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Purpose: To systematically evaluate the potential of radiomics coupled with
machine-learning algorithms to improve the predictive power for overall survival
(OS) of renal cell carcinoma (RCC).

Methods: A total of 689 RCC patients (281 in the training cohort, 225 in the
validation cohort 1 and 183 in the validation cohort 2) who underwent
preoperative contrast-enhanced CT and surgical treatment were recruited
from three independent databases and one institution. 851 radiomics features
were screened using machine-learning algorithm, including Random Forest and
Lasso-COX Regression, to establish radiomics signature. The clinical and
radiomics nomogram were built by multivariate COX regression. The models
were further assessed by Time-dependent receiver operator characteristic,
concordance index, calibration curve, clinical impact curve and decision
curve analysis.

Result: The radiomics signature comprised 11 prognosis-related features and
was significantly correlated with OS in the training and two validation cohorts
(Hazard Ratios: 2.718 (2.246,3.291)). Based on radiomics signature, WHOISUP,
SSIGN, TNM Stage and clinical score, the radiomics nomogram has been
developed. Compared with the existing prognostic models, the AUCs of 5
years OS prediction of the radiomics nomogram were superior to the TNM,
WHOISUP and SSIGN model in the training cohort (0.841 vs 0.734, 0.707, 0.644)
and validation cohort2 (0.917 vs 0.707, 0.773, 0.771). Stratification analysis
suggested that the sensitivity of some drugs and pathways in cancer were
observed different for RCC patients with high-and low-radiomics scores.

Conclusion: This study showed the application of contrast-enhanced CT-based
radiomics in RCC patients, creating novel radiomics nomogram that could be
used to predict OS. Radiomics provided incremental prognostic value to the
existing models and significantly improved the predictive power. The radiomics
nomogram might be helpful for clinicians to evaluate the benefit of surgery or
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adjuvant therapy and make individualized therapeutic regimens for patients with
renal cell carcinoma.

KEYWORDS

renal cell carcinoma, radiomics, prognostic model, machine learning, computed
tomography running title, incremental value estimation

1 Introduction

The most common malignant tumor in the kidney is renal cell
carcinoma (RCC), which originates from the proximal tubular
epithelial system of the renal parenchyma, and more than 60,000
people worldwide suffer from it every year (1-3). According to
European Association of Urology Guidelines, surgical treatment is
the first choice for patients with RCC, of whom the overall 5-year
survival rate was in the range of 50-60% (4, 5).

RCC is recognized as having a highly variable natural history,
according to the previous reports (6). RCC patients have different
responses to surgical treatment and prognosis (7). Many prognostic
models for RCC have previously been developed to provide
prognostic assessment for patients and to inform clinical
management strategies and improve risk stratification for clinical
trials, including prognostic scores based on TNM stage, tumor size,
nuclear grade and necrosis (SSIGN), tumor-node-metastasis
(TNM) stage and WHOISUP (8). According to a report from a
retrospective study evaluating 358 patients with RCC, the predictive
efficiency of the SSIGN model was slightly better than that of the
TNM stage system (9).

According to the European Association of Urology guidelines,
among patients with stage I-II localized RCC, neoadjuvant therapy
is still experimental, and chemotherapy and targeted therapy are
not standard treatments for most patients (10). Especially for
resectable tumors, it should not be routinely presented outside of
clinical trials. However, despite following postoperative surveillance
guidelines, approximately 20% to 30% of patients with TNM stage I
and II RCC who were considered to have a better prognosis would
develop recurrence or metastasis after surgery (11, 12). Therefore,
existing prognostic models showed certain limitations in current
clinical practice, and the ability to accurately predict individual
patient outcomes remained limited. An accurate and simple RCC
prognostic tool is still urgently needed.

Tumor heterogeneity is defined as tumor cell with distinct
molecular and phenotypic characteristics. Recent evidence
suggested that the level of tumor heterogeneity could serve as a
prognostic biomarker (13). Tumor heterogeneity manifests at
multiple spatial dimensions, mainly including genetic, cellular,
histological, and radiological levels. The TNM stage and SSIGN
score system are mainly based on the anatomical and histological
features of tumors, which cannot reflect the heterogeneity of tumors
and may not be sufficient to provide accurate prognostic
information for RCC patients (14, 15). In current clinical practice,
the phenotypic heterogeneity of RCC was mainly assessed by
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biopsy-based microscopy and gene expression analysis. However,
the capabilities of genomics, proteomics or histology were limited. It
was difficult to assess intratumor heterogeneity well with a random
sample alone.

Radiomics is a promising approach to automatically mine a lot
of quantitative image features that are difficult to identify with the
naked eye and reveal aspects of intratumor heterogeneity with
potential prognostic relevance (16, 17). The application of
machine learning in radiomics has emerged as a non-invasive and
low-cost method for accurate prognosis assessment.

The aim of this study was to identify radiomics features
associated with overall survival in RCC, to evaluate its
incremental value to clinical characteristics and other existing
prognostic models, to establish a visual nomogram for patients
with RCC and to provide reference for neoadjuvant therapy and
surgical plan.

2 Related work

Radiomics refers to the extraction of high-throughput
quantitative features from radiographic images, the in-depth non-
invasive analysis of tumor heterogeneity across the tumor volume,
and the establishment of predictive models that correlate imaging
features with genomic patterns and clinical outcomes. Recently,
radiomics has been widely applied in tumor imaging-based
diagnosis, prognosis prediction, and efficacy monitoring. Some of
the studies were presented below:

According to previous reports, among patients with stage I lung
adenocarcinoma, the radiomics signature was associated with overall
survival. The clinical-radiomics nomogram could accurately predict
Axillary lymph node metastasis (ALNM) (AUC: 0.92) (18). The model,
integrating clinical variables and radiomics features, had good
performance for predicting Microvascular invasion (MVI) and
clinical outcomes (19). Meanwhile, Ruizhi Gao et al. provided a
predictive nomogram that integrates radiomic and
clinicopathological characteristics for predicting the progression-free
interval (PFI) of kidney renal clear cell carcinoma patients (20).
Mostafa Nazari et al. developed a robust radiomics-based classifier
that was capable of accurately predicting overall survival of RCC
patients for prognosis of ccRCC patients (21).

