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Abstract 

Objectives:  This study aimed to develop and validate a CT radiomics-based explain-
able machine learning model for precise diagnosing of malignancy and benignity 
specifically in endometrial cancer (EC) patients.

Methods:  A total of 83 EC patients from two centers, including 46 with malignant 
and 37 with benign conditions, were included, with data split into a training set (n = 59) 
and a testing set (n = 24). The regions of interest (ROIs) were manually segmented 
from pre-surgical CT scans, and 1132 radiomic features were extracted from the pre-
surgical CT scans using Pyradiomics. Six explainable machine learning (ML) modeling 
algorithms were implemented, respectively, for determining the optimal radiomics 
pipeline. The diagnostic performance of the radiomic model was evaluated by using 
sensitivity, specificity, accuracy, precision, F1 score, area under the receiver operating 
characteristic curve (AUROC), and area under the precision-recall curve (AUPRC). To 
enhance clinical understanding and usability, we separately implemented SHAP analy-
sis and feature mapping visualization and evaluated the calibration curve and decision 
curve.

Results:  By comparing six modeling strategies, the Random Forest model emerged 
as the optimal choice for diagnosing EC, with a training AUROC of 1.00 and a test-
ing AUROC of 0.96. SHAP identified the most important radiomic features, revealing 
that all selected features were significantly associated with EC (p < 0.05). Radiomics 
feature maps also provide a feasible assessment tool for clinical applications. Decision 
curve analysis (DCA) indicated a higher net benefit for our model compared to the "All" 
and "None" strategies, suggesting its clinical utility in identifying high-risk cases 
and reducing unnecessary interventions.

Conclusion:  CT radiomics-based explainable ML model achieved high diagnostic 
performance, which could be used as an intelligent auxiliary tool for the diagnosis 
of endometrial cancer.
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Highlights 

1.	 This is the first study to apply CT radiomics-based machine learning for precise 
diagnosing the malignancy and benignity of endometrial cancer (EC).

2.	 Among six modeling methods, the  Random Forest model, using radiomic fea-
tures from pre-surgical CT scans, demonstrated the highest diagnostic accuracy 
for EC.

3.	 CT scans are widely available, making the development of a CT radiomics-based 
intelligent diagnostic model highly valuable for accurately identifying tumor char-
acteristics and guiding clinical decision-making in EC.

Keywords:  Endometrial cancer, Radiomics, Personalized medicine, Machine learning, 
CT

Introduction
Endometrial cancer (EC) is the second most common cancer among women [1]. Despite 
progress in cancer research, the incidence and mortality rates of EC continue to rise [2]. 
In high-income countries, EC is the most frequently diagnosed gynecologic cancer, and 
its incidence is steadily increasing worldwide. Since the mid-2000s, the annual incidence 
of uterine malignancies has risen by approximately 1% in women over 50 and by 2% in 
younger women since the mid-1990s. By the end of 2023, it is estimated that there will 
be 66,200 new cases and 13,030 related deaths in the United States alone [3].

Risk factors for EC include prolonged exposure to unopposed estrogen, often associ-
ated with conditions like polycystic ovary syndrome or infertility treated with tamoxifen, 
as well as obesity and hyperinsulinemia [4]. The most common symptom of EC is abnor-
mal uterine bleeding, which should always be evaluated in postmenopausal women or 
women with other risk factors [5]. Preoperative imaging and histologic assessments 
are essential for tailoring surgical approaches to avoid unnecessary lymphadenectomy 
(LND) in low-risk patients [6]. Generally, an abdominopelvic computed tomography 
(CT) scan is performed to assess lymph node (LN) involvement or distant metastases, 
and positron emission tomography/CT scans are also viable options. Chest CT scans 
should be part of the initial assessment to rule out lung metastasis in high-risk cases. 
The role of serum tumor markers in EC is still uncertain [7].

