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Amultimodal AI model for precision
prognosis in clear cell renal cell
carcinoma: A multicenter study
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Zaoyu Wang9, Jun Xia9, Dengfeng Cao9, Yu Yin10, Jieying Wang11,12, Xiaorong Wu1, Wen Kong1,
Jiwei Huang1, Jin Zhang1, Yonghui Chen1, Yiran Huang1, David Ka-Wai Leung13,
Jeremy Yuen-Chun Teoh13, Keliang Wang6 , Chaozhao Liang4 , Junhua Zheng1 ,
Zhangsheng Yu2,3,14 & Wei Zhai1,15

Patientswithclearcell renal cell carcinoma (ccRCC) faceahigh riskof recurrenceafter surgery,butexisting
clinical tools based on clinicopathological factors or costly molecular profiling often lack precision and
clinical feasibility. We developed the multimodal predictive recurrence score (MPRS), a multimodal
prognostic model using clinical features, CT images, and histopathological whole-slide images (WSIs)
from1648patientsacrosssixcentersand theTCGAdatabase.MPRSoutperformedunimodalmodelsand
clinical tools (Leibovich and UISS scores, KEYNOTE-564 risk classification), achieving C-index values of
0.886 and 0.838 in the internal and external validation cohorts, respectively. Importantly, MPRS correctly
reclassified 83.3% (50/60) of KEYNOTE-564-defined low-risk recurrence patients as high-risk, avoiding
inadequate adjuvant therapy, while reclassifying 57.7% (15/26) of KEYNOTE-564-defined intermediate/
high-risk non-recurrence patients as low-risk, preventing excessive adjuvant therapy. By leveraging
routinely available data, MPRS provides a cost-effective and accurate approach for recurrence risk
stratification, optimizing personalized ccRCC management and therapeutic decision-making.

Renal cell carcinoma (RCC), which is one of the most prevalent malig-
nancies of the urinary system, accounts for more than 430,000 new cases
worldwide and resulted in more than 150,000 deaths in 20221. Clear cell
renal cell carcinoma (ccRCC) is the most common subtype of RCC and
accounts for approximately 70% of renal cancer cases2. Although surgical

intervention is the primary initial treatment, approximately 20–30% of
ccRCC patients experience a recurrence and metastasis after surgery, and
the disease is typically incurable3. Adjuvant therapy can reduce the risk of
recurrence and metastasis but is accompanied by certain toxicities4.
Therefore, current clinical guidelines recommend the use of adjuvant
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therapy for treating patients with intermediate risk, high risk, or M1 no
evidence of disease (NED) status on the basis of the risk classification of the
KEYNOTE-564 clinical trial, which was constructed with clin-
icopathological risk factors3,5,6. Additionally, clinical tools, such as the Lei-
bovich score and UISS score, are widely recognized as effective prognostic
assessment indicators7,8. In recent years, models incorporating molecular
factors have also been developed9,10, but in clinical practice, the need to
integrate multiple complex factors, the high heterogeneity that often occurs
in the assessment of medical image data, such as radiological and histo-
pathological images, and the long turnaround time and high cost of mole-
cular testing remain challenges that cannot be overlooked. Furthermore,
medical images involve a wealth of underutilized visual information. These
details are often difficult to capture with the naked eye, which may lead
radiologists and pathologists to overlook critical information.

Routine disease diagnostic processes generate a wealth of medical
information, including clinical features, laboratory test results, radiological
images, and histological analyses, each of which provides valuable insights
into the diagnosis and prognosis of diseases. In recent years, deep learning
models have shown immense potential in utilizing medical data for tumor
classification, molecular subtype identification, prognosis prediction, and
treatment response evaluation, often outperforming the capabilities of
experts in these fields11–14. In particular, multimodal deep learning models,
which integrate diverse datamodalities, can fully explore the complexity and
heterogeneity of data and are expected to overcome the limitations of single-
modality approaches. In some studies, multimodal deep learning methods
have been used to analyze tumor prognosis; however, these methods often
rely on the analysis of more complex tumor components, such as genomic
data, and remain challenging to implement widely in clinical practice15,16.
For the specific clinical scenario of ccRCC, amethod is needed to construct a
multimodal predictivemodel on the basis of routine clinical data in order to
more accurately assess the risk of recurrence and inform clinical trial stra-
tification; this is a critical issue that must be addressed.

In this study, we developed a multimodal predictive recurrence score
(MPRS) by integrating clinical features, contrast-enhanced computed
tomography (CT) images, and histopathological whole-slide images (WSIs)
of tumor sections into the model. The MPRS is a promising method for
improving the prognostic assessment and prolonging survival outcomes for
ccRCC patients by assisting clinicians in developing personalized follow-up
strategies and screening suitable candidates for adjuvant therapy.

Results
Study design and patient baseline characteristics
As shown in Fig. S1, following the application of the inclusion and exclusion
criteria, 1145patients fromsix centers inChinawere enrolled. Thediscovery
cohort included 788 patients from three centers, namely, Renji Hospital, the
Fourth Affiliated Hospital of Harbin Medical University, and the Second
Affiliated Hospital of Soochow University. Among these patients, 134
patients with complete multimodal information were randomly selected
fromthediscovery cohort for inclusion in the internal validation cohort, and
the remaining 654 patients formed the training cohort. An external vali-
dation cohort comprising 357 patients from the First Affiliated Hospital of
Anhui Medical University, Kaohsiung Chang Gung Memorial Hospital,
and the First Affiliated Hospital of Shandong First Medical University was
subsequently established. Critically, all patients in both the internal vali-
dation cohort (n = 134) and external validation cohort (n = 357) had
complete clinical, radiological, and histopathological data.

In the training cohort (n = 654), patients who weremissing one or two
modalities were utilized to develop the corresponding unimodal prognostic
models: patients whose clinical data contributed to the clinical predictive
recurrence score (CPRS), those whose radiological images contributed to
the radiological predictive recurrence score (RPRS), and those whoseWSIs
contributed to the histopathological predictive recurrence score (HPRS). In
addition, to augment the histopathology-specific training data, the WSIs
from 503 ccRCC patients in The Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/) were incorporated into only the HPRS

model training. To develop the MPRS, which integrates features from all
threemodalities (HPRS, RPRS, andCPRS), only the subset of patients in the
training cohort with data for all three modalities (n = 550) was utilized.
Consequently, while the WSIs from TCGA strengthened the unimodal
HPRSmodel, theywere not directly used in themultimodalMPRS training,
which relied solely on the in-house patients with all three modalities. The
final MPRS model benefited indirectly from the enhanced HPRS features
that were obtained from the larger combined histopathology dataset.