In addition, Multiparametric MRI (mpMRI) allows assessment
of the anatomical and functional characteristics of the renal mass.
Using diffusion MRI, parenchymal wash index, and ADC ratio were
correlated with clear-cell RCC Fuhrman grade, with a pooled
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sensitivity and specificity of DWI to differentiate between high and
low grades of 78% and 86%, respectively (22, 23).

Most of the above studies have used texture analysis, meanwhile,
other studies have also used convolutional neural network (CNN). An
ensemble model based on residual convolutional neural network
(ResNet) was built combining clinical variables and T1C and T2WI
MR images using a bagging classifier to predict renal tumor pathology.
Stavropoulos et al. found that compared with all experts averaged, the
ensemble deep learning model had higher test accuracy (0.70 vs. 0.60,
P =0.053), sensitivity (0.92 vs. 0.80, P = 0.017), and specificity (0.41 vs.
035, P = 0.450) (24).

3 Materials and methods
3.1 Study design and patients

A total of 689 patients with renal cell carcinoma confirmed by
histology were recruited in this study. 281 RCC patients came from
the First Affiliated Hospital of Nanjing Medical University (NJMU)
from 2010 to 2019. In addition, 408 patients were collected from
three external database (Clinical Proteomic Tumor Analysis
Consortium (CPTAC), Kidney Tumor Segmentation Challenge
(KITS) and The Cancer Imaging Archive (TCIA)). The criteria
for inclusion and exclusion are as follows: i) patients with complete
baseline and follow-up information; ii) patients with contrast-
enhanced CT imaging including arterial phase before surgical
resection; iii) patients histologically confirmed RCC; iv) no
imaging artifacts. The detailed flowchart summarizing patient
inclusion and exclusion in this study was presented in Figure S1.

In the phase of model development, we used the NJMU as the
training cohort (N=281) and the remaining datasets (CPTAC, TCIA,
and KITS) as the two independent validation cohorts (N1 = 225, N2 =
183). The validation cohortl contained the patients in TCIA and
CPTAC (NCI) datasets while the validation cohort2 contained the
patients in KITS dataset. All relevant data was collected in July 2020,
and for patients who could not visit the hospital, a follow-up phone call
was conducted. The overall survival was calculated from the date of
pathological diagnosis to the time of death or the last follow-up.
Baseline data consisted of Age, Gender, Body Mass Index (BMI),
TNM stage, WHOISUP, Tumor size, Laterality, Location, Tumor
margin, SSIGN. The TNM stage is based on The Union for
International Cancer Control tumor node metastasis staging system
(8). In SSIGN, risk points are accumulated and added up to provide a
risk score (25).

The primary tool to assess frailty was the modified frailty index
of the Canadian Study of Health and Aging (11-CSHA), which is a
validated tool based on clinical data and consisting of eleven
elements. The sum score is divided by 11 and a cut-off of 2 0.27
has been defined to mirror frailty (26).

3.2 Radiomics feature extraction

In the training set, a total of two types of CT scanners are
involved, including Philips iCT 256 (Koninklijke Philips, Nevada,
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USA) and Somatom force CT A50A (Siemens Healthcare GmbH,
Erlangen, Germany). The detail CT scanning parameters are shown
in Table S1.

The workflow of the study was shown in Figure 1. The regions
of interest (ROIs) in the RCC were separately manually slice-by-
slice contoured and segmented using 3D Slicer (version 4.11.2) by
two urologists (Yiyang Liu and Shifeng Su), who were not
informed of the patients’ personal information. Each of them
with at least 10 years of clinical experience in kidney CT, took full
responsibility for the ROI delineation. The ROIs were evaluated by
experts following the medical imaging standards. After the ROIs
of the SRMs were delineated, the CT images were transferred to a
radiomics plugin for 3D Slicer (PyRadiomics). Then, the
extraction of in-house radiomics features was performed using
PyRadiomics package. Each ROI in contrast-enhanced CT
imaging (arterial phase) had eight sets of radiomics features.
The voxel-based features included shape 2D, shape 3D, first-
order, gray-level cooccurrence matrix (GLCM), gray-level size
zone matrix (GLSZM), gray-level dependence matrix (GLDM),
gray level run length matrix (GLRLM) and neighbouring gray tone
difference matrix (NGTDM), containing a total of 851
quantitative features. The Bland-Altman test was used for
assessment of interobserver variability.

The extracted radiomics features in each dataset were further
normalized with mean value=0 and standard deviation=1 to make
all the variables comparable across different dataset and applicable
easily in the future.

3.3 Unsupervised clustering and
subgroup discovery

Unsupervised hierarchical clustering, based on the raw
radiomics data scaled by mean and centered, was performed
using cutree package in R. Kaplan-Meier overall survival curves
were plotted using survival package in R. The statistical difference in
survival between the two patient subgroups was calculated with the
coxph function. The heatmap was plotted using the pheatmap
package in R.

3.4 Development of the
radiomics signature

Random Forest was performed using the ranger package. The
random forest feature importance was obtained from ranger-
package’s variable-importance-parameter on a trained random
forest model. In the training cohort, the radiomics features
associated with overall survival were screened by the least
absolute shrinkage and selection operator (LASSO) Cox
regression. The Radiomics signature was calculated with a linear
combination of the selected radiomics features multiplied by their
corresponding LASSO-Cox coefficients. Based on median radiomics
score, patients were classified as high-risk or low-risk group.
Kaplan-Meier overall survival analysis was performed between the
stratified subgroups.
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Graphical abstract of radiomics analysis and model building.

3.5 Development of the radiomics
nomogram

The association between clinical characteristics and overall
survival was separately evaluated by the univariable and
multivariable Cox regression analysis. The hazard ratio (HR) of
each predictor was obtained simultaneously. The clinical
nomogram and radiomics nomogram, which predicted 1-, 3- and
5-year overall survival, were separately constructed using the rms
and survival package in R. Based on TMN Stage, WHOISUP and
SSIGN, the prognosis model for OS Prediction has been developed
by survival package in R.

3.6 ldentification of DEGs and functional
enrichment analysis

The differentially expressed genes (DEGs) were identified
between the high- and low-risk subgroups using the limma
package with criteria of |log2-fold change (FC)| = 1 and p-value
< 0.05.

