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To investigate the prediction of a model constructed by combining machine learning (ML) with

clinical features and ultrasound radiomics in the clinical staging of cervical cancer. General clinical

and ultrasound data of 227 patients with cervical cancer who received transvaginal ultrasonography
were retrospectively analyzed. The region of interest (ROI) radiomics profiles of the original image

and derived image were retrieved and profile screening was performed. The chosen profiles were
employed in radiomics model and Radscore formula construction. Prediction models were developed
utilizing several ML algorithms by Python based on an integrated dataset of clinical features and
ultrasound radiomics. Model performances were evaluated via AUC. Plot calibration curves and clinical
decision curves were used to assess model efficacy. The model developed by support vector machine
(SVM) emerged as the superior model. Integrating clinical characteristics with ultrasound radiomics,

it showed notable performance metrics in both the training and validation datasets. Specifically,

in the training set, the model obtained an AUC of 0.88 (95% Confidence Interval (Cl): 0.83-0.93),
alongside a 0.84 accuracy, 0.68 sensitivity, and 0.91 specificity. When validated, the model maintained
an AUC of 0.77 (95% Cl: 0.63-0.88), with 0.77 accuracy, 0.62 sensitivity, and 0.83 specificity. The
calibration curve aligned closely with the perfect calibration line. Additionally, based on the clinical
decision curve analysis, the model offers clinical utility over wide-ranging threshold possibilities. The
clinical- and radiomics-based SVM model provides a noninvasive tool for predicting cervical cancer
stage, integrating ultrasound radiomics and key clinical factors (age, abortion history) to improve risk
stratification. This approach could guide personalized treatment (surgery vs. chemoradiation) and
optimize staging accuracy, particularly in resource-limited settings where advanced imaging is scarce.
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In 2020, cervical cancer is ranked as the second most prevalent cancer among women worldwide, with a
mortality rate of 60%'. In developed countries and regions, the widespread implementation of cytological
screening programs results in a decline in the incidence and mortality rates of cervical cancer’. However, in
underdeveloped areas, low vaccination rates for human papillomavirus (HPV) and screening coverage are
observed due to economic underdevelopment?. Recently, the onset age for cervical cancer has trends younger,
with some cases diagnosed at advanced stages, which leads to poor prognoses®. The clinical stage greatly impacts
the treatment options and prognosis for cervical cancer patients. The clinical outcomes for those with advanced
stages differ vastly from those with early stages. Based on the guidelines recommended by the International
Federation of Gynecology and Obstetrics (FIGO), patients with early-stage cervical cancer (stages I to IT A) are
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often managed with surgical intervention, whereas those with advanced stage (stages II B to IV), concurrent
radiation therapy combined with chemotherapy are reccommended*. Therefore, the early detection and accurate
staging of cervical cancer are of significant importance for guiding treatment choices and prognosis assessment.
Recent advances in quantitative imaging analysis have positioned radiomics as a transformative tool in oncology,
enabling non-invasive characterization of tumor heterogeneity and improved prognostic stratification across
cancer types®. While initially applied to CT and MRI, radiomics is now being adapted for ultrasound, offering a
cost-effective alternative particularly valuable in resource-limited settings®.

Ultrasound examination is radiation-free, simple, and cost-effective, allowing for multi-angle and multi-
plane imaging, which facilitates the detection, measurement, and localization of lesions. It also helps identify
lymph node metastases in the pelvic and groin regions. Radiomics provides a means to quantitatively extract
high-throughput features from images, enabling a more detailed characterization of tumor heterogeneity with
enhanced spatial exploration’. Multi-modal approaches integrating clinical data with radiomics features have
demonstrated superior performance in cancer staging compared to imaging-only models, as evidenced by recent
studies combining MRI radiomics with clinicopathological variables®. This synergy justifies our integration of
demographic factors (age, abortion history) with ultrasound-derived features. Furthermore, advancements in
ultrasound radiomics feature extraction protocols® have addressed historical concerns about reproducibility,
establishing its reliability for quantitative analysis.