The overall design of the study is presented in Fig. 1.We collected rich
and comprehensive multimodal data that were generated during routine
ccRCC diagnosis and treatment, including data on clinical features, pre-
operative contrast-enhanced CT, and postoperative histopathologicalWSIs
of tumor sections (Fig. S2). In total, 4001WSIs and 1098 contrast-enhanced
CT images were included. For both the radiological and histopathological
modalities, deep learning and radiomic or pathomic features were extracted
to construct unimodal models. Finally, the clinical, radiological, and his-
topathological modalities were integrated to construct the MPRS to accu-
rately predict recurrence and stratify patients according to risk, and the
MPRS was validated in an external cohort.

The demographics and baseline characteristics of the enrolled patients
are detailed in Table 1. The baseline characteristics were evenly distributed
between the cohorts, with no significant differences (p > 0.05). Overall, the
majority of patients were male (67.4%), with a median age of 60 years
(interquartile range [IQR], 52–67 years), and nearly one-third had an
Eastern Cooperative Oncology Group performance status (ECOG-PS) of
≥1. In terms of clinicopathological characteristics, most patients were
diagnosed with TNMstage I (79.0%) and histopathological grade 2 (63.5%)
disease. A proportion of patients exhibited adverse prognostic features, such
as tumor necrosis (14.0%) or sarcomatoid differentiation (1.7%). In the
different risk stratification models, most patients were classified as being at
low or intermediate risk. During a median follow-up of 49 months (IQR,
33–67 months), 197 patients (17.2%) experienced ccRCC recurrence.

Predictive performance and comparison of the MPRS with
unimodal and clinical prognostic tools
Compared with all unimodal models (HPRS, RPRS, and CPRS) and estab-
lished clinical tools (Leibovich score, UISS score, and KEYNOTE-564 risk
classification), the MPRS showed superior predictive performance across all
cohorts. The MPRS achieved significantly higher C-index values in the
training (0.924), internal validation (0.886), and external validation (0.838)
cohorts (Fig. 2a–c). For time-specific recurrence prediction, the MPRS con-
sistentlyyielded thehighestAUCvalues, ranging from0.835 to0.944at3years
and from 0.829 to 0.960 at 5 years (Fig. S3). Compared with traditional
machine learning models, such as random survival forest (RSF), gradient
boosting for survival (GBS), and survival support vectormachine (SSVM),we
found that the MPRS had better accuracy and robustness (Fig. S4). When
evaluated at each individual center,MPRS demonstrated high discrimination
with C-index values of 0.909–0.957 in the training cohort, 0.833–0.896 in the
internal validation cohort, and 0.803-0.847 in the external validation cohort
(Fig. S5). Additionally, the calibration curves for the MPRS at 3 years and 5
years in each cohort closely aligned with the 45° line, indicating strong con-
cordance between theMPRS predictions and observed outcomes (Fig. 2d–f).

Moreover, the optimal threshold for the MPRS was determined to be
−1.955 at themaximumYouden’s index in the ROCanalysis in the training
cohort; thus, the patients were divided into high- and low-risk groups. This
stratification revealed marked differences in DFS in the training cohort
(p < 0.001). The prognostic value of theMPRS was consistently validated in
both the internal and external validation cohorts, with the difference inDFS
remaining highly significant between the risk groups (p < 0.001) (Fig. 2g-i).
Notably, the distribution of the MPRS showed the most distinct separation
between patients with andwithout recurrence comparedwith the unimodal
scores across all cohorts, demonstrating a clear trend toward higher scores
indicating greater recurrence risk (Fig. S6a–d). A prognostic landscape plot
further illustrated the associations between the ascending MPRS scores,
patient survival status, and key clinical prognostic factors (Fig. S6e).
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To assess the independent prognostic value of the MPRS, we con-
ducted Cox regression analyses incorporating basic clinical features,
including sex, age, andTNMstage. Across all cohorts, high risk according to
the MPRS was significantly associated with poor DFS (training cohort:
HR = 106.07, 95% CI: 25.68–438.21, p < 0.001; internal validation cohort:
HR = 13.59, 95% CI: 3.63–50.83, p < 0.001; external validation cohort:
HR = 10.70, 95% CI: 5.07–22.58, p < 0.001) (Table 2). These findings indi-
cate that the MPRS is a robust and independent prognostic factor for pre-
dicting DFS in patients with ccRCC.

Subgroup risk stratification analyses for the MPRS
Given that current guidelines recognizeTNMstage, histopathological grade,
the Leibovich score, the UISS score, and the KEYNOTE-564 risk classifi-
cation as key prognostic factors in ccRCC, we evaluated whether theMPRS
could provide further prognostic refinement within these subgroups, with a
particular focus on the KEYNOTE-564 risk classification subgroup.
According to theKEYNOTE-564 risk classification, in the entire cohort, 930
patients (low risk) did not require adjuvant therapy, and 111patients (106 at
intermediate risk and five at high risk) did require adjuvant therapy, while
theMPRS classified 699patients as being at low risk and 342 as being at high
risk (Fig. 3a). Kaplan‒Meier analyses revealed that the MPRS markedly
improved risk stratification in both the KEYNOTE-564 low-risk group and
the intermediate/high-risk group (p < 0.001, Fig. 3b–d). Furthermore,
patients in the KEYNOTE-564 intermediate/high-risk group who were
reclassified as being at low risk by theMPRShad significantly better survival
than those in the KEYNOTE-564 low-risk group who were reclassified as
being at high risk by the MPRS (Fig. 3e). Consistent prognostic refinement
by theMPRSwas also observed across subgroups defined by theTNMstage,
histopathological grade, the Leibovich score, and the UISS score
(Fig. S7–S10).

Interpretability with clinical insights
To explore the consistency between our model’s predictions and the
established clinical knowledge, we performed explainability analyses on
multimodal information. First, we calculated the SHapley Additive exPla-
nations (SHAP)values for clinical features to interpret their contributions to
the model’s output. The results revealed that histopathological grade, TNM

stage, tumor size, and necrosis had significant effects on the prediction of
tumor recurrence, whereas the influence of age and ECOG-PSwasminimal
(Fig. 4a). Additionally, we utilized gradient-weighted class activation
mapping (Grad-CAM) for visual qualitative analyses of radiological and
histopathological images to identify regions of interest focused on by the
model. In terms of radiological modality, the model focused particularly on
irregular tumor margins17 and regions with heterogeneous enhancement18,
these features are typically associatedwith poorprognosis in ccRCCpatients
(Fig. 4b, c). In terms of histopathological modality, the model effectively
identified known histopathological features indicating poor prognosis in
ccRCC, such as sarcomatoid differentiation19,20 and other high-grade tumor
regions (Fig. 4d, e). Moreover, for the extracted set of 365-dimensional
clinical, radiomic, and pathomic features, we performed SHAP analysis and
visualized the SHAP values for the top 15 most important features. The
results revealed that these key features consisted offive radiomic features, six
pathomic features, and four clinical features, demonstrating that radiomic
and pathomic features can provide additional predictive information
beyond baseline clinical features such as grade and TNM stage (Fig. S11).
These analyses demonstrate that theMPRS can extract pertinent knowledge
from patients’ multimodal information to accurately predict ccRCC
recurrence. The identification of these critical decision variables aligns with
current clinical findings, confirming the reliability and clinical relevance of
the MPRS.

