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ABSTRACT

Purpose: To explore the value of machine learning models based on clinical-radiological and radiomics features to
preoperatively predict locoregional staging in pediatric Wilms tumor (WT). Materials and Methods: We enrolled 95 cases
of pediatric WT confirmed by postoperative pathology (training cohort: n = 66, test cohort: n = 29). Using the WT staging
system of the Children’s Oncology Group, patients were divided into two groups, stage I (n = 60) and stage II-III (n = 35).
We used univariate and multivariate regression to analyze clinical and radiological features and identify clinical
independent predictors. Radiomics features were extracted from preoperative portal venous-phase images of abdominal
computed tomography scans. We screened for the optimal radiomics features using dimensionality reduction and
selection. Logistic regression (LR), random forest (RF), and support vector machine (SVM) models, were developed based
on the selected optimal radiomics features and clinical independent predictors. The predictive performance and clinical
benefit of each model were assessed using the receiver operating characteristic curve, calibration curve, and decision
curve analysis (DCA). The performance of each model was comprehensively evaluated using area under the curve (AUC),
accuracy, and F1 score. Results: Tumor morphology was the only clinically independent predictor. In total, ten optimal
radiomics features were selected. The predictive performance of the models was good, with RF having the best overall
performance. In the test cohort, the AUCs for the RF, LR, and SVM models were 0.737, 0.727, and 0.712, respectively, the
F1 scores were 0.615, 0.583, and 0.583, respectively, and consistent accuracy was 65.5% for all models. The calibration
curves indicated good consistency between the actual and predicted results for each model. The DCA indicated that all
three models provided clinical net benefits. Conclusion: Machine learning models based on radiomics features and tumor

morphology can preoperatively predict locoregional staging of pediatric WT.
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Introduction

Wilms tumor (WT) is the most prevalent malignant kidney tumor in children, accounting for more
than 90% of all primary renal tumors in young children (Jha et al.,, 2023). Over the last few decades, most
children with WT had a good prognosis, with population-based 5-year overall survival rates exceeding 90%
(Vujanic¢ et al., 2022). However, approximately 20% of patients are at risk of relapse predominantly within
2 years of diagnosis. The overall survival rate after relapse is approximately 50% (Spreafico et al., 2021).
The locoregional stage is a well-established risk factor for local relapse, independent of distant metastases
(Morin et al., 2021). The mainstay of adjuvant therapy for WT is chemotherapy. Studies have shown that
patients with stage I WT can undergo nephron-sparing surgery or nephrectomy alone without
postoperative chemotherapy (Neagu et al., 2025; Salzillo et al., 2025). Children diagnosed with stage I1-II1
WT usually undergo chemotherapy and/or abdominal radiotherapy together with nephrectomy (Salzillo
etal., 2025). Initial tumor staging of WT can be performed using contrast-enhanced computed tomography
(CT) or magnetic resonance imaging (MRI) (Pater et al., 2021). However, traditional radiology has limited
accuracy in determining the local staging of WT (Balanescu et al., 2021; Schenk et al., 2021). Currently, the
primary basis for local staging of WT comprises invasive surgical and pathological assessment (Balis et al.,
2021; Artunduaga et al., 2023). Therefore, the development of a noninvasive and reliable method for
predicting the locoregional staging of pediatric WT may help guide preoperative clinical decision-making

and prognostic evaluation.

Radiomics is a method of obtaining high-throughput quantitative features from conventional
medical images. Analysis of these features may yield noninvasive biomarkers to support clinical decision-
making (Zhang et al., 2020). Recently, radiomics based on quantitative parameters obtained from CT or
MRI images have proved useful for determining the T stage in various tumor types (Liu et al., 2024; Yang
etal,2021; Demirjianetal.,2022; Fang et al., 2024). However, few studies have investigated the application
of radiomics in pediatric malignant renal tumors (Shin et al, 2019; Deng et al., 2024; Ma et al., 2022).
Furthermore, only one study to date has demonstrated that a CT-based radiomics model can accurately
predict WT stage | and non-stage I disease in pediatric patients preoperatively (Ma et al., 2022). Given that
distant hematogenous metastases and bilateral renal involvement (stage IV and V WT) can be accurately
detected on diagnostic CT, this approach can be used to differentiate between stage I and stage I1-11l WT
preoperatively. In addition, the radiomics model in that study (Ma et al., 2022) did not incorporate CT
radiological features, which limited its predictive power. Clinical radiological information can be used to
improve the predictive power of radiomics models, as has been reported in the literature (Zheng et al.,