Machine learning (ML) is an innovative research tool that employs computers to construct probabilistic
statistical models based on data, which are then used to analyze data. ML has emerged as a cornerstone of
radiomics analysis, with algorithms like SVM successfully applied to diverse medical imaging tasks—from
Alzheimer’s disease prediction using PET radiomics'® to tumor staging in oncology. These studies underscore
MLs capacity to uncover complex patterns in high-dimensional data, supporting our multi-model comparison
approach. Currently, the integration of radiomics and ML is extensively applied in the medical field, which
proves more reliable than traditional methods such as logistic regression models. ML models based on radiomic
features can provide valuable information for devising superior treatment plans in clinics'!. ML algorithms
are particularly suited for cancer staging tasks due to their ability to model complex, non-linear relationships
between imaging features, clinical variables, and disease outcomes. Traditional statistical methods often assume
linear relationships, which may oversimplify the biological complexity of tumor heterogeneity and progression'2.
Advanced ML techniques like SVM can capture these intricate patterns through kernel-based transformations,
making them ideal for integrating multi-dimensional data from radiomics and clinical features'®. However, few
studies use ML models to guide treatment for patients with cervical cancer. Therefore, we aimed to explore the
prediction of a model constructed by ML based on clinical features and ultrasound radiomics in the clinical
staging of cervical cancer. We used various ML methodologies to develop and validate models by integrating
ultrasound radiomics features with the clinical characteristics of patients with cervical cancer.

Subjects and methods

Subjects

This retrospective study was approved by the Ethics Committee of the Affiliated Hospital of North Sichuan
Medical College (Approval number: 2022ER451-1), and the informed consent requirement was negated owing
to the retrospective design of the investigation. All investigational protocols abided by the institutional and
national medical ethics committees-recommended guidelines, as well as to the 1964 Declaration of Helsinki
and comparable ethical values. A total of 430 patients with cervical squamous cell carcinoma (CSCC) who were
admitted to the Affiliated Hospital of North Sichuan Medical College from December 2020 to November 2022
were included in this study. Inclusion criteria: (1) cervical cancer was confirmed by postoperative pathology;
(2) transvaginal ultrasonography was performed within one month before surgery and the maximum sectional
view of lesions was saved; (3) patients did not undergo relevant intervention before ultrasound evaluation
and before treatment. Exclusion criteria: (1) poor image quality, unable to identify lesions; (2) cervical tumors
measuring < 1.0 cm in maximal diameter on ultrasound, as lesions below this size threshold (a) may not provide
sufficient voxel information for reliable radiomics analysis, (b) are challenging to delineate reproducibly given
ultrasound’s resolution limits, and (c) represent early-stage cases where staging accuracy is less clinically
consequential; (3) patients with other malignancies. Finally, 227 CSCC patients were recruited for analysis.
Based on the FIGO 2018 guidelines, stage I-IIA was classified as the early stage, and stage IIB-IV was classified
as the advanced stage. There were 159 cases in the early-stage group and 68 cases in the advanced-stage group.

Data collection
The ultrasound images and general clinical data of all patients were collected, including age, number of vaginal
births, number of cesarean sections, and number of abortions.

Radiomics feature analysis

Two-dimensional (2D) ultrasound images of 227 patients were selected according to the ataxation criteria. The
2D ultrasound images of the largest slice of the lesion in the vaginal ultrasound one month before surgery
were selected. The lesion was confirmed by postoperative pathology. The images were stored in Digital Imaging
and Communications in Medicine (DICOM) format within Picture Archiving and Communication Systems
(PACS). Original two-dimensional ultrasound images were transferred to the three-dimensional (3D)-Slicer
software (https://www.slicer.org). Two highly experienced physicians in the ultrasonic diagnosis of obstetrics
and gynecology (Physician A and B, with 15 and 12 years of experience respectively) manually outlined the
region of interest (ROI)'* (Supplementary Fig. 1). The radiomics component in 3D-Slicer software was employed
to retrieve ROI radiomics profiles. Finally, a total of 837 radiomics profiles were retrieved and normalized.

