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Background: The assessment of the International Society of Urological Pathology (ISUP) nuclear grade is crucial for the
management and treatment of clear cell renal cell carcinoma (ccRCC). This study aimed to explore the value of using integrated
multimodal information for ISUP grading and prognostic stratification in ccRCC patients, to guide postoperative adjuvant therapy.
Methods: This retrospective study analyzed a total of 729 patients from three cohorts, utilizing whole slide i-mages and computed
tomography (CT) images. Artificial intelligence algorithms were used to extract morphological and textural features from whole slide
images and CT images separately, creating single-modality predictive models for ISUP grading. By combining the CT and
pathology single-modality predictive features, a multimodal predictive signature (MPS) was developed. The prognostic perfor-
mance of the MPS model was further validated in two independent cohorts.
Results: The single-modality predictive models for CT and pathology performed well in predicting ISUP grade for ccRCC. The
MPS model achieved higher area under the curve values of 0.95, 0.93, and 0.95 across three independent patient cohorts.
Additionally, the MPS model was able to distinguish patients with poorer overall survival. In the external validation cohort, uni- and
multivariate analyses showed hazard ratios of 2.542 (95% confidence interval [CI]: 1.363–4.741, P < 0.0001) and 1.723 (95% CI:
0.888–3.357, P = 0.003), respectively. The C-index values for the two cohorts were 0.75 and 0.71. Furthermore, the MPS
outperformed single-modality models, providing a complementary tool for current risk stratification in ccRCC adjuvant therapy.
Conclusion: Our novel MPS model demonstrated high accuracy in ISUP grading for ccRCC patients. With further validation
across multiple centers, the MPS model could be used for precise detection of nuclear grading in ccRCC, serving as an effective
tool for assisting clinical decision-making.
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Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common
pathological subtype of renal cell carcinoma, accounting for
approximately 90% of all cases[1]. In recent years, the mortality
rate of ccRCC has been increasing, highlighting its importance
in clinical diagnosis, treatment, and prognosis[2,3]. The prog-
nosis of ccRCC patients is closely related to the nuclear grade
of the tumor[4,5]. The World Health Organization/International
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Society of Urological Pathology grading system, established in
2016, is widely used to classify ccRCC into grades I–IV[6].
Additionally, a simplified two-tier grading system, which cate-
gorizes ISUP I-II as low-grade and ISUP III-IV as high-grade, is
more clinically practical. High-grade ccRCC is more aggressive,
prone to metastasis, and has a poorer prognosis[7]. Therefore,
determining tumor grade can help guide appropriate persona-
lized treatment decisions and clinical strategies.

Renal multiphase contrast-enhanced CT scan is a commonly
used non-invasive imaging technique for tumor staging and asses-
sing the aggressiveness of ccRCC[8,9]. However, its ability to
differentiate between high-grade and low-grade ccRCC is limited.
Histopathology is the gold standard for diagnosis, but there is
interobserver variability among pathologists in assessing renal
cancer nuclear grade, with only moderate consistency scores[10].
Therefore, the development of new tools to assist evaluation
could be valuable in improving grading accuracy and follow-up
management. Artificial intelligence (AI)-based radiomics and
pathomics are emerging technologies that provide solutions by
transforming medical images into quantitative features that can
be analyzed using advanced modeling algorithms[11–13]. Previous
studies have demonstrated that single-modality models based on
radiology or pathology have shown decent prospects for use in
ccRCC, particularly for diagnosing Fuhrman grading, predicting
prognosis, and assessing treatment response[14–16]. While single-
modality features can improve the diagnostic performance of
ISUP grading for ccRCC to some extent, integrating multimodal
information may further enhance the predictive accuracy of can-
cer grading[17].

In this study, we developed and validated a multimodal AI
diagnostic system for ISUP grading in ccRCC patients based on
features from pathomics and radiomics. The AI model demon-
strated high performance in diagnosing nuclear grade across
multiple cohorts, showing great potential for clinical applica-
tion. Additionally, the ISUP grade diagnosed by the AI model
had significant prognostic value for ccRCC patients.