2022).
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Previous studies have indicated that the use of machine learning algorithms is associated with the
increased predictive performance of radiomics models (Zheng et al., 2022; Xiao et al., 2023). The success
of radiomics applications in clinical care can be driven by highly accurate and reliable machine learning
approaches. Identifying optimal machine learning methods for radiomics applications is crucial for
developing stable and clinically relevant radiomics biomarkers (Avanzo et al., 2020). Therefore, it is

essential to compare different machine learning models for radiomics-based clinical biomarkers.

To the best of our knowledge, no studies have investigated the potential of radiomics combined
with machine learning for predicting the locoregional staging of pediatric WT. This study aimed to develop
and validate various machine learning models that integrate clinical-radiological and radiomics features
to predict the locoregional staging (stage I vs. stage I1-11I) of pediatric WT, which is challenging to identify

using conventional imaging.

Materials and Methods

Patients

We conducted a retrospective analysis of consecutive hospitalized pediatric patients with WT at
our institution from January 2014 to June 2024. Approval of this study (Protocol code [2025-054]) was
obtained from the institutional review board of Guizhou Provincial People’s Hospital, and informed consent
was waived because of the retrospective nature of the study. Inclusion criteria included (1) having received
an abdominal contrast-enhanced CT scan before surgery, biopsy, chemotherapy, or radiotherapy; (2)
intraoperative lymph node sampling and biopsy; and (3) postoperative pathology confirming WT.
Exclusion criteria included (1) the presence of distant metastasis, (2) bilateral WT, and (3) CT images
affected by severe motion artifacts. A total of 95 pediatric WT patients were ultimately enrolled in this

study. The details of the patient recruitment flow are presented in Fig. 1.

Locoregional Staging of WT

Patients diagnosed with WT were categorized into two groups according to the Children’s Oncology
Group staging criteria (Spreafico et al., 2021): the stage I group and the stage II-1II group. Stage I involves
a tumor thatis confined to the kidney with an intact renal capsule, has not ruptured or been biopsied before
surgical resection, and has not invaded the renal sinus. Stage Il involves a tumor that extends beyond the
kidney and/or involves the renal sinus but is completely resected. Stage Il disease is characterized by

preoperative tumor rupture, intraoperative spill, or retroperitoneal lymph node involvement confirmed on
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pathological evaluation. Among the 95 patients recruited in this study, there were 60 cases of stage |

disease, 20 cases of stage Il disease, and 15 cases of stage III disease.

Inclusion criteria:

Upatients underwent preoperative abdominal contrast-enhanced CT
scan;

2)no history of biopsy. chemotherapy. or radiotherapy before surgery:
3)lymph node sampling and biopsy during surgery:
(4)WTs were diagnosed by postoperative pathological examination.

120 patients met the criteria and included from January 2014 to
June 2024 at first

Exclusion criteria:
Upresence of distant metastases:

2)bilateral WT:
3) images affected by severe motion
artifacts.

—

[ 95 patients were eventually enrolled ]

at a ratio of 7:3

;

training cohort Test cohort
n=66 n=29

Figure 1: Flowchart for selecting the study population.

CT Image Acquisition

CT scans were conducted for all patients using one of the following systems: SOMATOM Definition,
SOMATOM Definition AS 128, SOMATOM Perspective 128, and SOMATOM Force 256. The parameters for
scanning were set as follows: tube voltage of 120 kV, tube current ranging from 200 to 400 mAs, field of
view of 350 x 350-500 x 500 mm, and slice thickness of 5 mm. A contrast material bolus of 1.3-1.5 mL/kg
body weight was administered intravenously at a rate of 1.5-2 mL/sec. After the enhancement of the

descending aorta to 100 HU, arterial phase scanning began approximately 20-25 seconds later using a
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bolus-tracking technique. Portal venous-phase images were obtained 60-75 seconds after contrast

injection.