Scientific Reports |

202515:18862 | https://doi.org/10.1038/s41598-025-03170-w nature portfolio


https://www.slicer.org
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

To assess the reproducibility of ROI delineation and feature extraction, 30 cases (13.2%) were randomly
selected after ten days for re-evaluation. The same two physicians independently re-delineated the ROIs using
the same protocol without reference to their initial annotations. This process served two purposes: (1) to evaluate
intra-observer variability by comparing each physician’s repeat measurements with their initial delineations, and
(2) to assess inter-observer consistency by comparing the two physicians’ independent annotations. The random
selection ensured unbiased representation across all clinical stages.

Prediction model construction

A total of 227 patients were arbitrarily separated into a training set (n=158) and a validation set (n=69) in
a 7:3 ratio using R software (Version 4.2.3, https://www.R-project.org) and R studio software. R software was
also employed for redundancy analysis. The Pearson test was conducted for normally distributed data and the
Spearman test for nonnormal data. A correlation coefficient threshold of 0.9 was selected to remove redundant
characteristic parameters, as this represents the commonly accepted threshold for identifying highly correlated
features in radiomics studies'®. This conservative threshold was chosen to: (1) minimize information loss while
reducing multicollinearity, (2) maintain sufficient features for robust model development, and (3) align with
previous radiomics research standards'®. Features with correlation > 0.9 were considered to convey substantially
overlapping information, where retaining both could bias machine learning algorithms without adding
meaningful independent information.

After the redundancy analysis, the least absolute shrinkage and selection operator (LASSO) method was
adopted for feature or profile screening. Tenfold cross-validation was used to minimize overfitting!”. A Radscore
formula was constructed according to the obtained features. The radiomics model was generated with the help of
the RadScore. In the training set, several models were established utilizing Logistic Regression (LR)'®, Random
Forest (RF)!, Support Vector Machines (SVM)?°, Gaussian Naive Bayes (GNB)?!, and Extreme Gradient
Boosting (XGBoost)?? as previously described. Further verification was conducted in the validation set. The
optimal model identified from the aforementioned methods was then selected to generate a model integrating
both clinical profiles and the RadScore. For comparative purposes, a separate clinical model encompassing only
clinical features was also established. All model development and evaluation were implemented using Python
(Version: 3.11.4, https://www.python.org/downloads/).

Statistical analysis

The interclass correlation coeflicients (ICC) were employed to assess profiles retrieved by the two physicians
and doctors with the same names. ICC>0.75 indicated good consistency, and P<0.05 indicated the statistical
significance threshold. All general clinical demographic information were numerical variables. The normally
distributed data were presented as means*standard deviation (SD) and compared via t-test according to
whether the variance was homogeneous. Non-normally distributed data were described by median (Min, P25,
P75, Max) and compared by the Wilcoxon Mann-Whitney test. The same test was also employed for the early-
stage Radscore difference and the advanced-stage comparison between the training and validation sets. The
performance of the five models was compared by plotting the receiver operating characteristic (ROC) curve and
calculating the area under the curve (AUC), accuracy, sensitivity, and specificity, thereby identifying the optimal
radiomics model. A calibration curve was employed to assess the model calibration efficiency, and Decision
Curve Analysis (DCA) was employed for the model’s clinical application value prediction.

Results

General clinical data

Based on the FIGO staging system and pathological findings, there were 13 cases of stage IA, 90 cases of stage
IB, 56 cases of stage IIA, 20 cases of stage IIB, 44 cases of stage III, and 4 cases of stage IV. Stages I to IIA were
included in the early (n=159) and stages IIB to IV in the advanced stage (1n=68). We observed substantial
differences in patient age, number of vaginal births, and number of abortions between the early stage (I-1IA) and
advanced stage (IIB-IV) groups (P<0.05), but no statistically significant differences in the number of cesarean
section (P>0.05, Table 1).