Methods

Patient cohorts and data resource

This study retrospectively included three cohorts of ccRCC
patients. The inclusion criteria were: (1) a confirmed pathological
diagnosis of ccRCC; (2) no other types of malignancies; (3) avail-
ability of CT urography (CTU) images, whole slide images (WSIs),
and clinicopathological information. In the General cohort, 512
ccRCC patients who underwent radical or partial nephrectomy at
our hospital between June 2016 and June 2024 were included.
Additionally, 175 ccRCC patients were recruited from The Cancer
Genome Atlas (TCGA) cohort, with complete access to hematox-
ylin and eosin (H&E)-stained WSIs, CTU images, and overall
survival (OS) information. Lastly, this study included another 42
ccRCC patients from the Clinical Proteomic Tumor Analysis
Consortium (CPTAC cohort) who met the above inclusion cri-
teria, providing H&E-stained images, CTU images, and survival
information. OS was defined as the time from initial surgery to
death from any cause or the last follow-up. Basic clinical informa-
tion of the included patients is shown in Table 1. The patient
inclusion process is shown in Figure 1. This study was conducted
in accordance with the Helsinki Declaration and reported follow-
ing the Standards for Reporting Diagnostic Accuracy[18].

Radiomics-based CTU image analysis

Conventional CTU images include the non-enhanced phase,
corticomedullary phase (CMP), nephrographic phase, and
excretory phase. Previous study had identified CMP as the opti-
mal phase for diagnosing ISUP nuclear grade, where the inten-
sity difference between high-grade and low-grade tumors was
most pronounced, and the radiomics model performance was
more robust[19]. Considering data completeness across all
cohorts, we uniformly used CMP images for analysis. Two
senior experts, each with 12 years of experience, manually deli-
neated the renal tumors on each CTU image as regions of inter-
est (ROI) using ITK-SNAP (version 3.6.0). In cases of ambiguity,
a third expert with 20 years of experience reviewed and made
the final assessment.

After tumor segmentation, radiomic features were extracted
from the ROI using the PyRadiomics package. A total of 128
features were calculated from ROI of each CTU image. The least
absolute shrinkage and selection operator (LASSO) regression
was then applied to select the optimal subset of features.
Ultimately, LASSO regression identified eight radiomic features

Table 1
Clinicopathologic baseline characteristics of included patients
with ccRCC.

General cohort TCGA cohort CPTAC cohort

Number of patients 512 175 42
Age (years) 58 (12, 87) 59 (26, 88) 65 (41, 90)
Gender

Female 193 (37.7%) 64 (36.6%) 15 (35.7%)
Male 319 (62.3%) 111 (63.4%) 27 (64.3%)

Laterality
Right 285 (55.7%) 88 (50.3%) -
Left 227 (44.3%) 87 (49.7%) -

Histological type
ccRCC 512 (100%) 175 (100%) 42 (100%)

pT stage
pT1 389 (76.0%) 92 (52.5%) 10 (23.8%)
pT2 41 (8.0%) 19 (10.9%) 6 (14.3%)
pT3 69 (13.5%) 61 (34.9%) 7 (16.7%)
pT4 13 (2.5%) 3 (1.7%) 1 (2.4%)
pTx 0 0 18 (42.8%)

pN stage
pN0 492 (96.1%) 74 (42.3%) 2 (4.8%)
pN1 20 (3.9%) 3 (1.7%) 0
pNx 0 98 (56.0%) 40 (95.2%)

pM stage
pM0 509 (99.4%) 144 (82.3%) 4 (9.5%)
pM1 3 (0.6%) 25 (14.3%) 0
pMx 0 6 (3.4%) 38 (90.5%)

pTNM stage
Stage I 390 (76.2%) 89 (50.9%) 17 (40.5%)
Stage II 40 (7.8%) 15 (8.6%) 5 (11.9%)
Stage III 67 (13.1%) 44 (25.1%) 12 (28.6%)
Stage IV 15 (2.9%) 27 (15.4%) 4 (9.5%)
Missing 0 0 4 (9.5%)

ISUP grade
I 133 (26.0%) 0 3 (7.1%)
II 293 (57.2%) 71 (40.6%) 24 (57.1%)
III 69 (13.5%) 77 (44.0%) 12 (28.6%)
IV 17 (3.3%) 27 (15.4%) 3 (7.2%)

ccRCC, clear cell renal cell carcinoma; CPTAC, Clinical Proteomic Tumor Analysis Consortium; ISUP,
International Society of Urological Pathology; TCGA, The Cancer Genome Atlas.
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which were used to build the radiomics-based signature (RBS)
model (Supplemental Digital Content Table S1, available at:
http://links.lww.com/JS9/E38).