The KEGG enrichment analysis was performed using the
clusterProfiler package to obtain the results of gene set
enrichment. For Gene set enrichment analysis (GSEA), the GSEA
software was obtained from the GSEA website (http://
software.broadinstitute.org/gsea/index.jsp) to evaluate related
pathways and molecular mechanisms.

3.7 Mutation and drug sensitivity analysis

The mutational profiles of RCC patients between high and low
risk subgroups were identified using the maftools package. To
explore the sensitivity of antineoplastic drugs in RCC patients,
the semi-inhibitory concentration (IC50) values of common drugs
was calculated using the oncoPredict package.
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3.8 Statistical analysis

Statistical tests were performed with R statistical software. To
evaluate the performance of the prognosis model, we used calibration
curves constructed by rms package. The performance of the models
was evaluated by the time-dependent area under the curve (AUC) of
receiver operator characteristic (ROC). The decision curve analysis
(DCA) was performed with the rmda package. For all analyses, P <
0.05 was considered statistically significant.

4 Result
4.1 Basic characteristics

Table S2 showed the clinical characteristics of the entire cohort
(689 participants, median 58.8 years), training cohort (NJMU, 281
participants, median 57 years), validation cohort 1 (NCI, 225
participants, median 61 years) and validation cohort 2 (183
participants, median 58 years). The mean follow-up for patients
in the entire cohort was 41 months; and the 5-year OS rates were
86.9%, which was slightly higher than 71% reported in localized
RCC in the literature, which might well be attributable to loss of
some patients without surgery.

4.2 Overview of radiomics profile in RCC

To understand the radiomics features of RCC, the unsupervised
hierarchical clustering analysis was conducted in the entire cohort.
Based purely on the radiomics data, two distinct subgroups within RCC
patients were identified (Figure 2A). Subgroup 2 was significantly
associated with poor OS (p =0.004, log-rank test; Figure 2B).
Furthermore, in the forest plot of the entire cohort, the significant
Hazard Ratios were found for the subgroup, more specifically, in each
age level (<60 and >=60), each BMI level (<=24 and >24), and
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regardless of TMN Stage, SSIGN level and WHOISUP (Figure 2C). In
aggregate, unsupervised analysis suggested an intrinsic association
between radiomics features and clinical characteristics, warranting
further research.

4.3 Radiomics Signature for OS prediction
with machine learning

To construct the radiomics signature, we extracted the 851
radiomics features of contrast-enhanced CT images. These features
were screened in the random forest model to obtain the robust
predictive factors. Based on the importance scores of features from
the random forest model, the top five percent of the variables, 43
radiomics features were selected (Figure 3A; Table S3). Then, by
LASSO-Cox regression analysis, 11 potential predictors from the 43
candidate variables were selected in the training cohort (Figures 3B, C).
The calculation formula of radiomics signature was shown in the Table
S4. Accordingly, the patients with RCC were divided into low-risk and
high-risk groups. The high-risk group was significantly associated with
poor OS in the three cohorts (p <0.001, log-rank test; Figures 3D-F).

A C

Subgroup

10.3389/fonc.2023.1036734

The prognostic power of the radiomics signature was assessed
using time-dependent ROC analysis in the training cohort and two
validation cohorts (Figures 4A-C). The radiomics model resulted in
AUG:s of 5-year OS prediction, 0.7409, 0.7947 and 0.830, respectively.

4.4 TNM stage, WHOISUP and SSIGN for
OS prediction

The TNM Stage, WHOISUP and SSIGN are relatively common
prognostic predictors. We put the three prognostic factors
separately into the COX regression to establish overall survival
prediction model. The above three prognostic predictors were
negatively correlated to OS (HR for TNM Stage: 2.563, 95% CI:
1.246-5.271; HR for WHOISUP: 5.096, 95% CI: 2.435-10.670; HR
for SSIGN: 1.2, 95% CI: 1.058-1.360).

The TNM Stage, WHOISUP and SSIGN models resulted in
AUCs of 5 years OS prediction, 0.7409,0.7947 and 0.830,
respectively, in the training cohort (Figure 4A) and 0.771,0.707
and 0.773 in validation cohort 2 (Figure 4C).
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4.5 Clinical nomogram and radiomics
nomogram for OS prediction

The results of univariate and multivariable COX regression
analyses in the training cohort were shown in Table S5. The age-
level, location and radio-diameter were significantly associated with
OS, and these factors as independent prognostic factors were used
to develop the clinical nomogram (Table S6). The clinical
nomogram could distinguish high-risk from low-risk patients in
the training cohort (p =0.0015, log-rank test) and the validation
cohorts (Figures 5A, C; S2D, S2I).

The radiomics nomogram was built with Radiomics signature,
TNM Stage, WHOISUP, SSIGN and Clinical score by the
multivariate Cox regression analysis (Figure 5B, Table S7). The
radiomics nomogram could distinguish high-risk from low-risk
patients in the training cohort (p<0.0001, log-rank test, Figure 5D)
and the validation cohortl (p<0.001, Figure S2H). The clinical
nomogram and radiomics nomogram resulted in AUCs of 5 years
OS prediction, 0.676 and 0.841 in the training cohort, respectively,
and 0.567 and 0.917 in validation cohort 2 (Figures 4A, C).

4.6 Prediction performance of the models

The prediction performances of the six models (clinical
nomogram, radiomics nomogram, TNM Stage model, WHOISUP
model, SSIGN model and radiomics signature) were presented
in Table 1.
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Compared with the existing prognostic models, the AUC of 5 years
OS prediction of the radiomics nomogram was superior to the TNM,
WHOISUP and SSIGN model in the training cohort (0.841 vs 0.734,
0.707, 0.644) and validation cohort 2 (0.917 vs 0.707, 0.773, 0.771).
Radiomics provided incremental value to traditional models and
improved the power to predict prognosis. The risk plot of radiomics
nomogram suggested as risk score increased, overall survival time
decreased and mortality rose (Figures 4G, H). Moreover, the heatmap
of selected prognostic predictors was shown in Figure 41.

The calibration curves of the radiomics nomogram for the
probability of 5 years OS were presented in Figure 6F. The
estimations with the radiomics nomogram were consistent with
actual observations in the training, and 2 validation cohorts. And,
the corresponding calibration curves of other models at 5 years were
shown in Figures 6; S3.