Radiomics profile and model evaluation

The ICC values of the two retrieved radiomics profiles by the same and those extracted by two physicians were
all more than 0.9, with satisfactory consistency (all P<0.05). We retrieved 837 profiles. After normalization
processing, redundancy analysis, tenfold cross-validation and LASSO dimension reduction screening
(Supplementary Fig. 2), 18 radiomics features were finally obtained, including 1 first-order feature and 17 high-

General clinical data Early stage (n=159) | Advanced stage (n=68) | P (Shapiro-wilk test) | t/P (t-test) Z/P (WM-W test) | P (logistic)
Age (years) 53.7+9.8 57.7+10.8 0.107 —2.741/0.007 0.034
Number of natural births 2(0,1,2,7) 2(0,2,3,6) <0.001 —3.270/0.001 0.546
Number of cesarean sections | 0(0,0,0,2) 0(0,0,0,2) <0.001 —1.402/0.161

Number of abortions 2(0,1,3,7) 1(0,0,2,6) <0.001 —2.528/0.011 0.003
Radscore <0.001

Table 1. General clinical data.
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order features (Supplementary Table 1). The obtained feature and corresponding non-zero coeflicient were used
to construct a formula to obtain the Radscore:

Radscore = — 2.142.

+ Original_firstorder_Minimum*(— 0.410).

+ wavelet. LLH_firstorder_Minimum*(— 0.059).

+ wavelet. LLH_glem_MCC*(- 1.960).

+ wavelet. LLH_glrlm_ShortRunHighGrayLevelEmphasis*1.843.

+ wavelet. LLH_glszm_ZoneEntropy*(— 0.366).

+ wavelet. LHL_glszm_SmallAreaEmphasis*(— 0.112).

+ wavelet. LHL_glszm_SmallAreaLowGrayLevelEmphasis*(— 0.609).

+ wavelet. LHL_glszm_ZoneEntropy*0.427.

+ wavelet. LHH_gldm_DependenceNonUniformityNormalized*0.935.

+ wavelet. LHH_gldm_GrayLevel Variance*0.263.

+ wavelet. LHH_glszm_LowGrayLevelZoneEmphasis*(— 0.113).

+ wavelet. LHH_glszm_SmallAreaEmphasis*1.559.

+ wavelet. HLL_glem_Imc2*(- 1.173).

+ wavelet. HHH_firstorder_Mean*(- 0.184).

+ wavelet HHH_glszm_SmallAreaHighGrayLevelEmphasis *0.571.

+ wavelet.LLL_firstorder_Kurtosis*(- 0.621).

+ wavelet. LLL_glcm_InverseVariance*(— 1.769).

+ wavelet. LLL_glrlm_RunEntropy*0.261.

After integrating general clinical data with statistical significance and Radscore for multivariate logistic
regression, there was no discernible difference in the number of vaginal births (P>0.05), and it was removed.
Finally, age, number of abortions, and Radscore were used to construct combined models. Figure 1A illustrated
the ROC curves of the five radiomics models on the training set, while Fig. 1B presented the ROC curves of the
five radiomics models on the validation set. Comparisons of the performances of the five models were presented
in Table 2. Although the XGBoost model exhibited good predictive power on the training set, it performed
inadequately on the validation set, indicating a tendency towards overfitting. The RF model demonstrated a
strong AUC value, however, it was characterized by low sensitivity on the validation set. Similarly, both the
LR and GNB models showed low sensitivity in both training and validation sets. Consequently, to confirm
the stability and consistency of the five models, the SVM model was ultimately selected as the optimal model.
Furthermore, a heatmap illustrated a strong correlation between the Radscore and the two clinical variables (age
and the number of abortions) (Supplementary Fig. 3). Consequently, an integrated model was developed using
SVM, which combined age, the number of abortions, and the RadScore.

Performance of integrated model

Figure 2A displayed the ROC curves of integrated model for both the training and validation sets. Figure 2B
presented the calibration plots of the integrated model for both the training and validation sets, demonstrating
the consistency between the predicted probability and actual outcomes. Meanwhile, Fig. 2C showed the clinical
decision curve of the integrated model, illustrating its usage in guiding therapeutic decisions based on predicted
outcomes. Additionally, a baseline clinical model comprising solely these three fundamental clinical variables
was constructed for comparison. The outcomes of model evaluations were summarized in Table 3.

