastasis, and p53
expression. On the other hand, histological subtype could
not be predicted by any of the evaluated metrics. Patient

Myometrial Invasion

a)

age and BMI generally showed weak predictive
performance, except for age, which was the sole
predictor of deep MI. Detailed information on AUCs,
including 95% confidence intervals, optimal cut-off
thresholds, sensitivity, and specificity derived from the
training dataset, is provided in Table 3. The
corresponding ROC curves are shown in Figure 2.

EC Risk Group

b)
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Lymph Nodes Involvement

c)

p53 Expression

d)

Figure 2. Receiver operating characteristic curves depicting 18F-FDG PET metrics together with clinical factors
for predicting multiple indicators of endometrial carcinoma (EC) aggressive behavior.

Solid lines illustrate the AUC results for SUVmax (light
blue), SUVmean (orange), MTV (green), TLG (red), and
patient age (purple) across the following outcomes: (a)
deep myometrial invasion exceeding 50%; (b) EC risk
group assignment; (c) lymph node involvement; (d) p53

expression status. Values of AUC accompanied by
statistically significant 95 percent confidence intervals
are denoted with an asterisk (*). Abbreviations: SUV =
standardized uptake value; MTV = metabolic tumor
volume; TLG = total lesion glycolysis.

Table 3. Predictive value of ®F-FDG PET and clinical parameters with respect to features of EC aggressiveness on
the training set.

Features of EC aggressiveness SUVmean SUVmax TLG MTV BMI AGE
Histological subtype
AUC 0.458 0.421 0.469 0.473 0.566 0.418
95% ClI 0.33-0.59 0.29-0.55 0.35-0.59 0.35-0.60 0.45-0.69  0.29-0.55
Optimal cut—off / / / / / /
Sensitivity / / / / / /
Specificity / / / / / /
Myometrial invasion
AUC 0.676 0.712 0.711 0.681 0.564 0.749
95% ClI 0.56-0.79* 0.60-0.81* 0.60-0.81* 0.57-0.79* 0.44-0.69 0.64-0.85*
Optimal cut-off 8.556 14.850 96.125 10.980 / 66.449
Sensitivity 72% 74% 64% 58% / 70%
Specificity 60% 62% 71% 76% / 73%
EC risk group
AUC 0.671 0.671 0.652 0.648 0.482 0.602
95% ClI 0.55-0.79* 0.55-0.79* 0.53-0.77* 052-0.77* 0.35-0.61 0.48-0.72
Optimal cut—off 9.694 14.188 96.125 5.133 / /
Sensitivity 63% 75% 56% 78% / /
Specificity 71% 61% 68% 52% / /
LN involvement
AUC 0.611 0.577 0.794 0.815 0.579 0.523
95% ClI 0.42-0.78 0.40-0.74 0.64-093* 0.70-091* 0.38-0.76 0.29-0.75
Optimal cut—off / / 251.823 10.980 / /
Sensitivity / / 60% 90% / /
Specificity / / 90% 71% / /
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p53 expression

AUC 0.830 0.734 0.723 0.691 0.455 0.533
95% ClI 0.67-0.96 * 0.52-0.93* 0.43-0.99 0.41-0.96 0.23-0.68 0.31-0.74
Optimal cut—off 9.536 16.286 / / / /
Sensitivity 81% 69% / / / /
Specificity 75% 75% / / / /

Abbreviations: AUC = area under the curve; Cl = confidence interval; EC = endometrial cancer; LN = lymph node; * statistical significance. SUV
= standardized uptake value; MTV = metabolic tumor volume; TLG = total lesion glycolysis; BMI = body mass index.

A representative patient case illustrating the
corresponding PET parameter values and aggressive

a)

features of endometrial cancer (EC) is presented in
Figure 3.

Figure 3. 18F-FDG PET/CT imaging used for staging endometrial carcinoma (EC).

A 71-year-old woman diagnosed with endometrial
cancer (Stage Il C1; Grade 3; non-endometrioid
histotype;  85%  myometrial  invasion;  high—
intermediate/high  risk group; with lymph node
involvement) underwent 18F-FDG PET/CT for disease
staging. Red arrows highlight abnormal FDG uptake at
the primary tumor site, green arrows mark pathological
uptake in bilateral iliac—obturator lymph nodes, and
yellow arrows point to pathological uptake in
lomboaortic and interaortocaval lymph nodes ((a): MIP
image; (b—d): axial PET/CT slices). PET metrics of the
primary lesion were as follows: SUVmax = 17.43;
SUVmean = 11.82; MTV = 28.60; TLG = 338.04.
Histopathology revealed a neoplasm composed of large
cells showing marked nuclear atypia and abundant
mitotic activity (e). The growth pattern was
predominantly papillary. Myometrial invasion (f)