To evaluate clinical applicability of these prognostic models,
Clinical impact curve (CIC) analysis was conducted in Figures 6G-L
and Figure S3. CIC visually indicated that the radiomics nomogram
had a greater overall net benefit across a range of threshold
probabilities, suggesting that the radiomics nomogram possessed
significant prognostic value.

In the DCA analysis for the 6 prognostic models, the radiomics
signature and radiomics nomogram showed superior overall net
benefit over the existing prognostic models in predicting OS in the
training and validation cohorts (Figures 4D-F). If the threshold
probability of the traditional existing models was greater than 10%
for predicting OS, radiomics nomogram had more benefit than either
the SSISN, TNM Stage WHOISUP, or radiomics signature alone.
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4.7 Biological interpretation and drug
sensitivity of the radiomics signature

To explore the radiomics-related biological characteristics of
renal cell carcinoma, based on their radiomics signatures, we
divided the NCI validation cohortl into high- and low-risk
groups. We compared the transcriptome data of the two groups
to find out the DEGs (Figures 7A, C; S4A, S4C). Then, we evaluated
enrichments of KEGG pathways (Figures 7D and S4B); We found
that HIF-1 signaling pathways and TNF signaling pathways were
significantly enriched in the DEGs. Similarly, we identified that in
gene set enrichment analysis (GSEA), for RCC patient samples in
high-risk group, three signaling pathways were significantly
enriched: P53-Signaling Pathway, G2 Phase and Composition of
Lipid Particles (Figures 7E-G).

Additionally, the distribution differences of the somatic mutations
were investigated between high-risk and low-risk groups in the TCGA-
RCC dataset. As shown in Figure 7B, the VHL mutation incidence of
were higher than 20% in RCC patients in two groups. Interestingly,
compared with RCC in low-risk group, these tumor-related genes were
more likely to be mutated in the high-risk group.

Further, to determine the power of radiomics signature to
predict drug therapeutic response among RCC patients, the IC50
values of 198 drugs were evaluated in TCGA-RCC patients. We
found that RCC patients in low-risk group might positively respond
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to Axitinib, Cisplatin, Gemcitabine, PD173074 and Sorafenib
(Figure 7H). In summary, these findings suggested that radiomics
signature was correlated with drug sensitivity.

4.8 Sensitivity analysis for the consistency
of radiomics features

To evaluate the consistency and robustness of the extracted
radiomics features, we further reanalyzed the CT images of our study
using 3D Slicer by two urologists. The repeated radiomic features
showed a high consistency (Pearson r, median (IQR): 0.71 (0.43-
0.85)). 532 of 851 features (62.5%) had Pearson r > 0.6 (Figure S5A).
Additionally, we estimated the mean difference between 11 duplicate
radiomics features, and compared Bland-Altman plots of agreement
between two observers (Bland and Altman, 1986) (Figures S5B-L;
Table S8). There was high measurement agreement between two
observers using the Bland-Altman test.

5 Discussion

In this study, we evaluated the predictive performance of the
existing prognostic models for OS in RCC patients, and established
a radiomics signature by machine learning algorithms and a
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Development of the Clinical Nomogram and Radiomics Nomogram. (A) Nomogram for predicting the ratio of RCC patients with a certain survival
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certain survival time incorporating Clinical score, SSIGN, TNM Stage, WHOISUP and radiomics signature in the training cohort. (C, D) Kaplan—Meier
analysis of overall survival curves of High- and Low- Clinical or Radiomics nomogram in training group.

radiomics nomogram by multivariate COX regression. We
demonstrated that the addition of the radiomics signature
significantly improved the predictive power of traditional
prognostic models, the model’s ability to significantly classify
patients into low- and high-risk groups, and its stability across
both training and validation cohorts. Finally, our preliminary
studies about genomics revealed a correlation between radiomics

signature and the enrichment of certain pathways in tumors, as well
as drug sensitivity.

The Tumor, Node and Metastasis (TNM) staging system is a
method for stratifying cancer patients based on data from a large
multicenter study involving a large number of patients and has a
good level of evidence (15). TNM staging is also the most
commonly used prognostic system for renal cell carcinoma.

TABLE 1 Performance of six prognostic models in training and validation cohorts.

Training Cohort

Validation Cohort1 Validation Cohort2

Threshold
AUC at 5 years C index AUC at 5 years C index AUC at 5 years
Radiomics Signature 0.741 0.614(0.498,0.73) 0.795 0.707(0.625,0.789) = 0.837 | 0.828(0.748,0.908) 0.275
Clinical Nomogram 0.676 0.709(0.627,0.791) 0.729 0.691(0.622,0.76) 0.567 | 0.719(0.617,0.821) -0.193
WHOISUP Model 0.734 0.73(0.63,0.83) - - 0.707 | 0.791(0.681,0.901) 1.87
SSIGN Model 0.707 0.675(0.575,0.775) - - 0.773 0.74(0.617,0.863) -0.183
TNM Stage Model 0.644 0.62(0.52,0.72) 0.707 0.741(0.665,0.817)  0.771 0.761(0.632,0.89) 0.9
Radiomics Nomogram 0.841 0.834(0.779,0.889) - - 0917 | 0.923(0.878,0.968) 0.78
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However, patients with the same TNM stage often could have
various genetic and clinicopathological features and inconsistent
survival rates. WHOISUP is also an important standard for the
commonly used microscopic classification of renal cell carcinoma
(27). According to the World Health Organization/International
Society of Urological Pathology (WHO/ISUP) 4th edition grading
system, RCC is classified into grades I to IV. Among RCC patients
after surgery, including those with Partial nephrectomy (PN) and
Radical nephrectomy (RN), the SSIGN score is a valuable
prognostic tool (14). The existing prognostic models are widely
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recognized and used for post-operative management and clinical
trial design. For patients with good or moderate prognosis,
especially for patients with limited tumor burden and few
symptoms, regular follow-up observation is generally
recommended after surgery (28). Follow-up schedule for localized
renal cell carcinoma after surgery should depend on the possibility
of recurrence. CT scans of the chest and abdomen are routinely
performed at intervals depending on the prognostic risk rating. For
patients with poor prognosis, pembrolizumab combined with
axitinib, lenvatinib and other drugs can be considered after
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The relationship between radiomics and genomics in TCGA. (A) A volcano plot generated using the data of DEGs between high-risk and low-risk
groups from TCGA. (B) The waterfall plot of somatic genetic alteration features established with high- and low- radiomics score. (C) Hierarchical
clustering of 30 DEGs of RCC. (D) KEGG pathways analysis of DEGs associated with radiomics signature. (E-G) Gene Set Enrichment Analyses showed
three representative pathways enriched in the high-radiomics score group. (H) Relationships between radiomics signature and drug sensitivity.

surgery (29, 30). Therefore, accurate prediction of patient prognosis
and risk stratification of RCC patients is an urgent problem.