As radiomic technology has advanced in recent years, increased attention is being 
applied to its role in managing endometrial cancer [8, 9]. Sophisticated quantitative, 
high-throughput radiomic features can be derived from tumor volumes in medical 
imaging, allowing for the identification of tumor characteristics that are imperceptible to 
the human eye. Radiomics provides a powerful method for capturing intratumoral het-
erogeneity by analyzing features from radiological images, and it has already contributed 
to the creation of diagnostic, predictive, and prognostic models, advancing the field of 
personalized medicine [4, 10–12].

Artificial intelligence (AI), especially machine learning (ML), has shown substantial 
benefits in diagnosing endometrial cancer (EC), particularly in identifying key features 
such as lymph node metastases and lymphovascular space invasion [13]. These advan-
tages are most evident in studies that employ magnetic resonance imaging (MRI) due 
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to its superior imaging details [14, 15]. However, CT scans are more commonly used 
in routine clinical practice for initial diagnoses because of their faster acquisition times 
and broader availability. Therefore, it is crucial to develop ML models that can effectively 
analyze and extract features from CT scans. To date, CT-based radiomics combined 
with ML models have shown promising results in diagnosing lung cancer [16], skin can-
cer [17], prostate cancer [18], and colorectal cancer [19], but similar analyses for EC are 
limited to the pre-identification of MMR-D or TMB-H [20] and to recurrence prediction 
for prognosis [21].

Therefore, unlike previous studies that have predominantly focused on MRI, our study 
aims to develop and test an explainable ML model designed to diagnose EC using radi-
omics data extracted from pre-surgical CT scans. This model is intended to support 
early diagnosis of EC and facilitate informed treatment decision-making.

Result
Clinical characteristics

There were 33 malignant and 26 benign EC cases in the training set, and 13 malignant 
and 11 benign EC cases in the testing set. We further divided the data into an experi-
mental group (59 cases) and a control group (24 cases) based on the malignancy and 
benignity of EC for subsequent radiomics feature distribution analysis. Table 1 lists all 
the obtained clinical characteristics, with no statistically significant differences between 
the two groups (P = 0.218–1).

Radiomics features discovery

Figure  1 presents the SHAP analysis and importance ranking of the top 20 radiomics 
features. Among them, 60% belong to texture features, while 40% are first-order statisti-
cal features. Additionally, 90% of these features originate from transformed images, indi-
cating that image transformations such as wavelet and LoG filtering can enhance the 
expression of texture features, which is consistent with previous studies [22].

Table  2 presents a comparison of the top 20 radiomic features between experimen-
tal and control groups, highlighting significant differences in their means and vari-
ability. Specifically, features such as log-sigma-5-0-mm-3D_firstorder_90Percentile 
and log-sigma-1-0-mm-3D_glcm_MaximumProbability show substantial differences 
between groups, with the experimental mean significantly higher or lower than the con-
trol mean across all features, as indicated by the p-values (all p < 0.001). For instance, 
the feature log-sigma-5-0-mm-3D_firstorder_90Percentile had a mean of 0.90 ± 2.77 in 

Table 1  Patient demographic characteristics

Characteristics Groups Full cohort 
(n = 83)

Training set 
(n = 59)

Testing set 
(n = 24)

P

Age (years) Mean ±  57.46 56.66 59.42 0.218

SD 8.99 8.86 9.20

Gender Male 0 0 0 1.000

Female 83 59 24

Diagnosis type Benign 37 26 11 0.886

Malignant 46 33 13
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the experimental group compared to −0.97 ± 0.72 in the control group, reflecting a pro-
nounced disparity in their distributions. These statistically significant differences sug-
gest that the radiomic features can potentially distinguish between conditions applied 
in experimental versus control settings, providing a quantitative basis for further model 
development in predictive machine learning applications within medical imaging.