displayed a tubulo-glandular pattern with micro-
papillary structures within the Ilumen and an
infiltrative/destructive invasion front. Lymph node
metastasis (g) appeared as nodular deposits of serous
atypical cells arranged in cords and small clusters.
Performance metrics including accuracy, sensitivity,
specificity, negative predictive value (NPV), and
positive predictive value (PPV) obtained by applying the
derived cut-offs to the validation cohort are presented in
Table 4. Notably, TLG yielded the highest accuracies for
predicting deep myometrial invasion (61%) and lymph
node involvement (72%), whereas SUVmax achieved
the best accuracy (71%) for EC risk group stratification.
Prediction of p53 expression status, however, remained
limited (accuracy = 45%).
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Table 4. Predictive performance of individual 18F-FDG PET parameters and clinical features alone or combined in

random forest classifiers for predicting aggressive features of endometrial cancer in the validation set.

Aggressive feature of

MTV Age Random forest classifier

EC Parameter SUVmean SUVmax TLG
Myometrial invasion Optimal threshold 8.56 1485 96.13 10.98 66.45 RFC_MI
Accuracy 52% 52% 61% 52% 48% 87%
Sensitivity 67% 67% 58% 42% 42% 100%
Specificity 36% 36% 64% 64% 55% 73%
Positive predictive value (PPV)  53% 53% 64% 56% 50% 80%
Negative predictive value (NPV)  50% 50% 58% 50% 46% 100%
EC risk group Optimal threshold 9.69 1419 96.13 513 — RFC_RG
Accuracy 67% 71% 62% 54% — 79%
Sensitivity 50% 75% 58% 67% — 92%
Specificity 83% 67% 67% 42% — 67%
Positive predictive value (PPV)  75% 69% 64% 53% — 73%
Negative predictive value (NPV)  62% 73% 62% 56% — 89%
Lymph node Optimal threshold _ _ 25182 1098 — RFC_LN
involvement
Accuracy — — 2% 61% — 83%
Sensitivity — — 25% 50% — 25%
Specificity — — 86% 64% — 100%
Positive predictive value (PPV) — — 3% 29% — 100%
Negative predictive value (NPV)  — — 80% 82% — 82%
p53 expression Optimal threshold 9.54 16.29 — — — RFC_p53
Accuracy 45% 45% — — — 73%
Sensitivity 40% 20% — — — 100%
Specificity 50% 67% — — — 50%
Positive predictive value (PPV)  40% 33% — — — 63%
Negative predictive value (NPV)  50% 50% — — — 100%

Optimal cut-off values for each PET parameter were determined from ROC curves in the training set and subsequently applied as thresholds (th)
for patient classification in the validation set. Abbreviations: RFC = Random Forest Classifier; Ml = myometrial invasion; RG = risk group; LN =

lymph node.

Machine learning

For every indicator of EC aggressiveness, a random
forest classifier (RFC) model was developed on the
training dataset, specifically RFCMI, RFCRG, RFCLN,
and RFCp53.

Input features for each model were selected based on
AUC results on the training set (Table 3), including only
those parameters with 95% confidence intervals that
were statistically significant. In detail, SUVmax,
SUVmean, MTV, TLG, and age served as inputs for
RFCMI; SUVmax, SUVmean, MTV, and TLG were

used for RFCRG; MTV and TLG were used for RFCLN;
and SUVmax and SUVmean were used for RFCp53.
Bootstrap sampling was applied in all models, utilizing
random subsets of the training data to construct the
individual decision trees. To address class imbalance
issues in forecasting EC risk group and lymph node
involvement, the “class weight” setting was adjusted to
give greater importance to the underrepresented class.
Optimal hyperparameters were determined for each
classifier and are outlined in Table 5.

Table 5. Hyperparameters selected for the implementation of the four random forest classifier (RFC) algorithms.

Lymph node involvement  p53 expression

Hyperparameters EC risk group Myometrial invasion
n_estimators 22 24 2 5
max_depth None None None None
min_samples_split 2 5 2 2
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min_samples_leaf 4 1 1
max_features auto auto auto Auto
bootstrap True True True True
class_weight 1:2 1:15 1:1

Hyperparameters are defined according to the Scikit-learn library [39].

Predictions generated by the models on the validation
cohort, including accuracy, sensitivity, specificity, NPV,
and PPV, are summarized in Table 4. Specifically, deep
myometrial invasion (MI) was correctly classified with
87% accuracy when incorporating all PET parameters
plus age. EC risk group was predicted with 79% accuracy
using all PET parameters. Lymph node (LN)
involvement reached 83% accuracy utilizing MTV and
TLG. Lastly, p53 expression was predicted with 73%
accuracy using SUVmax and SUVmean.