Error analysis of misclassifications by the MPRS compared to
clinical risk stratification tools
To evaluate the performance of the MPRS and established clinical risk
stratification tools in identifying subgroups at high and low risk of recur-
rence, we computed confusion matrices by combining the data from the
internal and external validation cohorts. The MPRS showed a balanced
predictive profile with 85.4% sensitivity and 78.2% specificity (Fig. 5a). In
contrast, all the clinical tools showed notable imbalances: the KEYNOTE-
564 risk classification offered high specificity (93.6%) but critically low
sensitivity (26.8%); theLeibovich score showedmoderate specificity (83.1%)
with low sensitivity (54.9%); and the UISS score achieved high sensitivity
(81.7%) but poor specificity (50.4%) (Fig. 5b–d). Similar results were
observed when the validation cohorts were analyzed separately (Fig.

Fig. 1 | Study workflow.Multimodal data, including clinical features, preoperative
contrast-enhanced CT images, and histopathological whole-slide images (WSIs) of
tumor sections, were acquired through conventional diagnostic procedures. The
multimodal data were analyzed by means of numerous distinct approaches,
including Cox regression, PyRadiomics features, ResNet, andHistomicsTK features.

The clinical, radiological and histopathological models were fused to construct a
multimodal predictive recurrence score (MPRS) that was used for the postoperative
risk stratification of ccRCC patients, which was validated in multicenter cohorts.
ccRCC=clear cell renal cell carcinoma. CT = computed tomography. WSI=whole
slide image.
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Table 1 | Patient demographics and baseline characteristics

Characteristic Group p value

Overall, N = 1,1451 Training cohort,
N = 6541

Internal
validation cohort,
N = 1341

External
validation cohort, N = 3571

Sex 0.2772

Female 373 (32.6%) 222 (33.9%) 36 (26.9%) 115 (32.2%)

Male 772 (67.4%) 432 (66.1%) 98 (73.1%) 242 (67.8%)

Age, years 60.00
(52.00,67.00)

60.00
(52.00,67.75)

61.00
(52.00,67.75)

59.00
(52.00,66.00)

0.4624

ECOG PS ≥ 1 0.9032

No 771 (67.3%) 441 (67.4%) 88 (65.7%) 242 (67.8%)

Yes 374 (32.7%) 213 (32.6%) 46 (34.3%) 115 (32.2%)

Tumor size ≥ 10 cm 0.2402

No 1,087 (94.9%) 615 (94.0%) 130 (97.0%) 342 (95.8%)

Yes 58 (5.1%) 39 (6.0%) 4 (3.0%) 15 (4.2%)

pT stage 0.2332

T1a 299 (26.1%) 186 (28.4%) 31 (23.1%) 82 (23.0%)

T1b 609 (53.2%) 325 (49.7%) 77 (57.5%) 207 (58.0%)

T2 124 (10.8%) 73 (11.2%) 15 (11.2%) 36 (10.1%)

T3 113 (9.9%) 70 (10.7%) 11 (8.2%) 32 (9.0%)

pN stage 0.3683

N0 1,136 (99.2%) 647 (98.9%) 133 (99.3%) 356 (99.7%)

N1 9 (0.8%) 7 (1.1%) 1 (0.7%) 1 (0.3%)

AJCC TNM stage 0.7242

Ⅰ 905 (79.0%) 509 (77.8%) 108 (80.6%) 288 (80.7%)

Ⅱ 122 (10.7%) 71 (10.9%) 15 (11.2%) 36 (10.1%)

Ⅲ 118 (10.3%) 74 (11.3%) 11 (8.2%) 33 (9.2%)

Grade 0.5062

1 119 (10.4%) 68 (10.4%) 16 (11.9%) 35 (9.8%)

2 727 (63.5%) 421 (64.4%) 82 (61.2%) 224 (62.7%)

3 250 (21.8%) 133 (20.3%) 29 (21.6%) 88 (24.6%)

4 49 (4.3%) 32 (4.9%) 7 (5.2%) 10 (2.8%)

Necrosis 0.4062

No 985 (86.0%) 557 (85.2%) 120 (89.6%) 308 (86.3%)

Yes 160 (14.0%) 97 (14.8%) 14 (10.4%) 49 (13.7%)

Sarcomatoid RCC 0.3113

No 1,126 (98.3%) 641 (98.0%) 131 (97.8%) 354 (99.2%)

Yes 19 (1.7%) 13 (2.0%) 3 (2.2%) 3 (0.8%)

Leibovich group 0.6682

Low risk 861 (75.2%) 484 (74.0%) 104 (77.6%) 273 (76.5%)

Intermediate risk 217 (19.0%) 129 (19.7%) 21 (15.7%) 67 (18.8%)

High risk 67 (5.9%) 41 (6.3%) 9 (6.7%) 17 (4.8%)

UISS group 0.8132

Low risk 493 (43.1%) 272 (41.6%) 61 (45.5%) 160 (44.8%)

Intermediate risk 589 (51.4%) 345 (52.8%) 67 (50.0%) 177 (49.6%)

High risk 63 (5.5%) 37 (5.7%) 6 (4.5%) 20 (5.6%)

KEYNOTE-564 group 0.5633

Low risk 1016 (88.7%) 573 (87.6%) 121 (90.3%) 322 (90.2%)

Intermediate-high risk 120 (10.5%) 74 (11.3%) 12 (9.0%) 34 (9.5%)

High risk 9 (0.8%) 7 (1.1%) 1 (0.7%) 1 (0.3%)

Recurrence 0.6142

No 948 (82.8%) 539 (82.4%) 115 (85.8%) 294 (82.4%)

Yes 197 (17.2%) 115 (17.6%) 19 (14.2%) 63 (17.6%)
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S12a–h). Overall, these results suggest that the MPRS provides the most
balanced predictive performance, optimizing sensitivity without compro-
mising specificity; this is a critical advantage for clinical risk stratification
where both under- and overtreatment have serious consequences.