Radiomics feature maps

The feature maps in Fig.  2 visually demonstrate the distinct radiomics characteristics 
between malignant and benign tumors. The malignant tumor (top row) displays greater 
heterogeneity across multiple feature domains, with more complex internal patterns 
and irregular intensity distributions. In contrast, the benign tumor (bottom row) exhib-
its more homogeneous patterns with uniform intensity and smoother transitions. This 

Fig. 1  SHAP analysis of the Top 20 radiomic features
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Table 2  Top 20 radiomic features comparison of malignant and benign groups

Num Radiomic features Malignant group
Mean ± SD

Benign group
Mean ± SD

P

F1 LoG-5-0-mm-firstorder_90Percentile 0.8973 ± 2.7674 − 0.9706 ± 0.7182  < 0.001

F2 wavelet-LH_firstorder_Maximum 33.2488 ± 33.5727 14.9921 ± 4.8543 0.003

F3 squareroot_glcm_Idn 0.9718 ± 0.0198 0.9596 ± 0.0121 0.005

F4 LoG-1-0-mm-glcm_MaximumProb-
ability

0.3875 ± 0.0577 0.4283 ± 0.0250 0.001

F5 squareroot_gldm_DependenceNonU-
niformity

16,142.3282 ± 11,937.4632 8633.8018 ± 6180.8670 0.003

F6 wavelet-HL_firstorder_Maximum 28.4411 ± 25.4365 13.6784 ± 9.4997 0.003

F7 LoG-3-0-mm-glcm_MaximumProb-
ability

0.5927 ± 0.1446 0.6951 ± 0.0667 0.001

F8 log-sigma-3-0-mm-3D_glrlm_GrayLev-
elNonUniformity

4232.4170 ± 3772.8624 2097.2949 ± 1207.3108 0.003

F9 wavelet-LH_glrlm_RunLengthNonU-
niformity

26,007.2400 ± 16,713.7003 14,698.5115 ± 10,658.1750 0.002

F10 LoG-1-0-mm-firstorder_Maximum 28.3740 ± 28.7366 11.7850 ± 4.5883 0.002

F11 log-sigma-3-0-mm-3D_glcm_Joint-
Energy

0.4245 ± 0.1408 0.5147 ± 0.0848 0.003

F12 original_glcm_MaximumProbability 19,854.2579 ± 14,212.2986 12,160.5326 ± 4979.3845 0.005

F13 wavelet-LH_firstorder_Range 71.2081 ± 65.8776 33.7422 ± 10.9061 0.002

F14 wavelet-HL_glrlm_RunLengthNonU-
niformity

19,522.2754 ± 14,082.0266 10,815.4521 ± 7310.8897 0.003

F15 original_firstorder_Range 112.8110 ± 92.6035 56.7198 ± 24.6335 0.001

F16 wavelet-LL_firstorder_Range 211.0077 ± 173.9878 104.9770 ± 50.7249 0.001

F17 log-sigma-1-0-mm-3D_glcm_Joint-
Energy

0.2717 ± 0.0507 0.3003 ± 0.0148 0.003

F18 log-sigma-1-0-mm-3D_glrlm_
ShortRunEmphasis

0.3876 ± 0.1447 0.3087 ± 0.0430 0.004

F19 wavelet-LH_ngtdm_Complexity 96.3095 ± 142.3560 18.9783 ± 12.6605 0.003

F20 log-sigma-3-0-mm-3D_firstorder_Uni-
formity

0.4881 ± 0.1366 0.5699 ± 0.0797 0.005

Fig. 2  Two representative cases demonstrating the precise prediction of EC malignancy and benignity with 
our radiomics feature maps
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visualization approach provides an intuitive representation of the complex mathematical 
features that drive our classification model.

Development of machine learning models

The predictive performance comparison of all machine learning models is detailed in 
Table  3, demonstrating that all radiomic models were capable of diagnosing EC with 
AUROCs exceeding 0.88 in the testing set. However, the Random Forest model was par-
ticularly distinguished, achieving an AUROC of 0.96, an AUPRC of 0.94, a sensitivity of 
100%, and a specificity of 92.31% in the testing set, which was superior to all other mod-
els (P < 0.05). Additionally, we also conducted fivefold cross-validation, with the results 
presented in Supplementary Table 1.