Pathomics-based WSI image analysis

In this study, we developed and validated a pathomic-based
signature (PBS) model for diagnosing the ISUP nuclear grade
status of ccRCC patients. Using QuPath software (version 0.5),
tumor regions in each WSI were manually outlined. The built-in
segmentation function of QuPath was then used to divide the
tumor regions into 512 × 512 patches, followed by color
normalization of all patches using the Vahadane method[20].
We employed the Hover-Net model to locate nuclei within
each patch and classify their cell types. Hover-Net is a deep
convolutional neural network that simultaneously segments
and classifies nuclei on WSIs[21]. The model was pre-trained on
the public PanNuke dataset and can identify four types of nuclei:
tumor cells, inflammatory cells, connective cells, and dead/
necrotic nuclei. Examples of segmentation can be found in the
Supplemental Digital Content Figure S1, available at: http://
links.lww.com/JS9/E38. For each patch, Hover-Net output

information about the centroids, contours, and types of the
detected nuclei, which was then used for subsequent feature
extraction.

By accurately identifying tumor cells using Hover-Net, we
extracted two categories of features for individual nuclei:
14 morphological features and 9 textural features. (1)
Morphological features were calculated to describe the
shape and contour of the nuclei. By generating masks based
on the nuclei contour coordinates, the following 14 morpho-
logical features were extracted. (2) Textural features were
calculated to characterize the local pixel distribution patterns
within the nuclear contours. By converting the color image to
grayscale and extracting nuclear patches based on the bound-
ing box, a gray-level co-occurrence matrix was calculated
for each nucleus, from which five features were derived.
Additionally, four statistical measures of pixel intensity
within the nuclear contours were computed. Supplemental
Digital Content Table S7, available at: http://links.lww.com/
JS9/E38, provides detailed descriptions of all morphological
and textural features. We performed LASSO regression to
identify 16 pathological features which were used to build
the classification model.

Figure 1. Flowchart of development of multimodal predictive model. CPTAC, Clinical Proteomic Tumor Analysis Consortium; CT, computed tomography; TCGA,
The Cancer Genome Atlas; WSI, whole slide image.
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Multimodal prediction of ISUP grading status

By applying support vector machine (SVM), multilayer percep-
tron (MLP), logistic regression (LR), and XGBoost classifiers
to integrate multimodal features, we developed a multi-predic-
tive signature (MPS) model based on computed tomography
(CT) and pathological features from the General cohort
(Supplemental Digital Content Table S3, available at:http://
links.lww.com/JS9/E38). The models were trained using five-
fold cross-validation. We further validated the clinical value of
the MPS system in two independent cohorts (TCGA and CPTAC
cohorts). Additionally, the output probabilities from the best-
performing MPS model were saved for subsequent survival ana-
lysis. To enhance model interpretability, we quantified the
impact of each feature on the model predictions by analyzing
Shapley Additive Explanations (SHAP) values. A detailed design
of the study is illustrated in Figure 2.

Statistical analysis

All statistical analyses were performed using R software (version
3.5.1) and IBM SPSS (version 26.0). The diagnostic performance
of each model was assessed using receiver operating character-
istic (ROC) curves and the area under the curve (AUC). Kaplan–
Meier survival curves were used to calculate the survival

functions of the two patient groups, and differences were com-
pared using the log-rank test. The Harrell’s concordance index
(C-index) was used to evaluate the ability of the MPS to predict
OS. Univariate and multivariate Cox proportional hazards mod-
els were employed to assess the relationships between the MPS,
clinical variables and OS. A two-tailed P-value of less than 0.05
was considered statistically significant.

Results

Performance of single-modality prediction models for ISUP
grading

The radiomics-based RBS model demonstrated strong diagnos-
tic performance, achieving an AUC of 0.93 (95% CI: 0.90–0.96)
and an accuracy of 0.94 (95% CI: 0.90–0.98) in the training set.
Validation results showed AUCs of 0.89 (95% CI: 0.82–0.94),
0.83 (95% CI: 0.79–0.88), and 0.88 (95% CI: 0.84–0.92) with
corresponding accuracies of 0.86, 0.86, and 0.79 in the internal,
TCGA, and CPTAC cohorts, respectively, confirming its relia-
bility as a non-invasive tool for ISUP grading using preoperative
CT images.