Moreover, comparison heatmaps were generated to assess predictions
between the MPRS and established clinical risk stratification tools in the
combined validation cohorts. Given the clinical importance of the
KEYNOTE-564 classification in guiding adjuvant immunotherapy, its
comparison with the MPRS is highlighted (Fig. 5e). The two methods
correctly classified 66.2% of the patients (n = 325), whereas only 4.2%
(n = 21) were misclassified by both methods. Importantly, among the 60
recurrence patients misclassified as KEYNOTE-564 low-risk, the MPRS
correctly reclassified 83.3% (50/60) as high-risk. Among the 26 non-
recurrence patientsmisclassified asKEYNOTE-564 intermediate/high-risk,
the MPRS correctly reclassified 57.7% (15/26) as low-risk. Similar analyses
for the Leibovich score (high in false negatives) andUISS score (high in false
positives) demonstrated that the MPRS correctly reclassified 78.4% (29/37)
of the Leibovich false negatives and 69.0% (140/203) of the UISS false
positives (Fig. 5f, g). These trends were consistent with those of the indi-
vidual validation cohort analyses (Figure. S12i-n). In summary, the MPRS
significantly rectified critical misclassifications by existing clinical tools,
highlighting its practical value for refining clinical risk assessment.

Subgroup analyses revealed distinct patterns in the false-negative rate
(FNR) and false-positive rate (FPR) of the MPRS across clinical char-
acteristics (Table 3). The FNR was significantly elevated only in necrosis-
negative tumors. The FPR was increased in male patients, patients with
advanced TNMstages (II/III), patients with high-grade tumors (G3/4), and
patients with necrosis. Although it was associated with a high FPR, sarco-
matoid differentiation was excluded from further analysis because of the
limited sample size (n = 3).

To gain deeper insights into the specific patterns of MPRS failure that
were identified in the subgroup analyses, we performed targeted case
reviews and analyzed radiological and histopathological images using the
Grad-CAM method to identify error sources, resulting in detailed exam-
inations of representative FN and FP cases. For the FNR analysis, we spe-
cifically selected a representative patient with recurrence who was correctly
identified as being at intermediate to high risk by KEYNOTE-564 but was
misclassified as being at low risk by theMPRS without tumor necrosis. The
analysis revealed that on radiological images, the nnU-Net-based segmen-
tation focused mainly on the kidney and tumor mass and failed to capture
the renal vein tumor thrombus located outside the tumor, which is a critical
adverse prognostic factor in ccRCC21 (Fig. 6a). On the histopathological
image, themodel’s attentionwas concentrated onnormal renal tissue rather
than tumor regions, resulting in limited utilization of key information in
tumor areas (Fig. 6c). The omission of the tumor thrombus and insufficient
focus on tumor regions contributed to this false negative result. For the FPR
analysis, we selected another representative nonrecurrent patient who was
correctly stratified as being at low risk by KEYNOTE-564 but who was
misclassified as being at high risk by the MPRS; this patient was a male
patient with advanced TNM stage, high tumor grade, and necrosis. On the
radiological images, the model focused excessive attention on central
necrotic areas and failed to achieve a balance between the necrotic areas and

the enhancement of peripheral tumor regions (Fig. 6b). On the histo-
pathological image, the model could not fully leverage the features of
necrotic tissue, providing only limited information related to necrosis (Fig.
6d). The overemphasis on necrosis in the radiological information, com-
bined with the inadequate incorporation of histopathological features, led
the model to assign excessively high-risk predictions to patients with
necrosis, thereby causing the false positive result.

Discussion
In this study, we developed the MPRS, with a focus on both accuracy and
clinical utility, using data from1648 patientswhowere diagnosedwith stage
I-III ccRCC across six medical centers in China, as well as data from the
TCGA database. The MPRS integrates three modalities: clinical features,
radiological CT images, and histopathological WSIs of tumor sections.
Notably, external validation in cohorts from other medical centers further
underscores the potential generalizability and adaptability of the MPRS for
use across different healthcare settings.

Although unimodal models based on clinical features, CT images, and
histopathological WSIs have been reported to be useful for predicting
ccRCC recurrence22–24, the potential enhancement of performance due to
the use of integrated information from multiple modalities remains
underexplored. In a recent study, amultimodal recurrencemodel for ccRCC
was developed by integrating clinical characteristics, single-nucleotide
polymorphisms (SNPs), andWSIs.Although the performance of thismodel
was exceptional, its high detection cost may hinder its feasibility for wide-
spread clinical translation25. Furthermore, although another multimodal
model that combined clinical data, CT images, and WSIs from 414 ccRCC
patients achieved satisfactory results, concerns were raised about the
potential risk of overfitting because of the limited sample size and lack of
multicenter validation26.

Therefore, we utilized easily accessible multimodal data from a suffi-
ciently large cohort of ccRCCpatients to construct theMPRS.Crucially, our
design prioritized not only predictive power but also clinical deployability.
This focus on practicality extended to our technical implementation: for
pathological patch feature extraction, our selection of ResNet-34 aims to
balance performance with engineering feasibility. While current state-of-
the-art pathological foundation models exhibit powerful feature repre-
sentation capabilities, these models (e.g., Virchow227, MUSK28, UNI29) can
have hundreds of millions to billions of parameters, hindering their usage
for analysis on edge devices. In contrast, ResNet’s lightweight architecture
reduces inference costs by orders of magnitude while maintaining clinically
viable feature extraction quality (as evidenced by our prognostic validation
performance), thereby better aligning with future clinical deployment
requirements.

TheMPRS integrates information from different modalities through a
deep survival network. The multimodal model was trained separately for
each modality, effectively utilizing all available data and addressing missing
modality data in some patients. Moreover, compared to most late-fusion
models that employ a decision-level fusion approach, which applies simple
weighting to the outputs of each modality, our model integrates the feature
representations of each modality into a deep survival network, enabling a
more efficient representation of information fromdifferentmodalities. This

Table 1 (continued) | Patient demographics and baseline characteristics

Characteristic Group p value

Overall, N = 1,1451 Training cohort,
N = 6541

Internal
validation cohort,
N = 1341

External
validation cohort, N = 3571

DFS, month 49.00 (33.00,67.00) 50.50 (35.00, 67.00) 47.50 (31.25, 67.75) 49.00 (31.00, 66.00) 0.5474

1n (%); Median (IQR).
2Pearson’s chi-squared test.
3Fisher’s exact test.
4Kruskal-Wallis rank-sum test.
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innovative approach enables the MPRS to more effectively manage com-
plexities across different modalities, thereby improving its predictive per-
formance. Compared with unimodal scores (such as the HPRS, RPRS, and
CPRS) and clinical prognostic tools (such as the Leibovich score,UISS score,
and KEYNOTE-564 risk classification), the MPRS has notable advantages
in terms of robustness and generalizability that were further confirmed in
our analysis. Furthermore, in contrast to tree-based ensembles, which rely
primarily on hierarchical splits along single features or coarse interactions,
the deep survival network uses amultilayer perceptron architecture, thereby

enabling it to automatically learn complex, subtle, nonlinear feature
interactions.