Overall performance of the final radiomics model

The performance metrics and evaluation results of the final radiomics model are shown 
in Table 3 and Fig. 3. In the training set, the Random Forest model achieved a perfect 
AUROC of 1.00 and AUPRC of 1.00, along with 95.83% specificity and 100% sensitivity, 
underscoring its excellent diagnostic accuracy. Similarly, in the testing set, this model 
maintained a high AUROC of 0.96 and AUPRC of 0.94, with specificity of 92.31% and 

Table 3  Performance comparison of various machine learning models for classification

Model Dataset AUROC 
(95%CI)

Sensitivity 
(%)

Specificity 
(%)

Accuracy 
(%)

Precision 
(%)

AUPRC

Logistic 
regression

Training 0.95 [0.88, 0.99] 88.57 87.50 88.14 91.18 0.97

Testing 0.95 [0.87, 1.00] 100.00 92.31 95.83 91.67 0.95

K-Neighbors Training 0.94 [0.88, 0.99] 82.86 91.67 86.44 93.55 0.94

Testing 0.94 [0.83, 1.00] 81.82 92.31 87.5 90.00 0.89

SVC Training 0.97 [0.91, 1.00] 94.29 91.67 93.22 94.29 0.98

Testing 0.95 [0.83, 1.00] 100.00 92.31 95.83 91.67 0.93

XGBoost Training 1.00 [1.00, 1.00] 100.00 100.00 100.00 100.00 1.00

Testing 0.88 [0.71, 1.00] 72.73 92.31 83.33 88.89 0.84

TabPFNv2 Training 1.00 [1.00, 1.00] 100.00 100.00 100.00 100.00 1.00

Testing 0.96 [0.85, 1.00] 81.82 92.31 87.50 90.00 0.94

Random 
forest

Training 1.00 [1.00, 1.00] 100.00 95.83 98.31 97.22 1.00

Testing 0.96 [0.89, 1.00] 100.00 92.31 95.83 91.67 0.94

Fig. 3  Confusion matrices of the best ML model. A Training set confusion matrix for the best model. B 
Testing set confusion matrix for the best model
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sensitivity of 100%, thereby confirming the effectiveness of our final radiomic signa-
ture. Furthermore, the confusion matrices also reveal the high precision of the model 
(Fig. 3A, B), solidifying its role as the most reliable model for EC diagnosis. In addition, 
the ROC curves for both the training and testing sets of the best-performing model are 
also plotted (see Supplementary Fig. 1), providing a visual confirmation of its robust dis-
criminative ability.

To further evaluate the clinical applicability of our model, we conducted calibration 
curve analysis based on isotonic regression [22] (Fig. 4A, B) and decision curve analy-
sis (Fig. 4C, D). The calibration curve further assessed the model’s true prediction bias, 
while the decision curve demonstrated that our model consistently achieved a higher net 
benefit across different risk thresholds compared to the "treat all" or "treat none" strate-
gies. These clinical analyses further highlight the potential clinical value of the radiomics 
model, providing important decision support for EC precise diagnosis.

Discussion
This study developed and validated an explainable ML model for the precise identifi-
cation of malignant EC, filling the research gap in CT radiomics for EC diagnosis and 
exploring its potential value in clinical decision support.