It has been reported that frailty put patients undergoing surgery
at a higher risk for developing poor healthcare outcomes (31). Besides
tumor characteristics, patient characteristics, such as frailty, seemed
to be the main aspects determining the postoperative outcome (32).
However, the mean frailty score based on 11-CSHA score for patients
was 0.18 + 0.08 and 0.12 + 0.06, respectively, in the training cohort
and in validation cohort 2. There were only 16 patients (frailty score>
0.27) in the validation cohort2. This could be because frailty has been
an important factor for the therapeutic strategy patients and
clinicians choose as treatment for RCCs.

Although the above models took into account clinicopathological
variables, tumor heterogeneity, which was thought to be associated
with poorer patient outcomes, was not taken into account. It has been
reported that the predictive power of these existing prognostic models
might be significantly overestimated (33, 34). Although, tumor
heterogeneity reduced the value of histopathology based on cell
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morphology and gene expression, it provided an opportunity for
medical imaging to characterize whole tumors in a non-invasive and
reproducible manner. In traditional radiology practice, images were
typically evaluated visually or qualitatively, with the exception of a
few measurements such as dimensions and volumes. This approach
not only involved intra- and interobserver variability, but also left a
large amount of deep hidden data in medical images that were not
used, which limited the potential of precision medicine. In contrast,
radiomics provides important complementary data on imaging
phenotypes that may be informative (35).

Combining radiomic features, traditional staging systems, and
other clinicopathological risk factors can improve the predictive
power of tumor prognosis (36). In this study, a radiomics
nomogram, combining radiomics signature with Clinical score,
TNM stage, WHOISUP, and SSIGN prognostic factors, was
established. The nomogram outperformed models using either
radiomics or prognostic model alone (C index: 0.834 vs 0.62, 0.675,
0.73, 0.709). The radiomics nomogram combined multiple
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prognostic factors to accurately predict OS and stratify high and low-
risk groups in RCC patients. This result was not surprising, as
radiomics reflected higher-order imaging features that captured
more tumor heterogeneity than macroscopic-level histopathological
and clinical information. In this study, we included more patients
with combined clinical characteristics and radiomics features to
predict individualized survival with superior performance. Our
discovery would take a critical step in which predictive models
based on radiomics features could benefit physicians, patients and
caregivers in managing RCC and facilitating personalized treatment.

Meanwhile, some studies have demonstrated different results
due to the instability and low reproducibility of the radiomics
model. A meta-analysis has indicated that image biomarkers
based on the adjacent grey tone difference matrix and the size
zone matrix should not be used in multi-center study, because these
radiomics features were extremely sensitive to variations (37).
Furthermore, CT images obtained from different hospitals may
vary widely, thus leading to potential bias in multicenter studies.
Multicenter normalization of medical images is the key to improve
the predictive performance of radiomics-based applications. The
robustness of reliability and repeatability is a major issue for clinical
implementation of diagnosis and treatment prediction. In this
study, the performance on both the training cohort and two
independent validation cohorts was good (C index: 0.834 and
0.923), indicating that our prediction model was stable.
Compared with previous studies that lacked interpretation of
prognostic features, we comprehensively described biological and
clinical characteristics associated with radiomics features that would
help guide future clinical decision-making processes in a reliable
and reproducible manner. Among the 11 selected radiomics
features, GLCM, GLSZM and NGTDM measured the ROI array
heterogeneity, with greater values of these features representing
greater heterogeneity or a larger range of radiomics signature.

Additionally, in several previous studies, the prognostic models
based on genomic and transcriptomic information of tumor tissues,
such as gene expression, DNA methylation, CNAs, and non-coding
RNAs were developed. It has been reported that a nomogram which
was combined with six genes was able to accurately distinguish
patients with higher risk of cancer-specific death (38). Meanwhile,
Patrick et al. has established 13-gene signature whose expression
levels could predict distinct outcomes of patients with RCC (39).
But these molecular prediction models were difficult to translate
into routine clinical applications because of the timeliness of tumor
specimens and the large intratumor heterogeneity, resulting in
insufficient prognostic power and high detection costs. The
radiomics signature we proposed was simple and based solely on
information from routine preoperative CECT scans at the time of
patient onset. By observing the entire tumor area and extracting
high-dimensional features such as wavelets and features, radiomics
avoided tumor tissue features limited to a single site, and could
mine more prognostic information than genomics. Therefore, it
might serve as a surrogate biomarker for prognostic stratification of
RCC patients.

And even more interesting, according to the radiomics
hypothesis, intra-tumoral imaging heterogeneity might be an
expression of underlying genetic heterogeneity that might lead to
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treatment resistance and thus suggested poorer prognosis. Based on
DEGs between low-high radiomics score groups, some pathways in
cancer, such as HIF-1 signaling pathways and TNF signaling
pathways, were significantly enriched. The VHL regulated the
drug sensitivity of renal cell carcinoma via HIF-1 pathway (40).
The RNF26/CBX7 axis modulated the TNF pathway to promote
Renal cell carcinoma proliferation (41). The RCC patients in low
radiomics score group appeared to respond better to Axitinib,
Cisplatin, Gemcitabine, PD173074 and Sorafenib, which have
been approved for treatment of advanced renal cell carcinoma,
than patients in high radiomics score group. Image data is a high-
throughput macroscopic data. Based on macroscopic imaging data,
we have found connections to the microscopic world, which may be
a powerful tool for tumor prognosis and treatment prediction in
the future.