Clinical and Radiological Feature Analysis

1. Clinical feature collection: This included patient sex and age.

2. CT radiological feature evaluation: Two radiologists with more than 5 years of experience in abdominal
diagnosis with unknown pathological results jointly analyzed the following CT radiological features of the
tumor: maximum tumor diameter, tumor location (left or right kidney), tumor morphology (quasi-
circular/elliptical vs. lobulated/irregular shaped), enlarged lymph nodes (presence or not; defined as the
short diameter of the retroperitoneal lymph node =7 mm), contralateral tumor extension (presence or not;
defined as a tumor extending beyond the midline of the vertebral body), displacement of great vessels
(presence or not; considered when a left-sided tumor compressed the abdominal aorta or a right-sided
tumor compressed the inferior cava vein), rich blood supply (presence or not; defined as prominent vessels
within the tumor visible in the arterial phase), well-defined margin of the tumor (presence or not;
evaluated as clear delineation of the edge of the tumor), retroperitoneal fluid (presence or not; considered
fluid in the subcapsular, perirenal, or pararenal space), ascites (presence or not; considered present only if
peritoneal fluid was present beyond the cul-de-sac), and ipsilateral pleural effusion (presence or not). In

case of disagreement, consensus was reached by discussion.

3. Selection of clinical and radiological features: The clinical and radiological features were compared
between groups using univariate logistic regression analysis. The statistically significant variables from the
univariate analysis were then subjected to multivariate logistic regression analysis. Odds ratios as
estimates of relative risk with 95% confidence intervals (CIs) were calculated for each independent

predictor.

Radiomics Feature Extraction and Selection

1. Image selection and standardization: Cross-sectional portal venous-phase images of the abdominal CT,
with the largest solid component of the tumor, were obtained for image feature extraction, and the slice
thickness was 5 mm. Before feature extraction, CT image intensities were normalized between p - 30 and
i + 30, where p is the mean value of gray levels inside the region of interest (ROI) and o is the standard

deviation. Gray levels between p - 30 and p + 30 were then decimated to 64 gray levels.
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2. Feature extraction: Using the MaZda software (version 4.6) to extract radiomics features, six types of

features were generated: the histogram, the gray-level co-occurrence matrix, the gray-level run-length
matrix, the absolute gradient, the auto-regressive model, and the Haar wavelet. The ROl was manually
segmented along the tumor contour by two radiologists (Reader 1 and Reader 2, both with more than 5
years of experience) who were blinded to the pathological findings. Both Reader 1 and Reader 2 repeated
the same procedure 2 months later to evaluate the intra-observer reproducibility. In addition, inter-

observer reproducibility was evaluated between the two readers.

3. Feature selection: Before feature selection, each radiomics feature value was normalized using a Z-score.
First, the intraclass correlation coefficients (ICCs) between the features extracted by the two radiologists
were calculated; then, features with either intra-observer or inter-observer ICCs of less than 0.75 were
excluded. Spearman's correlation analysis was used to screen features in the training cohort, and features
with p values of less than 0.05 were retained. The minimum redundancy maximum relevance algorithm
was then used to eliminate redundant and irrelevant features, and 20 highly predictive features were
selected as the initial feature subset. Finally, the least absolute shrinkage and selection operator algorithm
with 10-fold cross-validation was used to identify the optimal discriminative features. Features with

coefficients reduced down to zero were removed, and the remaining nonzero features were selected.