To evaluate the CT radiomics models’ performance, we trained and compared several 
models, including Logistic Regression, K-Nearest Neighbors, Support Vector Classifier, 
XGBoost, Random Forest, and TabPFNv2. Although TabPFNv2 was the novel tabular 
foundation model [23], it did not perform best in our experiments. Among these, Ran-
dom Forest showed the highest diagnostic accuracy. This effectiveness can be attributed 
to the ensemble nature of Random Forest, which minimizes overfitting risks by con-
structing each decision tree with different subsets of data and features. Consequently, 

Fig. 4  Calibration curves and decision curves for the final model. Calibration curves in A training set and B 
testing set. Decision curves in the C training set and D testing set
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Random Forest prevents the model from becoming overly specific to the training data 
while preserving accuracy. Moreover, Random Forest’s capacity to handle a large number 
of features makes it well-suited for capturing the complexity and diversity of radiomic 
data (such as texture and shape), allowing the model to utilize these features without 
requiring extensive feature selection [24]. In comparison, other models showed limita-
tions in this context. Logistic Regression and SVC are less capable of modeling complex 
nonlinear relationships. K-Neighbors is sensitive to high-dimensional noise. XGBoost, 
although powerful, requires careful hyperparameter tuning. TabPFNv2 [23], as a zero-
shot deep learning learner, may not fully leverage domain-specific patterns without task-
specific adaptation. These factors make Random Forest more suitable for handling the 
diversity and complexity of radiomic data in our study.

In this research, the analysis is based on the top 20 most informative radiomic fea-
tures selected for their diagnostic accuracy in differentiating malignant from benign 
endometrial tumors (see Figs. 1 and 2). These features, extracted from preoperative CT 
scans, encompass texture, shape, and intensity characteristics that significantly improve 
classification accuracy. Multiscale texture features, including first-order statistics and 
GLCM features derived from "log-sigma" (LoG) scales, capture density variations and 
subtle intensity differences across different scales [25]. These features are closely associ-
ated with the heterogeneous tissue structures characteristic of malignant tumors. First-
order features, such as the "Range", offer insights into spatial distribution and intensity 
variance within lesions. Furthermore, wavelet-decomposed features like the "wavelet-
LL_firstorder_Range" and "wavelet-LH_glrlm_RunLengthNonUniformity" enhance 
the model’s ability to detect irregular tissue patterns, further improving its precision in 
distinguishing benign from malignant structures [26]. This combination of features can 
serve as AI-driven imaging biomarkers, supporting a non-invasive, nuanced assessment 
of EC, enabling a more personalized approach to diagnostic and therapeutic planning.

Current intelligent imaging diagnostic models face significant challenges in clini-
cal practice, primarily due to poor interpretability of these models [27, 28]. Therefore, 
enhancing model interpretability is a prerequisite for clinical adoption. In this study, 
we utilized two visualization techniques, SHAP feature analysis and radiomics feature 
maps, to assist the model in EC prediction. SHAP values help clinicians understand 
which features contribute most to each prediction, making the model’s decisions more 
transparent and trustworthy. This integrated explainability approach can also serve as a 
reference for other studies.

In clinical practice, the early and precise identification of the malignant or benign 
nature of EC can assist clinicians in patient stratification, as benign and malignant EC 
patients follow distinct therapeutic pathways. After a patient undergoes CT scanning, 
this method can automatically extract radiomic biomarkers, generate feature maps, and 
calculate prediction probabilities. These outputs can then serve as reference information 
for clinicians to support treatment decision-making, thereby achieving the goal of preci-
sion medicine.

Despite the encouraging results, this study has several limitations. The sample size 
is limited, which restricts the model’s generalizability as it may not fully capture the 
diversity of EC presentations. Additionally, the data were sourced from only two hospi-
tals, potentially introducing bias and limiting the model’s applicability across different 
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imaging settings, equipment, and healthcare environments. Nevertheless, by adopting 
strategies such as grouping by hospital center and performing cross-validation, we can 
preliminarily ensure that our model possesses high predictive accuracy and generaliz-
ability. To further enhance robustness, future research could benefit from larger, more 
diverse datasets, improving the model’s generalizability in varied clinical settings. In 
addition, the incorporation of emerging technologies such as large language models 
[29, 30] and human-in-the-loop [31] approaches may further enhance the potential for 
deploying the model in clinical practice. Finally, due to the constraints of a retrospec-
tive study, we did not include more pathological information. If the selected radiomic 
features could be further correlated with pathological characteristics, they would further 
enhance the biological interpretability of the radiomic features [32].