Nevertheless, there were several limitations to the present study.
First, in a retrospective study, bias was inevitable. Due to the
retrospective nature of the study, the heterogeneity of abdominal
enhanced CT versions and lack of algorithmic standardization
existed across and within centers. Second, we did not assess the
proportion of the patients died because of competing risks instead
of progressive RCC. Third, the TCGA data alone could not prove
that there was a difference between high- and low-radiomics score
groups in tumor microenvironment and drug sensitivity. Fourth,
RCC patients who did not undergo surgery for various reasons were
not included in the study cohort. The absence of this group of
patients might have caused selection bias in the study. Another
limitation was the lack of information on the WHOISUP and
SSIGN in validation cohort 1(NCI). Thus, to further validate
these findings, a prospective multi-center study is needed.

In conclusion, we developed multiple prognostic models for
RCC and evaluated their predictive performance, based on clinical
characteristics and radiomics features from CECT. Radiomics
signature provided statistically significant incremental value to the
existing prognosis models in predicting OS and have broad
clinical applications.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement
This study was approved by the Ethics Committee of the First
Aftiliated Hospital of Nanjing Medical University. The requirement for

written informed consent was waived in view of the retrospective
nature of the study (ethics approval number, 2021-SR-430).

Author contributions

JJX, YYL and ZYW designed the research. JJX, YYL and SPS
performed the data analysis and drafted the manuscript. ZYW and

frontiersin.org


https://doi.org/10.3389/fonc.2023.1036734
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Xing et al.

AMX collected clinical data. JJX, ZJW and SEFS critically revised the
manuscript. All authors contributed to the article and approved the
submitted version.

Funding

This study was supported by by National Natural Science
Foundation of China (No. 81771640 to ZJW, NO.82103946 to SS)
and Natural Science Foundation of the Jiangsu Higher Education
Institutions of China (NO.21KJB330004 to SS).

Acknowledgments

We are grateful to all of the patients and cooperators for
participating in this retrospective study, especially for the data
from TCGA, CPTAC and KITS.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or

References

1. Siegel R, Naishadham D, Jemal A. Cancer statistics, 2012. CA Cancer ] Clin (2012)
62:10-29. doi: 10.3322/caac.20138

2. Espana-Agusti ], Warren A, Chew SK, Adams DJ, Matakidou A. Loss of PBRM1
rescues VHL dependent replication stress to promote renal carcinogenesis. Nat
Commun (2017) 8:2026. doi: 10.1038/s41467-017-02245-1

3. Ricketts CJ, Linehan WM. Multi-regional sequencing elucidates the evolution of
clear cell renal cell carcinoma. Cell (2018) 173:540-2. doi: 10.1016/j.cell.2018.03.077

4. Andrade HS, Zargar H, Caputo PA, Akca O, Kara O, Ramirez D, et al. Five-year
oncologic outcomes after transperitoneal robotic partial nephrectomy for renal cell
carcinoma. Eur Urol (2016) 69:1149-54. doi: 10.1016/j.eururo.2015.12.004

5. Lam JS, Klatte T, Kim HL, Patard J-J, Breda A, Zisman A, et al. Prognostic factors
and selection for clinical studies of patients with kidney cancer. Crit Rev Oncol Hematol
(2008) 65:235-62. doi: 10.1016/j.critrevonc.2007.08.003

6. Gordon MS, Hussey M, Nagle RB, Lara PNJr., Mack PC, Dutcher J, et al. Phase II
study of erlotinib in patients with locally advanced or metastatic papillary histology
renal cell cancer: SWOG S0317. ] Clin Oncol (2009) 27:5788-93. doi: 10.1200/
JCO.2008.18.8821

7. Gulati S, Martinez P, Joshi T, Birkbak NJ, Santos CR, Rowan A]J, et al. Systematic
evaluation of the prognostic impact and intratumour heterogeneity of clear cell renal
cell carcinoma biomarkers. Eur Urol (2014) 66:936-48. doi: 10.1016/
j.eururo.2014.06.053

8. Escudier B, Porta C, Schmidinger M, Algaba F, Patard JJ, Khoo V, et al. Renal cell
carcinoma: ESMO clinical practice guidelines for diagnosis, treatment and follow-up.
Ann Oncol (2014) 125 Suppl 3:1ii49-56. doi: 10.1093/annonc/mdu259

Frontiers in Oncology

12

10.3389/fonc.2023.1036734

claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1036734/
full#supplementary-material

SUPPLEMENTARY FIGURE 1
Flow chart of the study population enrolment with inclusion and
exclusion criteria.

SUPPLEMENTARY FIGURE 2
Kaplan—Meier curves for overall survival in the training and validation cohorts

SUPPLEMENTARY FIGURE 3

Comparative evaluation of various models in the validation cohorts. (A-J)
Calibration plots describing the calibration of six models based on the
consistency between predicted and observed 5-year OS results. (K-S)
Clinical Impact Curve (CIC) of six models in the validation cohort. The red
curve (Number high Risk) represents the number of people classified as
positive (high risk) by the model at each threshold probability; The blue
curve (Number high risk with outcome) is the Number of true positives at
each threshold probability.

SUPPLEMENTARY FIGURE 4

The relationship between radiomics and genomics in CPTAC. (A) Hierarchical
clustering of 30 DEGs of RCC. (B) KEGG pathways analysis of DEGs associated
with radiomics signature. (C) A volcano plot generated using the data of
differentially expressed genes (DEGs) between high-risk and low-risk groups
from CPTAC

SUPPLEMENTARY FIGURE 5

Sensitivity analysis for the consistency of radiomics features. (A) Histogram of
Pearson r values calculated from the radiomic features between the initial
dataset and repeated dataset. (B-L) Bland-Altman plots were used to test the
potential agreement between two observers. Mean difference (dashed line) is
close to zero, showing no bias; solid black lines delimit limits of agreement
(95% ClI).