In the clinical decision-making process, significant variations in sur-
vival outcomes are often observed among patients in the same risk stratum,
indicating that the heterogeneity of ccRCCmay not be completely captured
by traditional clinical features alone30,31. A prospective study based on the
ASSURE clinical trial cohort revealed a notable decline in the predictive
accuracy of the eight commonly used prognostic models, further high-
lighting the limitations of current RCC risk assessment methods32. We

Fig. 2 | Model performance. a–c Bar plots depict the C-Index values for the MPRS,
HPRS, RPRS, CPRS, Leibovich score, UISS score, and KEYNOTE-564 risk classi-
fication in patients with ccRCC in the training cohort, internal validation cohort, and
external validation cohort. The C-index and its associated 95% CI were calculated
using the bootstrap method with 1000 resamples. In each plot, the height of the bar
represents the C-index value, and the error bars represent the 95% CI. d–f Cali-
bration curves for the MPRS on the basis of the concordance between the predicted
and observed DFS rates for ccRCC patients at 3 and 5 years. The diagonal reference
line represents perfect calibration; deviations above this line indicate under-
estimation of risk, while deviations below indicate overestimation. The blue and red

curves with error bars (95% CI) represent bootstrapped 3-year and 5-year observed
(Y-axis) versus predicted probabilities (X-axis), respectively. g–i Kaplan–Meier
analysis of the MPRS for DFS in patients with ccRCC, divided into low-risk and
high-risk groups according to the risk score. p values were calculated with the log-
rank test. ROC = receiver operating characteristic. AUC = area under the curve.
MPRS =multimodal predictive recurrence score. HPRS = histopathological pre-
dictive recurrence score. RPRS = radiological predictive recurrence score. CPRS =
clinical predictive recurrence score. KEYNOTE-564 = KEYNOTE-564 group.
ccRCC = clear cell renal cell carcinoma. DFS = disease-free survival.
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observed that the MPRS can effectively differentiate survival outcomes
among different patient subgroups in the same stratum on the basis of
factors, such as TNM stage, histopathological grade, Leibovich score, UISS
score, and KEYNOTE-564 risk classification, demonstrating its potential to
further refine risk stratification and enhance prognostic value.

The KEYNOTE-564 clinical trial revealed notable improvements in
overall survival (OS) and disease-free survival (DFS) among high-risk
ccRCC patients who received adjuvant therapy with pembrolizumab, and a
higher incidence of adverse events was observed among patients who were
treated with immune checkpoint inhibitors (ICIs) than among those in the
placebo group5,6. However, controversy about the risk classification in the
KEYNOTE-564 trial has arisen, as certain patients with a low risk of
recurrence may not benefit from adjuvant therapy owing to tumor
heterogeneity33–35. Inaccurate risk stratification can be a critical factor that
impedes the widespread implementation of adjuvant therapy for ccRCC.
Patients who receive excessive adjuvant therapy inappropriately when they
are in a disease-free state after surgery may experience negative con-
sequences in terms of their health, rational healthcare resource allocation,
and social equity. Conversely, if high-risk patients are unjustly denied the
opportunity to access adjuvant therapy, their survival times may be
diminished, and the potential clinical benefits of ICIs may not be fully
realized.

Therefore, the design of the MPRS holds considerable promise for
clinical implementation.With appropriate validation in prospective clinical
trials, the MPRS may offer a feasible approach for balancing the risks of
overtreatment and undertreatment in adjuvant therapy while assisting
clinicians in the personalized risk stratification of ccRCCpatients, including
patients with risk of recurrence ranging from low to high. On this basis,
subsequent treatment decisions can be guided accordingly: for patients who
are predicted to be at low risk by the MPRS, a more conservative active
surveillance strategy may be adopted; for high-risk patients, adjuvant sys-
temic therapy could be recommended. Since the MPRS integrates three
routine and low-cost modalities, namely, clinical features, CT images, and
H&E-stained tumor slides, the system not only effectively overcomes the
technical challenges associated with molecular testing and expert histo-
pathological review in resource-limited settings but also significantly
reduces the associated testing costs.

An error analysis of misclassified cases revealed clinically informative
patterns of failure in theperformanceof theMPRSwhile clearly highlighting
its advantages over established clinical risk stratification tools. The MPRS
achieved balanced sensitivity (85.4%) and specificity (78.2%) overall; this
balanced accuracy directly enhanced clinical utility: it reclassified 83.3% of
KEYNOTE-564 false-negative results to prevent therapeutic inadequacy
and 57.7% of false-positive results to avoid unnecessary overtreatment.
Further subgroup analyses of the cases that were misclassified by theMPRS
revealed specific contexts inwhich uncertainty existed: false-negative results
occurred mainly in recurrent patients without tumor necrosis, suggesting
limitations in detecting adverse features independent of necrosis. Con-
versely, false-positive results occurred more frequently in nonrecurrent
patients with established high-risk features, such as male sex, advanced
TNM stage (II-III), high grade (3/4), or necrosis, resulting in challenges in
refining prognosis for clinically high-risk subgroups. To conduct amore in-
depth exploration of these patterns, visual analysis of representative mis-
classified cases using Grad-CAM revealed the following potential reasons
for model failure: false-negative results occurred due to missing extra-
tumoral prognostic features (such as tumor thrombus) and an inadequate
histopathological focus on tumor regions, and false-positive results arose
due to an overemphasis on adverse radiological signs such as necrosis and
insufficient utilization of histopathological features, ultimately leading to
imbalanced weighting of multimodal information. These findings highlight
the efficacy of the MPRS in addressing a key drawback of current risk
stratification; this is the inherent difficulty in maintaining both high sensi-
tivity and high specificity. Although residual errors remain restricted to
specific patient subgroups, they provide clear directions for model
optimization.

To address these specific failure patterns and further enhance the
performance of the MPRS, targeted optimization strategies are proposed.
First, enriching the training dataset with more representative samples from
the subgroups that were identified as challenging (e.g., cases of recurrence
lacking necrosis and cases of nonrecurrence with multiple high-risk

Table 2 | Univariable andmultivariable analyses for MPRS and
other clinical factors for disease-free survival in different
cohorts

Characteristic Univariable Multivariable

HR1 95% CI1 p value HR1 95% CI1 p value

Training cohort

MPRS

Low risk Ref. Ref.

High risk 132.20 32.53, 537.17 <0.001 106.07 25.68,
438.21

<0.001

Sex

Female Ref. Ref.