Conclusion
In this study, we developed and tested ML models based on radiomic features from CT 
imaging to differentiate between malignant and benign lesions in EC. The results dem-
onstrated that CT-based radiomics analysis achieved high diagnostic accuracy, making it 
a promising intelligent auxiliary tool for the diagnosis of EC. Notably, the random forest 
model exhibited the best diagnostic performance. This suggests that combining radiom-
ics from CT imaging with advanced ML algorithms can significantly improve early diag-
nostic accuracy for EC, thereby aiding clinicians in making more precise decisions and 
potentially improving patient outcomes.

Materials and methods
This study was conducted in accordance with the tenets of the Declaration of Helsinki 
(as revised in 2013). The study protocol was approved by the institutional review boards 
of Qingdao Hiser Hospital and Qingdao Women and Children Hospital. All participants 
provided informed consent.

Patient population

A total of 83 patients diagnosed with benign endometrial conditions were included in 
this study (Fig. 5). The inclusion criteria were as follows: (1) patients with histologically 
confirmed uterine adenocarcinoma; (2) patients without distant metastasis; (3) patients 
who were not excluded due to pregnancy. The exclusion criteria were as follows: (1) 
patients lacking basic clinical information, such as age and sex; (2) those with unclear 
clinical staging; and (3) those with poor CT image quality. We divided the patients into 
a training set and an independent testing set based on the hospital where they received 
treatment, with the proportion being approximately 7:3. The training set consisted of 59 
patients from Qingdao Hiser Hospital treated between January 2018 and March 2020, 
and the testing set included 24 patients from Qingdao Women and Children Hospital 
treated between November 2018 and March 2020. Clinical characteristics were acquired 
from all patients; see Table 1.

Pathological diagnosis

Pathological diagnosis remains the gold standard for confirming endometrial can-
cer [33]. This involves histopathological analysis of tissue samples obtained through 
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endometrial biopsy methods, such as diagnostic curettage and hysteroscopy. Diagnos-
tic curettage allows for comprehensive tissue sampling from both the endocervix and 
endometrial cavity, which aids in assessing the lesion’s extent and nature. Hysteroscopy 
further enhances diagnostic accuracy by providing direct visualization, targeted biopsy, 
and excision of localized lesions. Histopathological examination of these samples offers 
critical insights into the characteristics and spread of the disease, which supports the 
development of personalized treatment plans for endometrial cancer.

CT image acquisition

Spiral CT scans for endometrial cancer were performed on all patients (using Philips 
Brilliance iCT and Siemens Somatom Definition AS). Both scanners are used for both 
hospitals. The scanning parameters were as follows: tube voltage at 120 kV, automatic 
tube current, pitch 1.0–1.5, matrix 512 × 512, and field of view (FOV) 350 mm × 350 mm. 
After initial data collection, all patients underwent a no-interval reconstruction of 0.5–
3.0 mm. A high-resolution algorithm was applied to enhance image quality. The scans 
were conducted with the patient in a supine position, arms placed on either side of the 
head, and breath-hold was employed during scanning. The scanning range covered 
the area from above the uterine fundus to below the pelvic cavity. All CT images were 
retrieved from the Picture Archiving and Communication System (PACS) for further 
feature extraction and analysis.