Discussion

In this study, we established five models by using ML with clinical features and ultrasound-based radiomics to
predict the clinical outcomes of patients with cervical cancer. We found that the SVM model combining age
and the number of abortions showed good performance. In the training set, this model had an AUC of 0.88, an
accuracy of 0.83, a sensitivity of 0.68, and a specificity of 0.89. In the validation set, this model had an AUC of

A Receiver Operating Characteristic B Receiver Operating Characteristic
1.0 1.0
/’ ’
-, .
’ 4
e s
4 L
4 s
0.8 . 0.8 Z#
o '
s ’
.’ -
o -, g .
2 o s o
$ 06 P o 0.6 e
> s > ’
S s =] s
2 P a P
. # :
$ 04 P $ 044 .
= 7 = Pid
.
,” LR train (AUC = 0.84) 2% LR valid (AUC = 0.74)
77 —— RF train (AUC = 0.86) 63 /’ — RF valid (AUC = 0.71)
02 ,/ —— SVM train(AUC = 0.84) : L3 — SVM valid(AUC = 0.74)
g = GNB train(AUC = 0.84) 7 = GNB valid(AUC = 0.74)
’/’ = XGBoost train (AUC = 0.92) = XGBoost valid (AUC = 0.68)
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

Fig. 1. The receiver operating characteristic (ROC) curves of the five models. (A) ROC curves for the training
set; (B) ROC curves for the validation set.
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Items AUC (95%CI) | Accuracy | Sensitivity | Specificity
LR 0.84(0.77-0.90) | 0.79 0.51 091
RF 0.86(0.80-0.91) | 0.80 0.62 0.88

Training set SVM 0.84(0.77-0.90) | 0.71 0.79 0.68
GNB 0.84(0.77-0.90) | 0.80 0.57 0.89
XGBoost | 0.92(0.88-0.96) | 0.84 0.64 0.93
LR 0.74(0.61-0.86) | 0.71 0.38 0.85
RF 0.71(0.56-0.83) | 0.70 0.48 0.79

Validation set | SVM 0.74(0.61-0.86) | 0.70 0.71 0.69
GNB 0.74(0.61-0.86) | 0.67 0.38 0.79
XGBoost | 0.68(0.54-0.81) | 0.67 0.29 0.83

Table 2. Diagnostic performance of the five models in predicting the stage of cervical cancer in the training
and validation sets. CI represents confdence interval. AUC represents area under the receiver operating
characteristic curve. LR represents logistic regression model. RF represents random forest model. SVM
represents support vector machine model. GNB represents Gaussian Naive Bayes model. XGBoost represents
extreme gradient boosting model.
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Fig. 2. The performance of the integrated model. (A) the ROC curves of an integrated model for both
the training and validation sets. (B) the calibration plots of the integrated model for both the training and
validation sets. (C) the clinical decision curve of an integrated model.

Items AUC (95%CI) | Accuracy | Sensitivity | Specificity
RadScore | 0.84(0.77-0.90) | 0.71 0.79 0.68

Training set Clinical 0.65(0.56-0.74) | 0.59 0.55 0.60
Combined | 0.88(0.82-0.93) | 0.83 0.68 0.89
RadScore | 0.74(0.61-0.86) | 0.70 0.71 0.69

Validation set | Clinical 0.60(0.46-0.75) | 0.55 0.62 0.52
Combined | 0.77(0.64-0.89) | 0.75 0.62 0.81

Table 3. Diagnostic performance of each SVM model in predicting the stage of cervical squamous cell
carcinoma in the training and validation sets.

0.77, an accuracy of 0.75, a sensitivity of 0.62, and a specificity of 0.81. Our results showed that the SVM model
can guide the therapeutic decisions of patients with cervical cancer based on predicted outcomes.