The pathomics-based PBS model, focusing on nuclear seg-
mentation, achieved an AUC of 0.94 (95% CI: 0.90–0.99) and

Figure 2. Study design and analysis process of this study. CPTAC, Clinical Proteomic Tumor Analysis Consortium; CT, computed tomography; ISUP,
International Society of Urological Pathology; LASSO, least absolute shrinkage and selection operator; TCGA, The Cancer Genome Atlas.
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an accuracy of 0.96 (95% CI: 0.92–0.99) in the training set. In
validation, it achieved AUCs of 0.90 (95% CI: 0.86–0.94), 0.88
(95% CI: 0.84–0.92), and 0.89 (95% CI: 0.85–0.92), with
accuracies of 0.91, 0.90, and 0.88 across the internal, TCGA,
and CPTAC cohorts, demonstrating robust performance for
ISUP grading (Supplemental Digital Content Table S5, available
at: http://links.lww.com/JS9/E38).

Development and validation of the MPS model for ISUP
grading in ccRCC patients

We developed the MPS model using four classifiers (SVM, LR,
MLP, and XGBoost) based on radiological and pathological
features from the training set (general cohort). The XGBoost
model, which demonstrated the highest accuracy in predicting
ISUP grade for ccRCC patients, was selected as the final MPS
model (Fig. 3). In the training set, the MPS model achieved an
AUC of 0.97 (95% CI: 0.94–0.99) and an accuracy of 0.98
(95% CI: 0.95–1.00). Validation in the internal set, TCGA,
and CPTAC cohorts showed AUCs of 0.95 (95% CI: 0.92–
0.97), 0.93 (95% CI: 0.89–0.96), and 0.95 (95% CI: 0.90–
0.98), with accuracies of 0.95 (95% CI: 0.92–0.98), 0.95
(95% CI: 0.91–0.98), and 0.93 (95% CI: 0.90–0.96), respec-
tively (Table 2). A comparative analysis across the entire dataset
confirmed that the MPS model outperformed single-modality
models (P < 0.001, DeLong test).

Interpretability of the MPS model

For the optimal XGBoost model, we visualized feature deci-
sions using SHAP values, which assess the importance of
individual features in model predictions. As shown in
Figure 3, “Morph_Area” had the greatest impact on predic-
tions, followed by “Morph_CurvMin,” “ngtdm_Busyness,”
“gldm_DependenceEntropy” and others. Features like
“glszm_GrayLevelVariance” and “shape_Sphericity” showed
an inverse relationship, suggesting that higher gray-level variance
and sphericity in CT images are associated with lower pathologi-
cal grades, reflecting more regular morphology in lower-
grade tumors. Conversely, “Morph_Area,” “Morph_CurvMin,”
“ngtdm_Busyness,” and “gldm_DependenceEntropy” exhibited
a direct relationship with higher grades, indicating that larger
nuclear area, greater curvature, and increased gray-level variation
in CT images are linked to higher pathological grades. These
findings suggest that higher-grade tumors have more complex
tissue structures and greater heterogeneity, which are associated
with increased malignancy and aggressiveness.

Prognostic value of MPS in ccRCC patients

The TCGA and CPTAC cohorts included 175 and 42 ccRCC
patients, respectively, with median survival times of 44.6 months
(±30.7) and 41 months (±20.6). Given the association between
ISUP grading and survival outcomes, we hypothesized that the
MPS model’s predictions could correlate with patient prognosis.
Kaplan–Meier survival analysis, using the log-rank test, demon-
strated that the MPS model effectively stratified patients based
on OS in both cohorts (P = 0.002 and 0.01, respectively; Fig. 4).
The C-index for MPS in the TCGA and CPTAC cohorts was
0.75 and 0.71, respectively. Cox proportional hazard analysis,
adjusting for age, gender, laterality, T stage, N stage, M stage,
and TNM stage, revealed that in the TCGA cohort, the

univariate hazard ratio for MPS was 2.542 (95% CI: 1.363–
4.741; P < 0.001), and the multivariate hazard ratio was 1.723
(95% CI: 0.888–3.357; P = 0.003; Fig. 4). Subgroup analysis
confirmed MPS as a strong independent prognostic factor across
variables such as age, gender, and tumor stage (Supplemental
Digital Content Figure S4, available at: http://links.lww.com/
JS9/E38). These findings demonstrate the prognostic value of
the ISUP status predicted by the MPS model for ccRCC patients.