9. Palumbo C, Perri D, Zacchero M, Bondonno G, Martino JD, D’Agate D, et al.
Risk of recurrence after nephrectomy: comparison of predictive ability of validated risk
models. Urol Oncol (2022) 40:167.e1-7. doi: 10.1016/j.urolonc.2021.11.025

10. Escudier B, Porta C, Schmidinger M, Rioux-Leclercq N, Bex A, Khoo V, et al.
Renal cell carcinoma: ESMO clinical practice guidelines for diagnosis, treatment and
follow-upt. Ann Oncol: Off ] Eur Soc Med Oncol (2019) 30:706-20. doi: 10.1093/
annonc/mdz056

11. Choueiri TK, Motzer RJ. Systemic therapy for metastatic renal-cell carcinoma. N
Engl ] Med (2017) 376:354-66. doi: 10.1056/NEJMral601333

12. Lotan Y, Margulis V. Predicting recurrence in patients with localised renal cell
carcinoma after nephrectomy. Lancet Oncol (2019) 20:473-5. doi: 10.1016/S1470-2045
(19)30024-5

13. Park SY, Lee HE, Li H, Shipitsin M, Gelman R, Polyak K. Heterogeneity for stem
cell-related markers according to tumor subtype and histologic stage in breast cancer.
Clin Cancer Res (2010) 16:876-87. doi: 10.1158/1078-0432.CCR-09-1532

14. Parker WP, Cheville JC, Frank I, Zaid HB, Lohse CM, Boorjian SA, et al.
Application of the stage, size, grade, and necrosis (SSIGN) score for clear cell renal cell
carcinoma in contemporary patients. Eur Urol (2017) 71:665-73. doi: 10.1016/
j.eururo.2016.05.034

15. Ficarra V, Galfano A, Mancini M, Martignoni G, Artibani W. TNM staging
system for renal-cell carcinoma: current status and future perspectives. Lancet Oncol
(2007) 8:554-8. doi: 10.1016/S1470-2045(07)70173-0

16. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RGPM,
Granton P, et al. Radiomics: extracting more information from medical images using

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2023.1036734/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2023.1036734/full#supplementary-material
https://doi.org/10.3322/caac.20138
https://doi.org/10.1038/s41467-017-02245-1
https://doi.org/10.1016/j.cell.2018.03.077
https://doi.org/10.1016/j.eururo.2015.12.004
https://doi.org/10.1016/j.critrevonc.2007.08.003
https://doi.org/10.1200/JCO.2008.18.8821
https://doi.org/10.1200/JCO.2008.18.8821
https://doi.org/10.1016/j.eururo.2014.06.053
https://doi.org/10.1016/j.eururo.2014.06.053
https://doi.org/10.1093/annonc/mdu259
https://doi.org/10.1016/j.urolonc.2021.11.025
https://doi.org/10.1093/annonc/mdz056
https://doi.org/10.1093/annonc/mdz056
https://doi.org/10.1056/NEJMra1601333
https://doi.org/10.1016/S1470-2045(19)30024-5
https://doi.org/10.1016/S1470-2045(19)30024-5
https://doi.org/10.1158/1078-0432.CCR-09-1532
https://doi.org/10.1016/j.eururo.2016.05.034
https://doi.org/10.1016/j.eururo.2016.05.034
https://doi.org/10.1016/S1470-2045(07)70173-0
https://doi.org/10.3389/fonc.2023.1036734
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Xing et al.

advanced feature analysis. Eur J Cancer (2012) 48:441-6. doi: 10.1016/
j.ejca.2011.11.036

17. Gillies RJ, Kinahan PE, Hricak H. Radiomics: images are more than pictures,
they are data. Radiology (2016) 278:563-77. doi: 10.1148/radiol.2015151169

18. YuY, Tan Y, Xie C, Hu Q, Ouyang J, Chen Y, et al. Development and validation of a
preoperative magnetic resonance imaging radiomics-based signature to predict axillary
lymph node metastasis and disease-free survival in patients with early-stage breast cancer.
JAMA Netw Open (2020) 3:2028086. doi: 10.1001/jamanetworkopen.2020.28086

19. Xu X, Zhang HL, Liu QP, Sun SW, Zhang J, Zhu FP, et al. Radiomic analysis of
contrast-enhanced CT predicts microvascular invasion and outcome in hepatocellular
carcinoma. ] Hepatol (2019) 70:1133-44. doi: 10.1016/j.jhep.2019.02.023

20. Gao R, Qin H, Lin P, Ma C, Li C, Wen R, et al. Development and validation of a
radiomic nomogram for predicting the prognosis of kidney renal clear cell carcinoma.
Front Oncol (2021) 11:613668. doi: 10.3389/fonc.2021.613668

21. Nazari M, Shiri I, Zaidi H. Radiomics-based machine learning model to predict
risk of death within 5-years in clear cell renal cell carcinoma patients. Comput In Biol
Med (2021) 129:104135. doi: 10.1016/j.compbiomed.2020.104135

22. Cornelis F, Tricaud E, Lasserre AS, Petitpierre F, Bernhard JC, Le Bras Y, et al.
Multiparametric magnetic resonance imaging for the differentiation of low and high
grade clear cell renal carcinoma. Eur Radiol (2015) 25:24-31. doi: 10.1007/s00330-014-
3380-x

23. Posada Calderon L, Eismann L, Reese SW, Reznik E, Hakimi AA. Advances in
imaging-based biomarkers in renal cell carcinoma: a critical analysis of the current
literature. Cancers (Basel) (2023) 15. doi: 10.3390/cancers15020354

24. XiIL, Zhao Y, Wang R, Chang M, Purkayastha S, Chang K, et al. Deep learning
to distinguish benign from malignant renal lesions based on routine MR imaging. Clin
Cancer Res (2020) 26:1944-52. doi: 10.1158/1078-0432.CCR-19-0374

25. Leibovich BC, Blute ML, Cheville JC, Lohse CM, Frank I, Kwon ED, et al.
Prediction of progression after radical nephrectomy for patients with clear cell renal cell
carcinoma: a stratification tool for prospective clinical trials. Cancer (2003) 97:1663-71.
doi: 10.1002/cncr.11234

26. Tsiouris A, Hammoud ZT, Velanovich V, Hodari A, Borgi J, Rubinfeld I. A
modified frailty index to assess morbidity and mortality after lobectomy. J Surg Res
(2013) 183:40-6. doi: 10.1016/j.jss.2012.11.059

27. Delahunt B, Cheville JC, Martignoni G, Humphrey PA, Magi-Galluzzi C,
McKenney J, et al. The international society of urological pathology (ISUP) grading
system for renal cell carcinoma and other prognostic parameters. Am ] Surg Pathol
(2013) 37:1490-504. doi: 10.1097/PAS.0b013e318299f0fb

28. Chen DY, Uzzo RG. Optimal management of localized renal cell carcinoma:
surgery, ablation, or active surveillance. ] Natl Compr Canc Netw (2009) 7:635-42. doi:
10.6004/jnccn.2009.0044