The FIGO staging system for cervical cancer dominates in clinical practice as well as in cancer database
reporting?. Many scholars have conducted in-depth research involving the radiomics significance in predicting
cervical cancer. Wang et al. revealed that cervical adenocarcinoma exhibits higher textural heterogeneity
compared to CSCC (14). A combined model constructed using multi-sequence MRI images yielded an AUC of
0.89 in differentiating CSCC from cervical adenocarcinoma, which is higher than that of individual sequence
models?. Shi et al. showed that the combined model of T2WI and voxel incoherent motion diffusion-weighted
imaging had superior performance in evaluating tissue differentiation compared to individual sequences?.
There has been extensive prior research on the application of radiomics in predicting pathological staging, lymph
node and vascular space involvement, treatment response, and prognosis assessment of cervical cancer?*-2¢, This
presents new approaches for diagnosing and evaluating the treatment responses in cervical cancer. However,
these studies have almost exclusively relied on magnetic resonance imaging (MRI), Computerized tomography
(CT), or positron emission tomography (PET)-CT images. As far as we know, there have been scant investigations
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on radiomics based on ultrasound images for the clinical staging of cervical cancer. In addition, previous studies
often employed a single ML modeling approach, whereas our research has established five different ML models.

ML offers more accurate, objective, and reliable models that help in clinical decision-making®. Zhang
et al. discovered that the RF model could accurately predict early mortality in metastatic colorectal cancer,
outperforming models based on LR, CatBoost, XGBoost, and LightGBM, and the RF model demonstrated
greater clinical utility®®. Radiomics models are essential in disease diagnosis and intervention planning strategies,
with their predictive accuracy being of paramount importance, which largely hinges on the appropriateness of
the selected ML algorithms®'-%3.

In this study, among the five ML models established by Radscore, the SVM model performed the best, with
an AUC (95% Confidence Interval), accuracy, sensitivity, and specificity of 0.84 (0.77-0.90), 0.71, 0.79, and 0.68
in the training set, and 0.74 (0.61-0.86), 0.70, 0.71, and 0.69 in the validation set. Furthermore, this study also
found that combining clinical parameters (age and number of abortions) with radiomics features in a combined
model substantially increased the model’s diagnostic performance. The combined model showed an AUC
(95% CI), accuracy, sensitivity, and specificity of 0.88 (0.82-0.93), 0.83, 0.68, and 0.89 in the training set, and
0.77 (0.64-0.89), 0.75, 0.62, and 0.81 in the validation set. The performance of the integrated model surpassed
that of both standalone clinical models and standalone radiomics models. The probable reason may be that
standalone radiomics models fail to adequately account for individual patient variations and the impact of other
clinical factors on tumor progression. Consequently, it can furnish more comprehensive and precise diagnostic
information by integrating clinical characteristics with tumor radiomics models. This combination approach
acknowledges the complexity of cancer diagnosis, where both biological characteristics visible through imaging
and patient-specific clinical data contribute to a more holistic understanding of the disease state.

SVM was recognized as an effective and robust method for addressing nonlinear problems. It was designed
to capture the complex and nonlinear relationships between radiative phenotypic and genotypic information
while ensuring stability and efficiency®’. RF is an algorithm based on an ensemble of multiple decision trees,
which often achieves high accuracy across many datasets®>. GNB is a probabilistic classification algorithm that
can enhance specificity®’. The XGBoost algorithm excels in both computational speed and model precision®’.
Garavand et al. established a diagnostic model for coronary artery disease using SVM, with performance metrics
including Precision, Recall, F-measure, Matthews Correlation Coeflicient (MCC), AUC, and Precision-Recall
Curve (PRC) at 0.88, 0.88, 0.88, 0.70, 0.88, and 0.83, respectively. This model outperforms other methods such as
Multilayer Perceptrons (MLP), LR, J48 (a decision tree algorithm), k-nearest Neighbors (KNN), and Naive Bayes
(NB)*. This study indicated that the SVM model exhibited superior diagnostic performance, suggesting that
cervical cancer may be nonlinear or not linearly separable, and thus is more suitably addressed by employing
the SVM algorithm. The superior performance of SVM in our study likely stems from its ability to handle
non-linear decision boundaries that characterize the relationship between ultrasound radiomics features and
cervical cancer stage. Unlike linear models that assume simple additive effects, SVM’s kernel trick allows it to
project features into higher-dimensional spaces where complex patterns become separable®. This capability is
particularly valuable in cancer staging where: (1) tumor biology follows non-linear progression patterns, (2)
imaging features interact in complex ways, and (3) clinical variables may have threshold effects rather than
linear relationships with outcomes*’. Our findings align with recent studies demonstrating SVM’s effectiveness
in modeling similar complex medical decision boundaries*!.