Male 1.54 1.01, 2.33 0.043 0.95 0.59, 1.52 0.832

Age ≥ 60 years

No Ref. Ref.

Yes 1.00 0.69, 1.44 0.985 0.85 0.56, 1.29 0.442

TNM stage

Ⅰ Ref. Ref.

Ⅱ 5.05 3.16, 8.07 <0.001 1.35 0.81, 2.25 0.248

Ⅲ 7.85 5.14, 11.97 <0.001 2.39 1.45, 3.93 <0.001

Internal validation
cohort

MPRS

Low risk Ref. Ref.

High risk 15.94 4.63, 54.85 <0.001 13.59 3.63, 50.83 <0.001

Sex

Female Ref. Ref.

Male 1.99 0.58, 6.82 0.276 1.33 0.38, 4.73 0.658

Age ≥ 60 years

No Ref. Ref.

Yes 1.20 0.48, 2.99 0.690 0.85 0.31, 2.37 0.756

TNM stage

Ⅰ Ref. Ref.

Ⅱ 4.07 1.39, 11.92 0.011 1.20 0.38, 3.79 0.759

Ⅲ 5.25 1.64, 16.82 0.005 1.83 0.48, 6.93 0.374

External validation cohort

MPRS

Low risk Ref. Ref.

High risk 14.54 7.18, 29.46 <0.001 10.70 5.07, 22.58 <0.001

Sex

Female Ref. Ref.

Male 2.69 1.37, 5.28 0.004 1.33 0.65, 2.72 0.439

Age ≥ 60 years

No Ref. Ref.

Yes 2.11 1.25, 3.54 0.005 1.55 0.90, 2.66 0.111

TNM stage

Ⅰ Ref. Ref.

Ⅱ 4.12 2.25, 7.57 <0.001 1.92 1.03, 3.59 0.040

Ⅲ 5.25 2.80, 9.83 <0.001 2.60 1.36, 4.97 0.004

1HR Hazard Ratio, CI Confidence Interval
Bold values indicates a significant p value (p < 0.05).
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features) is crucial to improve the model’s learning capacity and general-
izability for these complex scenarios. Second, refining the model archi-
tecture to better balance multimodal information integration is essential.
This could involve implementingmore sophisticated attentionmechanisms
or adaptive feature weighting schemes in the fusion layers, which should be
specifically designed to reduce the observed overreliance on adverse radi-
ological signs (such as necrosis) while amplifying the contribution of
underutilized histopathological features and critical extra-tumoral prog-
nostic factors (such as tumor thrombus). Third, exploring other advanced
techniques, such as graph neural networks, to explicitlymodel relationships
between different tumor regions and prognostic features, or incorporating
uncertainty estimation modules to identify predictions requiring clinician
review, represents promising technical approaches to reduce residual errors
and enhance clinical trust.

Admittedly, this study has several limitations. First, as a retrospective
study, potential confounders may not have been adequately controlled,
necessitating further validation in prospective cohorts. Second, althoughwe
used TCGA data as the training cohort, both the internal and external
validation cohorts consisted only of Chinese individuals. The racial
homogeneity in this study highlights the need for further validation of the
model’s generalizability in other regional populations. Third, despite sample
size disparities across centers, our MPRS maintained clinically relevant
performance (C-index > 0.8), suggesting broad applicability. Future studies
should include expanded cohorts at underrepresented centers. Finally, our
imagingmodel relied exclusively on CT images, despiteMRI being a widely
available imagingmethodwith richer biological information. Future studies
will explore the combination of CT and MRI data to enhance the radi-
ological component of our model.

In conclusion, theMPRSmodel is a promising approach for improving
the prediction of the risk of recurrence and the stratification of ccRCC
patients through the integration of readily available multimodal data. The

MPRS enables clinicians to identify patients who are most likely to benefit
from adjuvant therapy, facilitating individualized management and opti-
mizing therapeutic decisions.

Methods
Study participants and patient cohorts
This study was conducted in accordance with the Declaration of Helsinki
and was approved by the Ethics Committee of Renji Hospital (IRB No:
LY2024-057-B), the Ethics Committee of the Fourth Affiliated Hospital of
HarbinMedical University (IRBNo: 2025-ER-60), the Ethics Committee of
the Second Affiliated Hospital of Soochow University (IRB No: JD-HG-
2025-101), the Clinical Research Ethics Committee of the First Affiliated
Hospital of AnhuiMedicalUniversity (IRBNo: PJ 2024-11-96), theHuman
Trial Ethics Committee of Changgung Medical (IRB No: 202402309B0),
and the Ethics Committee of the First Affiliated Hospital of Shandong First
Medical University (IRB No: YXLL-KY-2024-175). Given its retrospective
and observational nature, the need for informed consent was waived. The
study is registered on ClinicalTrials.gov (NCT06656039).

We retrospectively collected multimodal data from 1145 patients who
underwent surgery and received postoperative histopathological diagnoses
of stage I–III ccRCC between January 1, 2014, and December 31, 2021,
across six centers in China. The inclusion criteria included comprehensive
clinical features, accessible preoperative arterial-phase contrast-enhanced
CT images, available postoperative hematoxylin and eosin (HE)-stained
sections of tumor tissues, and complete follow-up information. The exclu-
sion criteria were the presence of other malignancies and treatment with
neoadjuvant or adjuvant therapies.

Theprimary outcomemeasurewasDFS,whichwasdefined as the time
from surgery to the first detection of ccRCC recurrence (including local
recurrence and distant metastases) or until the end of the follow-up period.
Detailed scoring criteria and application methods for clinical prognostic

Fig. 3 | Risk stratification analysis for DFS of the MPRS on the basis of the
KEYNOTE-564 risk classification subgroups. a Sankey diagram of reclassification
from the KEYNOTE-564 risk classification to theMPRS. bKaplan‒Meier analysis of
the KEYNOTE-564 risk classification for DFS in all enrolled patients.
c, d Kaplan–Meier analysis of the MPRS for DFS of patients in the KEYNOTE-564
low-risk, inter and high-risk groups. e Kaplan–Meier analysis for DFS between

patients classified as inter&high-risk by the KEYNOTE-564 risk classification but as
low-risk by theMPRS, and patients classified as low-risk by the KEYNOTE-564 risk
classification but as high-risk by the MPRS. p values were calculated with the log-
rank test. MPRS=multimodal predictive recurrence score. DFS = disease-free
survival.
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Fig. 4 | Interpretability analysis of the model. a SHAP values for clinical features
that drive the prediction of recurrence in the model for ccRCC. b–e Grad-CAM
analysis of images obtained with the radiological and histopathological modalities.
The clinical information of representative patients is included above the figure: sex,
age, TNM stage, tumor grade, risk group defined by ourmodel, and clinical outcome
(recurrence status). On the basis of the importance scores, the deep red areas suggest
greater contributions to the prediction of tumor recurrence, and the deep blue areas
indicate lower contributions. Radiological modality: High-attention regions (deep

