
313 

 Research Article / Araştırma Makalesi 
 
 

 Ege Journal of Medicine / Ege Tıp Dergisi 2026; 65 (2): 313-320 

Integration of radiomics with MRI clear cell likelihood score for classification of 
clear cell renal cell carcinoma 

Şeffaf hücreli renal hücreli karsinomun sınıflandırılması için manyetik rezonans 
görüntüleme temelli şeffaf hücreli olabilirlik skoru ile radyomik analizin entegrasyonu 

Ahmet Kasım Karabulut1  İlker Özgür Koska2   Ali Çağlar Turgut3   

Banu Sarsık Kumbaracı4  Fuat Kızılay5          Ezgi Güler3  

1Adiyaman University Training and Research Hospital, Department of Radiology, Adiyaman-Türkiye 
2 Acibadem Kent Hospital, Department of Radiology, Izmir-Türkiye 
3Ege University Faculty of Medicine, Department of Radiology, Izmir-Türkiye 
4Ege University Faculty of Medicine, Department of Pathology, Izmir-Türkiye 
5Ege University Faculty of Medicine, Department of Urology, Izmir-Türkiye 

ABSTRACT 

Aim: To compare the diagnostic performance of the MRI-based clear cell likelihood score (ccLS), 

radiomics-based machine learning models, and their combination for differentiating clear cell renal cell 

carcinoma (ccRCC) from other renal tumor subtypes. 

Materials and Methods: This single-center retrospective study included patients with solid renal 

masses who underwent multiparametric MRI and had histopathologic confirmation. Lesions were 

evaluated using ccLS by two independent readers. Radiomic features were extracted from T1-weighted 

and T2-weighted images following standardized preprocessing. Multiple machine learning pipelines 

combining different feature selection methods and classifiers were evaluated using stratified 10-fold 

cross-validation with four repetitions. Using multivariable logistic regression, the radiomics score 

together with clinical factors and semantic imaging features were evaluated, and a nomogram was 

constructed based on the selected variables. 

Results: For differentiating ccRCC from other renal tumor subtypes, the ccLS model achieved an area 

under the receiver operating characteristic curve (AUC) of 0.832 (0.759–0.899). The best-performing 

radiomics-based machine learning model achieved a mean AUC of 0.89 ± 0.10. The combined model 

demonstrated higher diagnostic performance, with a mean AUC of 0.96 ± 0.01. 

Conclusions: Combining radiomics-based machine learning with established semantic MRI 

assessments was associated with improved differentiation of ccRCC from other renal tumor subtypes 

compared with individual approaches. Further validation in larger, multicenter cohorts is warranted 

before broader clinical application. 
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ÖZ 

Amaç: Manyetik rezonans görüntüleme (MRG) tabanlı şeffaf hücreli olabilirlik skoru, radyomik tabanlı 

makine öğrenmesi modelleri ve bu yaklaşımların kombinasyonunun, şeffaf hücreli renal hücreli 

karsinomu diğer renal tümör alt tiplerinden ayırt etmedeki tanısal performanslarını karşılaştırmaktır. 

Gereç ve Yöntem: Tek merkezli retrospektif çalışmaya, multiparametrik MRG incelemesi olan ve 

histopatolojik doğrulaması mevcut solid böbrek kitlesi olan hastalar dahil edildi. Lezyonlar iki bağımsız 

okuyucu tarafından şeffaf hücreli olabilirlik skoru kullanılarak değerlendirildi. Radyomik öznitelikler, 

standart ön işleme adımlarını takiben T1-ağırlıklı ve T2-ağırlıklı görüntülerden çıkarıldı. 
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Farklı öznitelik seçimi yöntemleri ve sınıflandırıcıları içeren modeller, dört tekrar içeren katmanlı 10-katlı 

çapraz doğrulama ile değerlendirildi. Çok değişkenli lojistik regresyon kullanılarak, radyomik skoru yanı 

sıra klinik faktörler ile semantik görüntüleme özellikleri değerlendirilerek, seçilen değişkenlerle 

nomogram görselleştirmesi yapıldı.

Bulgular: Şeffaf hücreli olabilirlik skor modelinin eğri altında kalan alan değeri 0,832 (0,759–0,899) 

olarak bulundu. En iyi performans gösteren radyomik tabanlı makine öğrenmesi modelinde bu değer 

ortalama 0,89 ± 0,10 idi. Kombine model ise 0,96 ± 0,01 değeri ile en yüksek ayırt edici performansı 

göstermiştir. 