Tumor segmentation

Tumor segmentation was manually conducted across the entire tumor volume using 
ITK-SNAP software (version 3.8.0; www.​itksn​ap.​org). Region-of-interest (ROI) posi-
tioning was established by two board-certified gynecologic radiologists with 11 and 
13  years of experience in endometrial cancer imaging, respectively. Both radiologists 
were blinded to clinical and histological findings to reduce potential bias. To evaluate 
the impact of inter-observer variability on ROI delineation, which could affect radiomic 
feature extraction, each radiologist independently reviewed all CT images. Any discrep-
ancies were resolved by consensus. During the process of determining the final ROIs, we 

Fig. 5  Patient inclusion and exclusion criteria flowchart

http://www.itksnap.org
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also calculated the inter-observer agreement using the intraclass correlation coefficient 
(ICC) metric. The results showed ICC values ranging from 0.812 to 0.920, indicating 
strong consistency in the manual segmentation outcomes.

Radiomics feature extraction, selection, and analysis

In this study, radiomic features were extracted from CT images using PyRadiomics (ver-
sion 3.0.1). A total of 1,122 features were obtained from each region of interest (ROI), 
encompassing both original and transformed image types. From the original image, 121 
radiomic features were extracted, including 14 shape features, 18 first-order statistical 
features, and 89 texture features derived from gray level co-occurrence matrix (GLCM), 
gray level run-length matrix (GLRLM), gray level size zone matrix (GLSZM), gray level 
dependence matrix (GLDM), and neighboring gray-tone difference matrix (NGTDM).

In addition to the original image, features were also extracted from several derived 
image types, including eight wavelet-decomposed images, square-transformed images, 
square root-transformed images, logarithmic-transformed images, exponential-trans-
formed images, and Laplacian of Gaussian (LoG)-filtered images with multiple sigma 
values. For each of these transformed images, 91 features comprising first-order and 
texture features were extracted, excluding shape features. The combination of features 
from the original and transformed images resulted in a comprehensive radiomic profile 
of 1122 features per ROI. All features were standardized before being included in the 
subsequent feature selection and modeling process.

The predictive performance of the features was evaluated using ridge regression-based 
recursive feature elimination (RFE), through which valuable features were selected for 
modeling. RFE identifies the best features by repeatedly building models and evaluating 
feature coefficients [22]. To ensure stable estimates, the 20 most representative features 
were selected from the original 1122 high-throughput radiomic features for modeling. 
To determine the impact of the number of included features on the optimal model, we 
also compared the modeling results using 5, 10, and 20 radiomic features, respectively 
(see Supplementary Fig. 2).

Based on the selected features, the relationships among these selected features were 
first analyzed, followed by a clinical correlation analysis to assess their biological signifi-
cance. Then, the Shapley Additive Explanations (SHAP) analysis further evaluated the 
feature importance ranking to enhance model interpretability. Meanwhile, the radiomics 
feature maps were calculated to further enhance the understanding of feature visualiza-
tion [26, 34].

Model construction and validation

The prediction models were built using ML models including random forest, logistic 
regression, support vector machine, XGBoost, and TabPFNv2 [23]. Accuracy, precision, 
sensitivity, and specificity metrics were used to evaluate the performance of each model. 
Finally, after comparing all these models, the final Radiomic score was calculated in the 
training set and tested in an external testing set. Meanwhile, the receiver operating char-
acteristic (ROC) curve, confusion matrix, calibration curve, and decision curve were all 
calculated and evaluated.
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Statistical analysis

All statistical analyses and machine learning algorithms were performed using Python 
(version 3.10). The evaluation of the model was primarily conducted using the area 
under the ROC curve (AUROC) and area under the precision-recall curve (AUPRC), 
with the 95% confidence interval (CI). These metrics effectively help us analyze the 
trade-offs between true positive rates and false positive rates at various thresholds, 
thus assessing the model’s classification effectiveness [35, 36]. We also applied the 
DeLong test to compare the efficacy differences between models, determining which 
model exhibited superior statistical performance. All tests had to achieve statisti-
cal significance at a P-value less than 0.05 to ensure the reliability and validity of the 
results. Through these rigorous statistical methods, we ensured that our model is not 
only theoretically sound but also robust in practical application, thereby providing 
strong predictive performance.
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