red) localized predominantly in the irregular border area of the tumor (b) and the
heterogeneous area of enhancement with a rich blood supply and necrosis (c).
Histopathological modality: Themodel focusedmore on sarcomatoid differentiated
tissue (Regions 1 and 3, deep red) than on well-differentiated tissue (Region 2, light
blue) and high-grade tissue (Region 4, yellow‒green) (d); comparatively, it placed
greater emphasis on poorly differentiated, higher-grade tissue (Regions 2 and 3, deep
red) than on stroma-rich tissue (Region 1, deep blue) and well-differentiated, lower-
grade tissue (Region 4, yellow‒green) (e).
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tools including the Leibovich score, UISS score, and KEYNOTE-564 risk
classification were presented (Tables S1–S3). This study followed the
Transparent Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) reporting and Reporting Recommen-
dations for Tumor Marker Prognostic Studies (REMARK) guidelines36,37

(Tables S5–S6).

Image preprocessing
ForH&E-stainedWSIS,weusedOtsu’s thresholdingmethod38 to extract the
foreground containing histopathological tissue and cut it into patches
measuring 768 × 768 in size at 40× magnification (0.25 μm/pixel). Patches
with a foreground over 30% were retained. For the CT sequences, we
extracted the arterial phase images from the multiphase contrast-enhanced
series and resampled them to a resolution of 0.8 × 0.8 × 1mm. For region of
interest extraction, we used nnU-Net, which is a self-adaptive encoder-
decodermodel based onU-Net, to automatically segment the tumor regions
from CT images. The model load weights were pretrained on the public
kidney segmentation dataset, which we downloaded from https://zenodo.
org/record/3734294#.YvXiWnZBw2z. Then, all the automatically seg-
mented masks were reviewed and refined by two senior urologists (W.K.
and Y.C.) specializing in genitourinary oncology images (14 and 24 years of
experience, respectively). Any discrepancies were resolved through
consensus.

Model development
We propose a multimodal prognostic prediction model that integrates
information from various modalities through a deep survival network
to assess the risk of recurrence in patients with renal clear cell carci-
noma. For the histopathological modality, we concatenated the features
from ResNet34 pretrained on ImageNet with the average nuclear fea-
tures extracted by HistomicsTK, as well as the dominant cell type in the
patch, to form the patch information. We then used multi-instance
learning to aggregate the patch information to present

histopathological features. For the radiological modality, we first
extracted features by means of PyRadiomics and ImageNet-pretrained
ResNet34 and then used principal component analysis (PCA) to retain
components that achieved an explanation ratio of 0.8 to serve as the
radiological feature representation. Finally, we integrated the histo-
pathological, radiological, and clinical information by means of the
deepSurv network39 to generate amultimodal prognostic risk score. The
deep learning model was implemented via PyTorch 1.13.1 in Python.
Heatmaps were generated by means of gradient-weighted class activa-
tion mapping (Grad-CAM)40 to visualize the decision process of the
developed model. The following sections introduce each part in detail.

HPRS construction
After histopathological image preprocessing, we obtained 768×768-pixel
patches at 40× magnification from all the slides. Afterward, all the patches
underwent automated nucleus segmentation using HoverNet. HoverNet
can segment and classify cells into five types according to their nuclei:
neoplastic, inflammatory, soft tissue, dead, and epithelial cells. Patches
containing <10 nuclei were discarded as noninformative, and those with
≥10 nuclei were retained for downstream feature extraction. This ensures
unbiased sampling across all tissues, enabling our models to learn from
spatially diverse microenvironmental contexts while also balancing com-
putational efficiency. Afterward, for all the retained patches, the histomic
features, cell type features, and ResNet-based embeddings were extracted.

HistomicsTKwas used to extract nuclear features from individual cells.
HistomicsTK can provide nuclear morphology features, including shape,
texture, and intensity characteristics, for nuclei, enabling quantitative ana-
lysis of cellular structures. The histomic features of a patch were then
computed as the average of the features from themost abundant cell type in
that patch (e.g., if a patchwas dominated by tumor cells, the average nuclear
features of all tumor cells were used). Additionally, cell type features were
represented as one-hot encoding vectors (e.g., (1, 0, 0, 0, 0) for a tumor-
rich patch).

Fig. 5 | Comparative analyses of MPRS and clinical risk stratification tools in the
combined internal and external validation cohorts. a–d Confusion matrices for
MPRS, KEYNOTE-564 risk classification, Leibovich score, and UISS score in pre-
diction of recurrence risk stratification. e, f Heatmaps for comparative analysis of

recurrence risk prediction between MPRS and KEYNOTE-564 risk classification,
Leibovich score, and UISS score. TP = true positive. FN = false negative. TN = true
negative. FP = false positive.
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In addition, we adopted aResNet-34model pretrained on ImageNet to
extract themorphological embeddings of the previously retained 768 × 768-
pixel patches at 40× magnification. These ResNet-based features are
expected to represent the overall tissue organization and spatial relation-
ships within each patch. The final feature vector for each patch was con-
structed as the concatenation of the histomicsTK features, the cell type
encodings, and the ResNet-based embeddings.

After the patch features were constructed, attention-based multi-
instance learningwas applied to aggregate them into 256-dimensional slide-
level histopathological features. Attention-based multi-instance learning41

can learn the most relevant instance within all patches that contribute to
prognosis prediction. For the histopathological unimodal model that cal-
culates the HPRS, a multilayer perceptron layer was used to derive the risk
score on the basis of the aggregated 256-dimensional slide-level histo-
pathological features.

RPRS construction
For the radiological model, we first performed PCA dimensionality
reduction on the shape, first-order, texture, filter, and wavelet features and
the embeddings extracted from ResNet in PyRadiomics. The components
for which the explanation ratio was greater than 0.8 were retained. The
principal component numbers for the shape, first-order, texture, filter,
wavelet, and ResNet features were 2, 3, 3, 6, 10, and 75, respectively. We
concatenated these principal components to obtain the radiological feature
representation. For the radiological unimodal model that calculates the
RPRS, these features were input as covariates into the Cox proportional
hazards model for prognostic modeling.