Sonuç: Radyomik tabanlı makine öğrenmesinin semantik MRG ölçümleriyle birleştirilmesi, şeffaf hücreli 

renal hücreli karsinomun diğer alt tiplerden ayrımında tekil yaklaşımlara kıyasla daha yüksek tanısal 

performans göstermiştir. Bu bulguların klinik uygulamaya geçebilmesi için daha geniş ve çok merkezli 

çalışmalarla doğrulanması gerekmektedir. 

Anahtar Sözcükler: Renal hücreli karsinom, manyetik rezonans görüntüleme, berrak hücreli, radyomik, 

makine öğrenmesi 

INTRODUCTION 

With the growing use of cross-sectional imaging, 

incidentally detected renal masses are 

increasingly common. Clear cell renal cell 

carcinoma (ccRCC) is the predominant subtype, 

representing about 70–75 % of cases (1,2). 

Although early detection improves outcomes, 

many indolent or benign lesions are still surgically 

removed because tissue sampling remains the 

diagnostic reference. Reliable, noninvasive 

differentiation between aggressive and indolent 

lesions is therefore crucial (3). 

The MRI-based ccLS offers a standardized five-

point scale (1-5) estimating the probability of 

ccRCC based on T2 signal, corticomedullary 

enhancement, and intralesional fat, with ancillary 

findings such as hemorrhage or necrosis (4). A 

ccLS score ≥4 demonstrates moderate to high 

sensitivity for the diagnosis of ccRCC, whereas 

scores of 1–2 are associated with a high negative 

predictive value (5). Its clinical utility is limited by 

overlapping appearances of papillary renal cell 

carcinoma, chromophobe, and some benign 

tumors (6). 

Radiomics offers a complementary quantitative 

approach, extracting numerous features that 

capture tumor heterogeneity beyond visual 

assessment (7). Machine learning models 

incorporating radiomic features have 

demonstrated strong diagnostic performance 

(AUC 0.8–0.9) for ccRCC differentiation (8,9). 

Integrating radiomics with established semantic 

MRI assessments may provide complementary 

information beyond visual interpretation.  

We hypothesized that radiomics-based machine 

learning could complement semantic MRI  

 

assessments such as ccLS in differentiating 

ccRCC from other renal tumor subtypes. 

Accordingly, this study compares the diagnostic 

performance of ccLS alone, radiomics-based 

machine learning alone, and a combined model 

constructed after systematic evaluation of 

candidate imaging and clinical variables. 

MATERIALS and METHODS 

Study Population: This single-center 

retrospective study was conducted following 

approval from the Ege University Medical 

Research Ethics Committee (approval date: 

November 30, 2023; decision no: 23-11.2T/8). 

The study included patients with solid renal 

masses and histopathologic confirmation between 

January 2011 and October 2023. Inclusion criteria 

were established in accordance with the 

applicability prerequisites of the clear cell 

likelihood score (ccLS), requiring ≥1 solid renal 

mass with a solid component >25% and no 

macroscopic fat on dynamic contrast-enhanced 

abdominal MRI. Pathological verification was 

required within 12 months of imaging. 

Exclusion criteria were defined as: lesions with 

clinical ≥T3b (indicating tumor extension into the 

vena cava or invasion beyond Gerota’s fascia); 

purely cystic or fat-containing masses; and 

inadequate MRI quality, defined as severe motion 

artifacts, missing dynamic sequences, or 

suboptimal contrast timing preventing accurate 

ROI segmentation and scoring. An experienced 

genitourinary pathologist re-evaluated all 

specimens per the 2022 WHO classification.  

Image Acquisition: All MRI examinations were 

performed using a standardized multiparametric 
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protocol on three different scanners: two 1.5-T 

systems (Magnetom Amira and Magnetom 

Symphony, Siemens, Germany) and one 3.0-T 

system (Magnetom Verio, Siemens, Germany). 

Detailed acquisition parameters for each 

sequence are provided in Supplementary Table 

S1. 

ccLS Model: Image interpretation was performed 

independently by two blinded readers: a board-

certified abdominal radiologist with ten years of 

experience and a fifth-year radiology resident. 