Machine Learning Model Construction

In this study, we selected three mainstream machine learning algorithms, namely, logistic
regression (LR), random forest (RF), and support vector machine (SVM), to construct prediction models
based on the selected optimal radiomics features and clinical independent predictors. LR is a supervised
learning algorithm used for solving binary classification problems. It is based on the principle of using
logistic functions (also known as sigmoid functions) to model the probabilistic relationship between the
dependent variable (output) and the independent variable (input). By building a probabilistic model, LR
can predict the probability that a sample belongs to a particular category and find the optimal model
parameters through an optimization algorithm (Zabor et al.,, 2022). RF is an ensemble learning method that
constructs multiple decision trees through bootstrap sampling and random feature selection from the
training set data, and finally integrates the predictions from all the decision trees to obtain the final
prediction through a voting process (Borstelmann, 2020). SVM is a supervised learning algorithm mainly
used for classification problems. Its basic principle is to find an optimal hyperplane in the feature space
that maximizes the distance between different classes, thus improving classification accuracy

(Borstelmann, 2020). An overview of the present study’s workflow is presented in Fig. 2.
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Figure 2: Workflow of this study.

Statistical Analysis

Statistical analysis was conducted using SPSS software (version 23, Chicago, IL, USA). For
continuous variables, the Shapiro-Wilk test was performed first to verify their adherence to normal
distribution. Independent-samples t test or nonparametric Mann-Whitney U test was then used to compare
differences between groups. For categorical variables, the chi-square test or Fisher’s exact test was used
when appropriate. A two-tailed p value of less than 0.05 indicates that the difference is statistically

significant.

The receiver operating characteristic curve, calibration curve, and decision curve analysis were
used to evaluate the predictive performance and clinical benefit of each model. The performance of each
model was comprehensively evaluated using three indicators: area under the curve (AUC), accuracy, and

F1 score.

Results

1. Baseline Characteristics of Patients in The Training and Test Cohorts

The baseline patient characteristics of the training and test cohorts are presented in Table 1. There
were no significant differences in the baseline patient characteristics between the training and test cohorts,

indicating good consistency between the two data sets.

In the training cohort, the results of the univariate logistic regression analysis suggested that tumor

morphology and well-defined margin of the tumor were predictors of locoregional staging in pediatric WT
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(p =0.011 and p = 0.034, respectively). After multivariate logistic regression analysis, tumor morphology
was found to be an independent predictor for the locoregional staging of pediatric WT (odds ratio, 3.354;

95% CI, 1.122-10.030; p = 0.030) (Table 2).

Table 1: Comparison of the clinical and radiological features of patients in the training and test cohorts.

(categorical variables are expressed in terms of totals and percentages)

Variables Training (n=66) Test (n=29) x2/t P
Sex

Male 38 (57.6) 19 (65.5) 0.529  0.467
Female 28 (42.4) 10 (34.5)

Age (mean * sd), years 2.27+1.28 3.92+3.06 -1.75 | 0.102
Maximum tumor diameter (mean + sd), cm | 9.87 £ 2.57 12.26 +3.73 | -1.972 | 0.060
Tumor location

left 44 (66.7) 17 (58.6) 0.568 | 0.451
right 22 (33.3) 12 (41.4)

Tumor morphology

Quasicircular or elliptical 41 (62.1) 21(72.4) 0.941 | 0.332
Lobulated or irregular shaped 25 (37.9) 8 (27.6)

Enlarged lymph node

Present 23 (34.8) 9 (31.0) 0.131  0.717
Absent 43 (65.2) 20 (69.0)

Contralateral tumor extension

Present 25(37.9) 11 (37.9) 0.000 | 0.996
Absent 41 (62.1) 18 (62.1)

Displacement of great vessels

Present 28 (42.4) 12 (41.3) 0.009 | 0.924
Absent 38 (57.6) 17 (58.7)

Well-defined margin

Present 28 (42.4) 14 (48.3) 0.280 = 0.597
Absent 38 (57.6) 15 (51.7)

Rich blood supply

Present 40 (60.6) 15 (51.7) 0.652 ' 0.419
Absent 26 (39.4) 14 (48.3)

Retroperitoneal fluid

Present 30 (45.5) 12 (41.4) 0.136 | 0.713
Absent 36 (54.5) 17 (58.6)

Ascites

Present 29 (43.9) 11 (37.9) 0.298 | 0.585
Absent 37 (56.1) 18 (62.1)

Ipsilateral pleural effusion

Present 16 (24.2) 6 (20.7) 0.143 | 0.705
Absent 50 (75.8) 23 (79.3)
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Table 2: Univariate and multivariable logistic regression analyses for selecting clinical and radiological features.