CPRS construction
With respect to the clinical information, all the features were encoded as
multiclass, ordinal, or continuous variables. Afterward, for the unimodal

Table 3 | Analysis of false negative and false positive rates of MPRS across clinical characteristic subgroups

Characteristic Recurrence FNR(number) p value Non-recurrence FPR(number) p value

Sex 0.092 0.002

Female 13 30.8% (4) 138 13.0% (18)

Male 69 11.6% (8) 271 26.2% (71)

Age ≥ 65 years 0.341 0.189

No 30 20.0% (6) 214 19.2% (41)

Yes 52 11.5% (6) 195 24.6% (48)

ECOG PS ≥ 1 0.357 0.516

No 43 18.6% (8) 287 20.9% (60)

Yes 39 10.3% (4) 122 23.8% (29)

Tumor size ≥ 10 cm 0.556 0.218

No 77 14.3% (11) 408 21.6% (88)

Yes 5 20.0% (1) 1 100.0% (1)

pT stage 0.472 <0.001

T1a 3 33.3% (1) 110 5.5% (6)

T1b 42 16.7% (7) 242 21.5% (52)

T2 20 15.0% (3) 31 64.5% (20)

T3 17 5.9% (1) 26 42.3% (11)

pN stage 1

N0 80 15.0% (12) 409 21.8% (89)

N1 2 0.0% (0) 0 NA% (0)

TNM stage 0.491 <0.001

Ⅰ 44 18.2% (8) 352 16.5% (58)

Ⅱ 20 15.0% (3) 31 64.5% (20)

Ⅲ 18 5.6% (1) 26 42.3% (11)

Grade 0.923 <0.001

1 1 0.0% (0) 50 14.0% (7)

2 34 17.6% (6) 272 17.3% (47)

3 37 13.5% (5) 80 36.2% (29)

4 10 10.0% (1) 7 85.7% (6)

Necrosis 0.001 <0.001

No 48 25.0% (12) 380 18.2% (69)

Yes 34 0.0% (0) 29 69.0% (20)

Sarcomatoid RCC 1 0.034

No 80 15.0% (12) 405 21.2% (86)

Yes 2 0.0% (0) 4 75.0% (3)

Fisher’s exact test was used to calculate statistical differences between subgroups.
Bold values indicate a significant p value (p < 0.05).
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clinical model that calculates the CPRS, we used the Cox proportional
hazards model to analyze the clinical information for the multivariate
survival analysis.

MPRS construction
To construct a multimodal prediction model for MPRS calculation, the
histopathological, radiological, and clinical embeddings were concatenated
as 365-dimensional features, comprising 256-dimensional histopathologi-
cal features, 99-dimensional radiological features, and 10-dimensional
clinical features. The 365-dimensional features were processed by means of

the deepSurv network39 to output theMPRS.Thedeep survival network that
we employed extends the traditionalCoxmodel, whichuses linearmodeling
for the covariates. Specifically, the hazard of patient X can be represented as
follows:

λ tjXð Þ ¼ λ0 tð Þ � eh xð Þ

where λ0 tð Þ is the baseline hazard. In the traditional Cox model,
h xð Þ ¼ βTx, whereas for deepSurv, h represents learnable multilayer per-
ceptron layers.

Fig. 6 | Analysis of representative cases ofmisclassification.Grad-CAManalysis of
images obtained with radiological and histopathological modalities. The clinical
information of representative patients is included above the figure: gender, age,
TNM stage, tumor grade, risk group defined by our model, and clinical outcome
(recurrence status). On the basis of the importance scores, the deep red areas suggest
greater contributions to the prediction of tumor recurrence, and the deep blue areas
indicate lower contributions. a Radiological modality: High-attention regions (deep
red) localize primarily in the tumor mass, while areas with renal vein tumor
thrombus (yellow–green) receive insufficient attention, indicating that the model

failed to focus on capturing the tumor thrombus area. b Radiological modality:
Central necrotic areas (deep red) dominate attention maps, with peripheral
enhancing tumor regions (yellow–green) being overlooked, revealing an inadequate
model balance between necrosis and peripheral enhancing tumor regions.
c Histopathological modality: Our model focused more on normal renal tissue
(Region 4, deep red) than on tumor tissue (Regions 1-3, yellow–green).
d Histopathological modality: Our model primarily identified the tumor tissue
region (Region 1, deep red) but missed the necrotic tissue areas (Regions 2–4,
deep blue).
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Additionally, three classical machine learning models adapted for
survival analysis were employed for comparison: RSF, GBS, and SSVM.

Statistical analysis
For baseline characteristics, age and disease-free survival (DFS) are pre-
sented as medians (quartiles) because of their nonnormal distributions as
continuous variables, with group differences assessed by means of the
Kruskal‒Wallis H test. Categorical variables are reported as frequencies and
percentages, and group differences were evaluated by means of Pearson’s
chi-square test or Fisher’s exact test, as appropriate.

Model performance was evaluated by means of the C-index and time-
dependent receiver operating characteristic (ROC) curves and the area
under the curve (AUC)at 3 years and 5 years, and the numbers of patients at
risk for time-dependentROCanalysiswere provided (Table S4).Calibration
curves were generated in R (using the rms and survival packages) to assess
the agreement between the predicted and observed survival probabilities in
the three cohorts. Cox proportional hazards models predicting 3-year and
5-year survival based on the MPRS risk score were fitted. Calibration was
performed using 1000 bootstrap resamples, stratifying patients into quin-
tiles (five risk groups). In each risk group, observed event probabilities were
estimated via the Kaplan‒Meier method to account for right-censoring and
compared against model-predicted survival probabilities after bootstrap
bias correction.

To transform the continuousMPRS output into clinically actionable
high-risk and low-risk groups, we identified an optimal cutoff point
using time-dependent ROC analysis (implemented via the timeROC
package). This analysis evaluated the performance of the model for
predicting DFS at both the 3-year endpoint and the 5-year endpoint.
Candidate cutoffs were determined at each time point bymaximizing the
Youden index (sensitivity+ specificity - 1). Owing to substantially
higher rates of censoring at the 5-year endpoint than at the 3-year
endpoint, which introduces greater uncertainty in true event status
assignment for cutoff estimation, we prioritized the candidate cutoff
derived from the 3-year analysis for final clinical stratification. Patients
with MPRS values ≥ the 3-year Youden-derived cutoff (-1.955) were
classified as being at high risk, while those below this value were classified
as being at low risk.

Survival analysis was performed with the Kaplan‒Meier method, with
significant differences evaluated by means of the log-rank test. All the sta-
tistical analyseswere conductedwith R software (version 4.22). A two-sided
p value < 0.05 was considered to indicate statistical significance.

Data availability
After signing a data transfer agreement and obtaining ethical approval.
Upon reasonable request to the corresponding author (Wei Zhai, jacky_z-
w2002@hotmail.com), the data will bemade available to interested research
partners.

Code availability
The source code is available online (https://github.com/jackyzw2002/
RenalxAI-prognosis/tree/master).
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