The model’s performance characteristics - with higher specificity (0.81-0.91) than sensitivity (0.62-0.68)
- carry distinct clinical implications for early versus advanced stage management. For early-stage patients
(I-IIA), the high specificity is particularly valuable as it minimizes false positives that might inappropriately
escalate treatment from surgery to chemoradiation. This is crucial for preserving fertility options in younger
patients where unnecessary chemoradiation could be devastating. However, the moderate sensitivity requires
caution in advanced-stage cases (IIB-IV), as approximately 32-38% of truly advanced cases might be missed. In
practice, this suggests the model should: (1) strongly support treatment intensification when positive (given high
specificity), but (2) not rule out advanced disease when negative, particularly in high-risk patients (older age,
multiple abortions) who may benefit from supplemental MRI even with negative predictions. This performance
profile makes the model particularly suitable as a ‘rule-in’ tool for advanced disease, while maintaining
conventional staging for uncertain cases - a balanced approach that could optimize resource utilization without
compromising patient outcomes. The trade-off mirrors clinical decision thresholds where overtreatment of
early-stage disease is often considered more consequential than under-treatment of advanced cases, given the
irreversible consequences of unnecessary chemoradiation.

However, this study still has certain limitations. First, it is a single-center retrospective study without external
verification, and the sample size of advanced-stage cervical cancer cases is relatively small, which may lead
to overfitting. Secondly, the manual contouring of ROIs in this study is laborious and labor-intensive, with a
certain degree of subjectivity and error in determining the lesion margins. Third, while our model incorporated
key clinical variables (age and abortion history), additional clinically relevant features such as body mass index
(BMI), HPV genotype, and genetic markers could potentially improve predictive performance. Recent studies in
breast cancer have demonstrated the value of combining radiomics with comprehensive clinical profiles. Future
multicenter studies should consider collecting these variables to build more robust models. ourth, despite our
rigorous protocol employing dual-physician delineation and achieving excellent inter-observer concordance
(ICC>0.9), manual ROI definition remains susceptible to variability, particularly for heterogeneous or poorly-
marginated tumors. Emerging strategies to address this limitation include: (1) Al-assisted segmentation using
deep learning models pre-trained on similar datasets to generate initial contours for clinician refinement,
(2) standardized consensus protocols for ultrasound tumor boundary definition (e.g., systematic inclusion/
exclusion criteria for necrotic regions), and (3) multi-modal image fusion techniques that co-register ultrasound
with MRI/CT to improve anatomical reference. Additionally, this study only explores the value of ultrasound
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radiomics based on 2D ultrasound images, failing to incorporate color Doppler ultrasound and ultrasound
contrast agents into the research. Lastly, the clinical parameters included in the study were limited to age and
number of abortions, which may contribute to the inferior performance of the clinical model. Therefore, future
studies should be performed by increasing sample sizes, and incorporating more clinical variables into the
models. Moreover, multi-center and multi-modal studies are needed to further validate our results.

Conclusion

This study leverages ML to construct and validate an integrated model involving clinical profiles and ultrasound
radiomics, which effectively predicts the clinical stage of cervical cancer. The integrated model employing the
SVM algorithm demonstrates high predictive value in assessing the clinical stages of cervical cancer, thereby
holding significant promise for enhancing clinical diagnosis.

Data availability
The simulation experiment data used to support the findings of this study are available from the corresponding
author upon request.
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