Variable Univariate analysis Multivariate analysis
OR (95% CI) p-value OR (95% CI) p-value
Sex 0.357 (0.127, 1.005) 0.051
Age (years) 1.125 (0.874, 1.447) 0.360
Maximum tumor diameter (cm) 1.087 (0.918, 1.288) 0.332
Tumor location 1.846 (0.606, 5.626) 0.281
Tumor morphology 3.945 (1.362,11.431) 0.011* 3.354 (1.122,10.030) 0.030*
Enlarged lymph node 0.628 (0.221, 1.780) 0.381
Contralateral tumor extension 0.778 (0.278,2.174) 0.632
Displacement of great vessels 0.550 (0.194, 1.560) 0.261
Well-defined margin 3.300 (1.093,9.960) 0.034* 2.695 (0.853,8.517) 0.091
Rich blood supply 0.367 (0.121,1.107) 0.075
Retroperitoneal fluid 0.750 (0.274, 2.053) 0.575
Ascites 0.680 (0.248, 1.867) 0.454
Ipsilateral pleural effusion 0.471 (0.150, 1.480) 0.197

*Represents p < 0.05. OR odds ratio, CI confidence interval

2. Radiomics Feature Extraction and Selection

A total of 279 texture features were extracted for each patient using the MaZda software. Of the 279
features, 258 were demonstrated to have good inter-observer and intra-observer reproducibility, with ICCs
> (0.75. Of the remaining features, 223 were retained with p values of less than 0.05 using Spearman’s
correlation analysis. Then, the minimum redundancy maximum relevance algorithm was used to eliminate
redundant and irrelevant features, and 20 features were retained. Finally, 10 optimal radiomics features
were selected using the least absolute shrinkage and selection operator algorithm, including five gray-level
co-occurrence matrix features, three gray-level run-length matrix features, one auto-regressive model

feature, and one Haar wavelet feature.

3. Prediction Performance of Three Machine Learning Models

Based on 10 optimal radiomics features and tumor morphology, the predictive performances of the
three machine learning models were found to be relatively good, with RF having the best overall
performance. In the test cohort, the RF model had the highest AUC (0.737), followed by LR (AUC=0.727)
and SVM (AUC=0.712). All three models had a consistent accuracy (65.5%). Additionally, the RF model had
the highest F1 score (0.615); the LR and SVM models both had F1 scores of 0.583 (Table 3 and Fig. 3). The
calibration curve revealed that each model had good consistency between the actual and predicted results
in the training and test cohorts, indicating good calibration performance (Fig. 4). The decision curve

analysis indicated that all three machine learning models provided a certain clinical net benefit (Fig. 5).

In this study, radiomics feature selection, machine learning model construction, and performance

evaluation were all performed on the uRP platform (Wu et al., 2023) developed by the Shanghai United
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Table 3: Diagnostic performance of three machine learning models for predicting the locoregional staging of pediatric Wilms
tumor in the training and test cohorts.

Model AUC (95% CI) accuracy sensitivity specificity F1 score

LR Training = 0.895 (0.814-0.976) @ 83.3% 0.792 0.857 0.776
Test 0.727 (0.541-0.913) | 65.5% 0.636 0.667 0.583
RF Training = 0.938 (0.878-0.997) 89.4% 0.917 0.881 0.863
Test 0.737 (0.554-0.920) | 65.5% 0.727 0.611 0.615
SVM Training = 0.891 (0.808-0.974) 83.3% 0.792 0.857 0.776
Test 0.712 (0.523-0.902) | 65.5% 0.636 0.667 0.583

Table 4: Detailed information on the parameters of the three machine learning models.