Readers were blinded to histopathological results 

and clinical outcomes. Both readers evaluated the 

lesions and assigned a score according to the 

ccLS version 2.0 algorithm (6): 

Lesions were first categorized according to their 

signal intensity on T2-weighted images relative to 

the renal cortex (hyperintense, isointense, or 

hypointense). Subsequently, the degree and 

pattern of contrast enhancement on dynamic 

contrast-enhanced images were evaluated 

(intense [>75%], moderate [40-75%], or mild 

[<40%] enhancement). 

Additional imaging features were then considered 

to refine the score, including the presence of 

microscopic fat (signal intensity drop on opposed-

phase imaging), segmental enhancement 

inversion (SEI; defined as the inversion of 

enhancement where hyper- and hypo enhancing 

foci on the corticomedullary phase become hypo- 

and hyper enhancing on the delayed phase), 

diffusion restriction, lesion homogeneity, and the 

arterial-to-delayed enhancement ratio akin to 

washout (ADER). The scoring algorithm for 

classifying lesions into ccLS categories was 

structured as follows: 

 ccLS 1–2 (Very Unlikely/Unlikely for ccRCC): 

Lesions with features suggestive of non-clear 

cell subtypes, such as low T2 signal intensity, 

mild enhancement, or significant diffusion 

restriction without other typical ccRCC 

features. 

 ccLS 3 (Intermediate Likelihood): Lesions with 

mixed, indeterminate, or conflicting imaging 

characteristics that do not clearly fit into low or 

high-probability categories. 

 ccLS 4–5 (Likely/Very Likely for ccRCC): 

Lesions demonstrating classic imaging 

characteristics of clear cell RCC, such as T2 

hyperintensity and marked/strong 

enhancement. 

Inter-reader agreement was evaluated using 

Cohen's κ. Two readers’ scores were combined to 

obtain a single ccLS value. A ccLS score of ≥4 was 

defined as positive for the diagnosis of ccRCC. 

Tumor Segmentation and Feature Extraction: 

Lesions were manually segmented on 

corticomedullary-phase T1-weighted and T2-

weighted images by a fifth-year radiology resident 

using 3D Slicer (10). To assess reproducibility, 15 

randomly selected lesions were independently re-

segmented by the experienced abdominal 

radiologist. Following standardized pre-

processing, the Image Biomarker Standardization 

Initiative (IBSI)-compliant PyRadiomics library 

was used to extract radiomic features, including 

first order and texture features, from both original 

and filtered images (11). Features with inadequate 

reproducibility were excluded from further 

analysis. 

Feature Selection: To reduce the high 

dimensionality of the radiomic features, 

unsupervised filtering removed features with low 

variance and highly correlated feature pairs. 

Subsequently, one of three supervised selection 

methods (minimum redundancy maximum 

relevance [mRMR], recursive feature elimination 

with logistic regression [RFE-LR], or recursive 

feature elimination with extra trees [RFE-ET]) was 

applied during the training process. The selected 

feature subset was restricted to six features. 

Machine Learning Model: Multiple machine 

learning pipelines combining feature selection and 

various classifiers (Linear Support Vector Machine 

[SVM], Radial Basis Function-SVM, Random 

Forest, and Multilayered Perceptron [MLP]) were 

systematically evaluated across T1- and T2-

weighted MRI sequences. All models were trained 

and validated using a stratified 10-fold cross-

validation scheme with four repetitions. The 

pipeline with highest mean AUC was selected as 

the optimal model. 

Combined Nomogram Model: A radiomics score 

(Rad-score) was constructed from the selected 

features weighted by their respective coefficients 

from the best-performing machine learning 

pipeline. Clinical and imaging variables commonly 

used in the assessment of renal masses were 

initially evaluated and entered univariate analysis 

along with Rad-score. Variables demonstrating 

significant associations were further considered in 

multivariate analysis to construct the final 

combined nomogram for clinical application. 
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Multicollinearity among predictors was assessed 

using variance inflation factors (VIF). Model 

performance was evaluated using 10-fold cross-

validation with four repetitions. A complete list of 

evaluated variables is provided in the 

Supplementary Materials. 