Discussion

Accurate histological grading is critical for monitoring ccRCC
progression and devising personalized follow-up treatment
strategies[22]. In this study, we developed an MPS model that
combines radiological and pathological features to predict the
ISUP nuclear grade of ccRCC. The model performed well in
two external validation sets, achieving AUCs of 0.93 and 0.95,
and demonstrated superior diagnostic performance compared
to classical single-modality models. Moreover, the nuclear
grade predictions from the MPS model showed significant
prognostic value. To our knowledge, this is the first study
using a multimodal approach for automated ccRCC grading
assessment.

Previous research has highlighted the potential challenges of
digital grading for RCC. For instance, Browning et al reported
interobserver variability in nuclear grade assessments by differ-
ent pathologists, with only moderate agreement scores[10].
Enhanced renal CT scans are essential for the early radiological
diagnosis of ccRCC, and studies have indicated that the degree
of dynamic enhancement in the images is a crucial indicator for
diagnosing renal malignancies[23,24]. However, it can be challen-
ging for clinicians to visually discern subtle differences in inten-
sity uniformity across different enhancement phases, which may
lower diagnostic efficiency. With the rapid development of AI,
grading models based on medical image segmentation and fea-
ture extraction are becoming more practical. For example, deep
learning models can automatically identify and quantify radi-
ological and pathological features of tumors, providing objective
support for grading and prognosis[14,19,24–26]. Analyses using
these features can effectively distinguish different grades of
ccRCC, thereby supporting clinical decision-making.

Over the past 5 years, research on ccRCC diagnostic assis-
tance has made significant progress. When utilizing medical AI
analysis, four primary types of images are commonly involved:
ultrasound, CT, MRI, and pathological images. In 2024, Luo
et al employed a unimodal machine learning model based on
ultrasound images, achieving an external test AUC of 0.8111 on
data from 122 patients[27]. For CT images, five studies have
reported the feasibility of using AI models to predict ISUP grad-
ing. The earliest study, conducted by Shu et al in 2019, analyzed
data from 271 patients and reported an external test AUC of
0.856[28]. Another study by Sun et al, involving 227 patients,
reported an AUC of 0.88[29]. As of 2024, only three related
studies have been published, with reported AUC values ranging
between 0.8 and 0.9 despite limited data availability. Regarding
MRI images, a single study in 2020 confirmed the feasibility of
ISUP grade identification. Li et al included data from 379
patients, achieving an AUC of 0.842[30]. For pathological
images, fewer studies exist. Yang et al analyzed data from 90
patients and demonstrated the feasibility of diagnosing ISUP
grade from pathological images[31].
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Figure 3. Development process and validation results of the MPS model. (A, B) LASSO dimensionality reduction result plots. (C–F) Receiver operating
characteristic analysis of the MPS model in the training set, internal validation set, TCGA cohort, and CPTAC cohort. (G–I) Confusion matrix plots for the MPS
model in the internal validation set, TCGA cohort, and CPTAC cohort. (J, K) SHAP analysis illustrating the contribution of each feature in the MPS model
predictions. CPTAC, Clinical Proteomic Tumor Analysis Consortium; LASSO, least absolute shrinkage and selection operator; MPS, multimodal predictive
signature; SHAP, Shapley additive explanations; TCGA, The Cancer Genome Atlas.
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Unlike previous studies, our research integrated multiple fac-
tors, including pathological and radiological features, to develop
a more accurate diagnostic model for ccRCC patients. The
microscopic phenotypes, such as the morphology and texture
of renal carcinoma cells, can be reflected by WSIs, while the
macroscopic phenotypes, such as tumor necrosis, morphological
texture changes, and adjacent area involvement, can be reflected
by CT images. Compared to classical models based on radiomics
or pathomics alone, this novel multimodal approach demon-
strated higher diagnostic accuracy and generalization perfor-
mance. This suggests that integrating multiple factors into
a single predictive model warrants further investigation.