Classifier Model Parameters

LR C Penalty Tol Threshold Youden Threshold
1.0 12 0.0001 0.50 0.14

RF Criterion Max Depth Min Samples Min Samples | N Estimators Threshold Youden

Leaf Split Threshold
Gini 2 1 2 100 0.40 0.24
SVM C Gamma Kernel Threshold Youden Threshold
1.0 0.01 Rbf 0.50 0.10
Discussion

The present study employed three machine learning methods to construct models for predicting
the locoregional staging of pediatric WT based on the radiomics features extracted from portal venous-
phase images of abdominal CT and tumor morphology. The results showed that the three machine learning
models achieved good predictive performance in both the training and test cohorts, which provided a

noninvasive and effective method for preoperative clinical decision-making and prognostic assessment.
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Radiomics has the potential to aid in the development of predictive diagnostics for personalized
medicine. The diagnostic efficacy of radiomics models is related to the choice of machine learning algorithm
(Zheng et al,, 2022; Xiao et al., 2023); however, most studies that reported the use of radiomics in other
tumor applications randomly applied a machine learning classifier, and comparative studies evaluating the
strengths and weaknesses of different machine learning algorithms and their diagnostic efficacy are scarce.
Liu, et al. (2024) constructed seven machine learning models based on radiomics features extracted from
CT images for the purpose of distinguishing between T2 and T3 staging of laryngeal and hypopharyngeal
squamous cell carcinoma. They reported that LR achieved the optimal diagnostic performance across the
training, test, and validation sets. In a separate study, Artzi, et al. (2019) used four machine learning
algorithms to identify glioblastoma and brain metastases of different origins based on enhanced T1WI and
found that the SVM model achieved the best diagnostic efficacy. In a similar study, Fang, et al. (2024) used
four machine learning models to predict postoperative recurrence in patients with chronic subdural
hematoma. The authors reported that the SVM model exhibited superior prediction accuracy. Zhao, et al.
(2023) constructed three radiomics models to differentiate between primary central nervous system

lymphoma and brain metastases, with the RF model performing the best.

As previously mentioned, LR, RF, and SVM are common and well-established machine learning
algorithms that are used in radiomics research. LR is a linear classifier, with the advantages of
interpretability and high computational efficiency for binary classification problems. It is suitable for
scenarios where there is a linear relationship between features and target variables (Schober and Vetter,
2021). RF can capture complex non-linear relationships without the need to normalize the data. Itimproves
the generalization and overfitting resistance of the model through integrated learning. RF performs well
when the relationship between the features of the data and the target variable is complex and non-linear,
or when there are a large number of features (Jiang et al, 2020). SVM can control for non-linear
relationships and is suitable for high-dimensional data by extending to high-dimensional spaces through
kernel functions. It is suitable for small- and medium-sized datasets and performs well when the data is
non-linearly differentiable (Valkenborg et al, 2023). Thus, different machine learning models have
different characteristics and different scopes of applicability. In this study, we selected these three
mainstream machine learning algorithms to construct predictive models, and the results indicated that the
RF model exhibited slightly superior predictive performance compared with the LR and SVM models. The
predictive performance of an RF is often comparable with that of the best available machine learning
models due to its ability to handle missing data and integrate various feature types (Becker et al.,, 2023).
When used in conjunction with most feature selection methods, the RF model often achieves the highest

predictive performance (Avanzo et al., 2020).
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This study has several limitations. First, it is a single-center retrospective study with a limited
sample size, potentially introducing selection bias. To enhance the reliability of the findings, further
validation is required using a larger patient cohort from multiple centers. Second, ROIs were manually
outlined on cross-sectional images of the largest solid component of the tumor, potentially missing the
spatial heterogeneity of the entire tumor. Finally, the CT images were obtained from a variety of CT
scanners, potentially affecting the consistency of the results, although standardized pre-processing

procedures were implemented to minimize these variations.

Conclusion

In conclusion, machine learning models based on radiomics features and tumor morphology
demonstrated good diagnostic performance in predicting the locoregional staging of pediatric WT, which

may provide a noninvasive and robust approach to optimize preoperative clinical decision-making.
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