Statistical Analysis: Statistical analyses were 

conducted using Python 3.10. Continuous 

variables (reported as mean±SD or median [IQR]) 

were compared across the six histologic subtypes 

using One-way ANOVA or Kruskal-Wallis test 

based on Shapiro-Wilk normality. Categorical data 

(n[%]) were assessed via Chi-square or Fisher’s 

exact tests. Inter-observer agreement was 

quantified using Cohen’s Kappa. Diagnostic 

performance metrics (AUC, sensitivity, specificity, 

PPV, F1-score, accuracy) were calculated based 

on the optimal threshold derived from the Youden 

Index, with statistical significance defined as 

p<0.05. 

Additional technical details regarding image 

preprocessing, radiomic feature extraction, model 

building, and validation procedures are provided in 

the Supplementary Materials. 

RESULTS 

Patient and Tumor Characteristics: 97 patients 

with 99 solid renal masses were included in the 

study. Histopathological examination 

demonstrated a cohort comprising 48 ccRCCs 

(49%), 22 papillary RCCs (22%), 10 chromophobe 

RCCs (10%), 6 oncocytomas (6%), 5 fat-poor 

angiomyolipomas (5%), and 8 other lesions. There 

were no statistically significant differences 

between the groups in terms of age, sex, 

pathology method, tumor size, laterality, or 

pathologic T stage. Detailed clinical and imaging 

characteristics are summarized in Table-1. 

Performance of the ccLS Model: Two readers 

demonstrated substantial agreement in ccLS 

scoring (κ = 0.73 for the five-category scale and κ 

= 0.88 after dichotomization for ccRCC). For 

differentiating ccRCC from other renal masses, 

the ccLS model achieved a sensitivity of 89.6%, 

an accuracy of 82.8%, and an AUC of 0.832 

(Table-2). 

Performance of the Machine Learning Model: 

Among the evaluated machine learning pipelines, 

the Linear SVM classifier combined with RFE 

feature selection on T1-weighted images 

demonstrated the highest overall diagnostic 

performance, achieving a mean AUC of 0.89 ± 

0.10, a sensitivity of 0.88 ± 0.14, and an accuracy 

of 0.81 ± 0.10 (Table-3). Detailed performance 

metrics of all tested pipelines are provided in 

Supplementary Tables S2-3. 

Performance of the Combined Model: The 

radiomic features and their corresponding 

coefficients used for calculation of the Rad-score 

are summarized in Figure-1. In multivariate 

analysis, three independent predictors were 

identified for construction of the nomogram: Rad-

score, ccLS, and corticomedullary phase 

enhancement (CME). The resulting nomogram is 

illustrated in Figure-2. The combined model 

demonstrated a mean AUC of 0.96 ± 0.01, with a 

sensitivity of 0.94 ± 0.09 and an accuracy of 0.90 

± 0.09 (Table-3). Results of univariate and 

multivariate logistic regression analyses, as well 

as variance inflation factor (VIF) assessments, are 

provided in Supplementary Tables S4-6. 

Receiver operating characteristic curves 

illustrating the diagnostic performance of the three 

models are presented in Figure-3. 
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Table-1. Summary of clinical and imaging variables across renal tumor subtypes.  

Variable Clear-

cell 

RCC  

Papillary 

RCC 

Chromophobe 

RCC 

Oncocytoma  Fat-poor 

AML 

Other† P-

value 

Patients, n (%) 47 (49) 21 (22) 10 (10) 6 (6) 5 (5) 8 (8) — 

Age, median 

(IQR), y 

60 (54–

64) 

64 (48–80) 59.5 (36.3–82.8) 47 (23–71) 47.5 

(21.8–

73.3) 

69 (55–

83) 

0.43 

Sex, n (%)       0.29 

Male 28 (60) 18 (86) 5 (50) 4 (67) 3 (60) 6 (75) — 

Female 19 (40) 3 (14) 5 (50) 2 (33) 2 (40) 2 (25) — 

Pathology 

method, n (%) 

      0.34 

Biopsy 3 (6) 1 (5) 2 (20) 3 (50) 0 0 — 

Partial 

nephrectomy 

20 (42) 11 (50) 5 (50) 1 (17) 4 (80) 5 (62.5) — 

Radical 

nephrectomy 

25 (52) 10 (45) 3 (30) 2 (33) 1 (20) 3 (37.5) — 

Lesions, n (%) 48 (48) 22 (22) 10 (10) 6 (6) 5 (5) 8 (8) — 

Size, mean ± 

SD, mm 

38 ± 25 38 ± 25 36 ± 14 41 ± 24 47 ± 26 36 ± 16 0.65 

Laterality, n (%)       0.23 

Right kidney 22 (46) 12 (60) 8 (80) 2 (33) 3 (60) 6 (75) — 

Left kidney 26 (54) 10 (40) 2 (20) 4 (67) 2 (40) 2 (25) — 

Pathological T-

stage, n (%) 