29. Bedke J, Rini BI, Plimack ER, Stus V, Gafanov R, Waddell T, et al. Health-related
quality of life analysis from KEYNOTE-426: pembrolizumab plus axitinib versus

Frontiers in Oncology

13

10.3389/fonc.2023.1036734

sunitinib for advanced renal cell carcinoma. Eur Urol (2022) 82:427-39. doi:
10.1016/j.eururo.2022.06.009

30. Motzer R, Porta C, Alekseev B, Rha SY, Choueiri TK, Mendez-Vidal MJ, et al.
Health-related quality-of-life outcomes in patients with advanced renal cell carcinoma
treated with lenvatinib plus pembrolizumab or everolimus versus sunitinib (CLEAR): a
randomised, phase 3 study. Lancet Oncol (2022) 23:768-80. doi: 10.1016/S1470-2045
(22)00212-1

31. Walach MT, Wunderle MF, Haertel N, Miihlbauer JK, Kowalewski KF, Wagener
N, et al. Frailty predicts outcome of partial nephrectomy and guides treatment decision
towards active surveillance and tumor ablation. World J Urol (2021) 39:2843-51.

32. Campi R, Berni A, Amparore D, Bertolo R, Capitanio U, Carbonara U, et al.
Impact of frailty on perioperative and oncologic outcomes in patients undergoing
surgery or ablation for renal cancer: a systematic review. Minerva Urol Nephrol (2022)
74:146-60.

33. Stewart GD, O'Mahony FC, Powles T, Riddick AC, Harrison DJ, Faratian D.
What can molecular pathology contribute to the management of renal cell carcinoma?
Nat Rev Urol (2011) 8:255-65.

34. Karakiewicz PI, Trinh Q-D, Bhojani N, Bensalah K, Salomon L, de la Taille A,
et al. Renal cell carcinoma with nodal metastases in the absence of distant metastatic
disease: prognostic indicators of disease-specific survival. Eur Urol (2007) 51:1616-24.

35. Aerts HJWL, Velazquez ER, Leijenaar RTH, Parmar C, Grossmann P, Carvalho
S, et al. Decoding tumour phenotype by noninvasive imaging using a quantitative
radiomics approach. Nat Commun (2014) 5:4006.

36. Coroller TP, Agrawal V, Huynh E, Narayan V, Lee SW, Mak RH, et al.
Radiomic-based pathological response prediction from primary tumors and lymph
nodes in NSCLC. J Thorac Oncol (2017) 12:467-76. doi: 10.1016/j.jtho.2016.11.2226

37. Zwanenburg A. Radiomics in nuclear medicine: robustness, reproducibility,
standardization, and how to avoid data analysis traps and replication crisis. Eur ] Nucl
Med Mol Imaging (2019) 46:2638-55. doi: 10.1007/s00259-019-04391-8

38. Roldan FL, Izquierdo L, Ingelmo-Torres M, Lozano JJ, Carrasco R, Cufado A,
et al. Prognostic gene expression-based signature in clear-cell renal cell carcinoma.
Cancers (2022) 14.

39. Terrematte P, Andrade DS, Justino J, Stransky B, de Aratjo DSA, Déria Neto
AD. A novel machine learning 13-gene signature: improving risk analysis and survival
prediction for clear cell renal cell carcinoma patients. Cancers (2022) 14. doi: 10.3390/
cancers14092111

40. Courtney KD, Infante JR, Lam ET, Figlin RA, Rini BI, Brugarolas J, et al. Phase I
dose-escalation trial of PT2385, a first-in-Class hypoxia-inducible factor-2a antagonist
in patients with previously treated advanced clear cell renal cell carcinoma. J Clin Oncol
(2018) 36:867-74. doi: 10.1200/JCO.2017.74.2627

41. Liu W, Wang H, Jian C, Li W, Ye K, Ren J, et al. The RNF26/CBX7 axis
modulates the TNF pathway to promote cell proliferation and regulate sensitivity to
TKIs in ccRCC. Int ] Biol Sci (2022) 18:2132-45. doi: 10.7150/ijbs.69325

frontiersin.org


https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1001/jamanetworkopen.2020.28086
https://doi.org/10.1016/j.jhep.2019.02.023
https://doi.org/10.3389/fonc.2021.613668
https://doi.org/10.1016/j.compbiomed.2020.104135
https://doi.org/10.1007/s00330-014-3380-x
https://doi.org/10.1007/s00330-014-3380-x
https://doi.org/10.3390/cancers15020354
https://doi.org/10.1158/1078-0432.CCR-19-0374
https://doi.org/10.1002/cncr.11234
https://doi.org/10.1016/j.jss.2012.11.059
https://doi.org/10.1097/PAS.0b013e318299f0fb
https://doi.org/10.6004/jnccn.2009.0044
https://doi.org/10.1016/j.eururo.2022.06.009
https://doi.org/10.1016/S1470-2045(22)00212-1
https://doi.org/10.1016/S1470-2045(22)00212-1
https://doi.org/10.1016/j.jtho.2016.11.2226
https://doi.org/10.1007/s00259-019-04391-8
https://doi.org/10.3390/cancers14092111
https://doi.org/10.3390/cancers14092111
https://doi.org/10.1200/JCO.2017.74.2627
https://doi.org/10.7150/ijbs.69325
https://doi.org/10.3389/fonc.2023.1036734
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Incremental value of radiomics with machine learning to the existing prognostic models for predicting outcome in renal cell carcinoma
	1 Introduction
	2 Related work
	3 Materials and methods
	3.1 Study design and patients
	3.2 Radiomics feature extraction
	3.3 Unsupervised clustering and subgroup discovery
	3.4 Development of the radiomics signature
	3.5 Development of the radiomics nomogram
	3.6 Identification of DEGs and functional enrichment analysis
	3.7 Mutation and drug sensitivity analysis
	3.8 Statistical analysis

	4 Result
	4.1 Basic characteristics
	4.2 Overview of radiomics profile in RCC
	4.3 Radiomics Signature for OS prediction with machine learning
	4.4 TNM stage, WHOISUP and SSIGN for OS prediction
	4.5 Clinical nomogram and radiomics nomogram for OS prediction
	4.6 Prediction performance of the models
	4.7 Biological interpretation and drug sensitivity of the radiomics signature
	4.8 Sensitivity analysis for the consistency of radiomics features

	5 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