Grading of ccRCC is closely linked to tumor biology and
patient prognosis[32]. ISUP grading is incorporated into
patient risk stratification system, such as the Leibovich
score, which predicts the likelihood of local RCC progres-
sing to metastatic disease and influences patient
prognosis[33]. Our analysis in the TCGA and CPTAC
cohorts confirmed the capability of MPS in predicting
ISUP grade and its prognostic value. AI-based predictions
identified MPS as a significant prognostic factor for ccRCC
patients, with univariate and multivariate Cox analyses demon-
strating that it is independent of existing clinical and patholo-
gical stage parameters.

Table 2
The diagnostic performance of multimodel prediction in different cohorts.

TP FN TN FP Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) AUC (95% CI)

General training cohort 66 3 337 4 0.98 (0.95–1.00) 0.96 (0.92–0.99) 0.99 (0.96–1.00) 0.97 (0.94–0.99)
General validation cohort 15 2 82 3 0.95 (0.92–0.98) 0.88 (0.82–0.95) 0.96 (0.93–0.98) 0.95 (0.92–0.97)
TCGA validation cohort 98 6 68 3 0.95 (0.91–0.98) 0.94 (0.90–0.98) 0.96 (0.90–0.99) 0.93 (0.89–0.96)
CPTAC validation cohort 14 1 25 2 0.93 (0.90–0.96) 0.93 (0.89–0.97) 0.93 (0.90–0.97) 0.95 (0.90–0.98)

CPTAC, Clinical Proteomic Tumor Analysis Consortium; FN, false negative; FP, false positive; TCGA, The Cancer Genome Atlas; TN, true negative; TP, true positive.

Figure 4. Development process and validation results of the MPS model. (A, B) Kaplan–Meier curve showing the survival stratification of RCC patients based on
MPS-predicted grading status in the TCGA and CPTAC cohort, respectively. (C, D) Forest plot of univariate and multivariate Cox proportional hazards analysis in
the TCGA cohort, with age, gender, laterality, pT, pN, Pm, and pTNM stage as covariates, respectively. CPTAC, Clinical Proteomic Tumor Analysis Consortium;
MPS, multimodal predictive signature; TCGA, The Cancer Genome Atlas.
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Thus, our MPS model could be seamlessly integrated into rou-
tine clinical workflows through the following applications. First,
automating tumor grading and prognostic analysis during intrao-
perative assessments, offering real-time decision support to surgi-
cal teams. Second, serving as a second-opinion tool for clinicians
evaluating ambiguous cases, thereby reducing diagnostic variabil-
ity. Third, supporting multidisciplinary tumor boards by provid-
ing consistent and interpretable data for treatment planning.

The MPS model leverages widely available CT images and
H&E-stained slides, ensuring its feasibility for integration into
routine clinical workflows. By utilizing ISUP diagnostic tools, the
model reduces the need for additional resources or specialized
equipment, making it accessible for broad clinical adoption. Its
ability to provide reliable predictions of ISUP grading and patient
outcomes further underscores its clinical relevance. Beyond its
diagnostic capabilities, the MPS model offers significant prognos-
tic value for ccRCC management. It could accurately predict post-
surgical OS, enabling clinicians to identify high-risk patients who
might benefit from closer monitoring or more aggressive treat-
ment strategies. Unlike many existing prognostic tools, the MPS
model complements rather than duplicates clinicopathological
factors, ensuring its utility as an additional decision-support tool.

There are some limitations to this study. First, given inherent
biases and unknown confounding factors, this retrospective
study should be further validated in prospective research.
Second, the retrospective extraction of CMP tumor images
alone for analysis may have led to the loss of useful information,
and future studies should consider integrating features from
multiple CT phases. Pathological image diagnosis such as renal
biopsy might be more practical. Third, considering the limited
availability of CT and digital pathology equipment in some
developing and underserved areas, developing more accessible
AI models remains an area for future exploration. Fourth, train-
ing and developing models for other RCC subtypes, such as
papillary RCC, which also use the ISUP grading system, would
further refine our RCC nuclear grading diagnostic system.

Conclusion

This study presents a novel multimodal model that integrates
radiomics and pathomics for ISUP grading and prognosis pre-
diction in ccRCC patients. The MPS model demonstrated super-
ior diagnostic accuracy and prognostic value compared to
single-modality approaches. With further validation across mul-
tiple centers, this MPS system could become a practical tool for
clinicians in managing ccRCC patients.
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