      0.54 

T1 43 (90) 20 (95) 10 (100) 5 (83) 5 (100) 6 (75) — 

T2 3 (6) 2 (5) 0 1 (17) 0 1 (12.5) — 

T3a 2 (4) 0 0 0 0 1 (12.5) — 

†“Other” includes TFE3 translocation RCC (n = 2), clear-cell papillary RCC (n = 2), eosinophilic solid and cystic 
RCC (n = 1), and unclassified lesions (n = 3). 
RCC, renal cell carcinoma; AML, angiomyolipoma; TFE3, transcription factor E3. 
 
Table-2. Diagnostic performance metrics of the ccLS for differentiating ccRCC from other renal masses. Values are 

reported with 95% confidence intervals.  

Metric (95% CI) ccLS Model  

PPV 0.782 (0.673–0.882) 

Sensitivity 0.895 (0.800–0.977) 

F1-score 0.835 (0.748–0.902) 

AUC 0.832 (0.759–0.899) 

Accuracy 0.828 (0.748–0.899) 

ccLS, clear cell likelihood score; PPV, positive predictive value; AUC, area under the curve; ccRCC, clear cell renal 
cell carcinoma. 
 
Table-3. Diagnostic performance metrics for differentiating ccRCC from other renal masses, comparing the best 

machine learning model (T1-weighted RFE-LR–SVM) and the combined model.  Values are reported as mean ± 
standard deviation.  

Metric (Mean ± SD) Machine Learning Model  Combined Model 

PPV 0.78 ± 0.12 0.88 ± 0.12 

Sensitivity 0.88 ± 0.14 0.94 ± 0.09 

F1 Score 0.82 ± 0.10 0.90 ± 0.06 

AUC 0.89 ± 0.10 0.96 ± 0.01 

Accuracy 0.81 ± 0.10 0.90 ± 0.09 

PPV, positive predictive value; AUC, area under the curve; ccRCC, clear cell renal cell carcinoma; RFE, recursive 
feature elimination; LR, logistic regression; SVM, support vector machine. 
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Figure-1. Radiomic features and their corresponding 

coefficients used to calculate the radiomics score. 

 

 

Figure-2. Nomogram integrating the radiomics score 

(Rad-score), Clear Cell Likelihood Score (ccLS), and 

corticomedullary enhancement (CME) for estimating the 

probability of clear cell renal cell carcinoma (ccRCC). 

Rad-score represents the continuous output of the 

radiomics model. ccLS scores ≥4 was coded as positive 

(1) for ccRCC, and scores <4 were coded as negative 

(0). CME was graded as mild  

(1), moderate  

(2), or intense  

(3) consistent with ccLS criteria. For each variable, 

points are assigned using the upper scale, summed as 

total points, and projected onto the lower scale to 

estimate the probability of ccRCC. The dashed line 

indicates the optimal classification threshold. 

  
Figure-3. ROC curves comparing the diagnostic 

performance of the three models for differentiating clear 

cell renal cell carcinoma from other renal masses. ROC, 

receiver operating characteristic; ccLS, clear cell 

likelihood score. 

DISCUSSION 

In this study, we explored the feasibility of 

radiomics-based machine learning approaches 

using multiparametric MRI for differentiating 

ccRCC from other renal tumor subtypes. Several 

modeling strategies were evaluated, incorporating 

different feature selection and classification 

methods. Among these, the combination of RFE-

based feature selection and a linear SVM 

classifier applied to T1-weighted images showed 

relatively higher diagnostic performance. When 

radiomics-derived information was integrated with 

clinical and semantic imaging features, the 

combined model demonstrated further 

improvement in overall classification metrics. 