This investigation highlights the clinical usefulness of
machine learning-driven classification models built from
standard 18F-FDG PET metrics and basic clinical
information for forecasting key aspects of tumor
aggressiveness in patients with endometrial carcinoma
(EC) undergoing staging evaluation.

Our findings indicate that SUVmax and SUVmean
effectively distinguish and predict deep MI, EC risk
category, and p53 expression. Furthermore, the
volumetric metabolic indices MTV and TLG
demonstrated strong performance in anticipating deep
MI, EC risk group, and LN involvement. In contrast, no
imaging parameter demonstrated the capacity to
discriminate or predict histological subtype. The
performance of these PET wvariables was further
benchmarked against routine clinical factors previously
linked to EC risk, such as patient age and BMI. Both
proved to have minimal predictive value, with age alone
showing some association with deep MI.

The outcomes align with several earlier reports in the
literature. Prior studies noted significantly elevated
SUVmax in the primary tumor among high-risk EC
patients relative to low-risk cases, reporting sensitivities
and specificities of 74% and 46% for risk group
differentiation (compared with 75% and 61% in the
current analysis) [44]. Comparable agreements were
observed with previous research exploring links between
SUV parameters and deep myometrial invasion [45, 46].
Regarding metabolic volume indices, certain authors
have proposed MTV and TLG as potential indicators of
LN involvement [47]; the present results support this
view, identifying MTV and TLG as the sole parameters
capable of both discriminating and predicting nodal

metastases. Notably, the observation that 18F-FDG PET
can help predict p53 overexpression represents a novel
contribution, particularly relevant given p53’s
established prognostic importance in EC [48]. Molecular
profiling of EC is now incorporated into standard clinical
practice for risk stratification, as endorsed by
ESGO/ESTRO/ESP guidelines, thereby improving
accuracy beyond traditional clinicopathological factors
such as histological subtype, grade, and depth of
invasion [25].

A key advantage of this study over much of the existing
literature is the inclusion of an independent validation
cohort, enabling evaluation of the selected cut-offs and
model performance on unseen data. Such validation
remains relatively rare in conventional statistical
analyses of PET in EC. This design offered a more robust
preliminary assessment of the real-world utility of the
investigated parameters for patient stratification,
yielding direct measures of accuracy, sensitivity,
specificity, NPV, and PPV. It also permitted evaluation
of whether machine learning approaches could provide
added benefit in this context. ML applications in
molecular imaging for EC remain scarce, with most
existing work focused on MRI datasets [49-52] and only
limited reports using 18F-FDG PET [53]. Importantly,
those studies primarily relied on radiomic features. To
our knowledge, the current study is the first to examine
conventional ~ semiquantitative =~ PET  parameters
(potentially combined with clinical variables) through
ML models for primary staging of EC. This approach
enhances clinical interpretability and facilitates practical
implementation, since the parameters can be readily
obtained on standard imaging workstations and software.
Nevertheless, several limitations must be acknowledged.
Although 123 patients were enrolled, complete
histological confirmation of all aggressiveness features
was not available for every case, requiring the creation
of smaller subgroups with appropriate reference
standards. Class imbalance was also evident, particularly
in the assessment of LN involvement. To the best of our
knowledge, no prior research has evaluated 18F-FDG
PET-based ML using conventional parameters from the
primary tumor to predict deep MI, EC risk group, LN
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status, and p53 expression. Consequently, larger and
more balanced cohorts are warranted to validate these
findings. Additionally, the study was conducted at a
single center, so external validation using independent
datasets from other institutions will be essential to
confirm model generalizability and robustness.

Conclusion

This study presents one of the earliest evaluations of
machine learning classification based on 18F-FDG PET-
derived parameters for preoperative prediction of EC
aggressiveness features, which are otherwise only
determined postoperatively despite their importance for
optimal treatment planning. A predictive signature
combining standard PET metrics (SUVmax, SUVmean,
TLG, and MTV) with clinical variables (age and BMI)
was developed to provide clinicians with an interpretable
and easily translatable tool. The results demonstrate that
this strategy can effectively characterize several critical
aspects of EC aggressiveness preoperatively, including
histological subtype, presence of deep myometrial
invasion (MI), lymph node involvement (LN), p53
expression status (wild-type versus mutated), and overall
risk group. These findings underscore the potential of
advanced yet accessible PET image analysis—leveraging
conventional quantitative parameters and machine
learning—to improve non-invasive preoperative risk
stratification and guide management decisions in patients
with EC.
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