The observed inter-observer agreement (κ = 0.73–

0.88) and diagnostic performance of the ccLS 

model (AUC: 0.83) are consistent with previously 

published ccLS studies, which have reported inter-

observer agreement values ranging from κ = 0.47 

to 0.83 and AUCs between 0.80 and 0.92, 

depending on imaging protocols and reader 

experience (5). Higher agreement was generally 

observed at more definitive score categories, 

reflecting increased diagnostic confidence when 

imaging features are more characteristic. Overall, 

these findings support the potential utility of ccLS 

as a clinically applicable tool for ccRCC 

differentiation in routine multiparametric MRI 

practice. 

Most renal radiomics studies have primarily relied 

on CT imaging, while MRI-based investigations 

remain relatively limited and often focus on 

selected histological subtypes or descriptive 
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texture analyses rather than integrated predictive 

modeling approaches (8,9,12). In this context, the 

present study explores the application of MRI-

based radiomics across a broader spectrum of 

renal tumor subtypes. Standardized 

preprocessing steps were applied to reduce inter-

scanner variability, and both original and filtered 

images were included to capture complementary 

textural information at different spatial scales (13). 

In line with prior observations, radiomics features 

derived from T1-weighted images demonstrated 

comparatively stronger discriminative capability 

than those from T2-weighted images. Compared 

with previously reported approaches integrating 

ccLS and radiomics, our methodology 

emphasizes standardized feature extraction and 

systematic model evaluation, aiming to enhance 

reproducibility while remaining applicable to 

routine clinical MRI protocols (14). 

Several commonly used machine learning 

classifiers were evaluated within a stratified 10-

fold cross-validation framework with four 

repetitions. Across the tested models, linear SVM 

demonstrated relatively more stable performance 

compared with alternative classifiers, while more 

complex models showed variable results in this 

dataset. This observation is consistent with prior 

radiomics studies reporting favorable performance 

of SVM-based approaches in modest-sized 

cohorts (12,15). 

In the present study, the selected SVM-based 

radiomics model achieved a mean sensitivity of 

0.88 ± 0.14, an accuracy of 0.81 ± 0.10, and an 

AUC of 0.89 ± 0.10. Variables were subsequently 

integrated with the radiomics score and ccLS 

using logistic regression to construct a combined 

risk-stratification model. The combined approach 

was associated with higher overall diagnostic 

performance metrics compared with models 

based on ccLS or machine learning alone. These 

findings suggest that incorporating quantitative 

radiomic information alongside established 

semantic imaging assessments may enhance the 

differentiation of ccRCC from other renal tumor 

subtypes. 

The hybrid approach may be particularly relevant 

in cases with intermediate ccLS scores, where 

diagnostic uncertainty is greater and management 

decisions are more complex. In the present study, 

the sample size did not allow for reliable ccLS-

stratified subgroup analyses, and such analyses 

were therefore not performed to avoid 

overinterpretation. Future studies with larger, 

multicenter cohorts may help clarify whether 

combined modeling approaches provide 

incremental value within this diagnostically 

indeterminate range. 

Several limitations should be acknowledged.  The 

inclusion of a tertiary referral population with 

mandatory histopathologic confirmation may have 

introduced selection bias toward radiologically 

indeterminate renal masses, resulting in a 

relatively balanced distribution of ccRCC and non-

ccRCC lesions. This case mix reflects the clinical 

setting in which preoperative risk stratification is 

most relevant. This was a single-center study 

without external validation, and independent 

cohort testing will be required to confirm broader 

applicability. Since this was a retrospective study, 

a priori sample size or power calculation was not 

performed. The number of patients included is 

comparable to that of previously published MRI-

based radiomics studies (12). However, larger 

patient cohorts, ideally from multicenter datasets 

and including several hundred cases, would be 

necessary to improve the robustness and 

generalizability of the results, and to achieve 

higher statistical power for detecting subtle 

differences between models. 

Additional limitations include ccLS assessment by 

two readers, potential scanner-related variability, 

the use of manual tumor segmentation. These 

factors should be considered when interpreting 

the results. 

Despite these constraints, the present study 

demonstrates the feasibility of integrating clinical, 

semantic, and radiomic features for ccRCC 

differentiation using multiparametric MRI within a 

unified analytical framework. 

CONCLUSION 

The findings suggest that combining radiomics-

based machine learning with established clinical 

and semantic imaging assessments may improve 

the differentiation of ccRCC from other renal tumor 

subtypes. While the combined approach was 

associated with higher diagnostic performance 

compared with individual components, further 

validation in larger, multicenter cohorts is 

warranted before broader clinical application. 
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