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Survival analysis of clear cell renal cell carcinoma 
based on radiomics and deep learning features 
from CT images
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Liyu Huang, PhDb, Yu Yan, PhDa,*

Abstract 
Purpose: To create a nomogram for accurate prognosis of patients with clear cell renal cell carcinoma (ccRCC) based on 
computed tomography images.

Methods: Eight hundred twenty-two ccRCC patients with contrast-enhanced computed tomography images involved in this 
study were collected. A rectangular region of interest surrounding the tumor was used to extract quantitative radiomics and deep-
learning features, which were filtered by Cox proportional hazard regression model and least absolute shrinkage and selection 
operator. Then the selected features formed a fusion signature, which was assessed by Cox proportional hazard regression model 
method, Kaplan–Meier analysis, receiver operating characteristic curves, and concordance index (C-index) in different clinical 
subgroups. Finally, a nomogram constructed with this signature and clinicopathologic risk factors was assessed by C-index and 
survival calibration curves.

Results: The fusion signature performed better than the radiomics signature. Then we combined this signature and 2 
clinicopathologic risk factors. This nomogram showed an increase of about 20% in C-index values when compared to clinical 
nomogram in both datasets. Its prediction probability was also in good agreement with the actual ratio.

Conclusion: The proposed fusion nomogram provided a noninvasive and easy-to-use model for survival prognosis of ccRCC 
patients in future clinical use, without the requirement to perform a detailed segmentation for radiologists.

Abbreviations: ccRCC = clear cell renal cell carcinoma, C-index = concordance index, Cox = Cox proportional hazard 
regression model, CT = computed tomography, HR = hazard ratio, LASSO = least absolute shrinkage and selection operator, ROI =  
region of interest.
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1. Introduction
Clear cell renal cell carcinoma (ccRCC), constitutes about 70% 
of primary renal neoplasms.[1,2] Patients diagnosed with ccRCC 
tend to have a poorer prognosis than chromophobe RCCs and 
papillary RCCs.[3,4] In addition, many postoperative patients have 
a recurrence of ccRCC and the prognosis for progression-free sur-
vival is poor.[5] Therefore, accurate prediction of survival proba-
bility for patients with ccRCC is very helpful for its treatment.

Recently, radiomics features extracted from computed tomog-
raphy (CT) images provided valuable information to solve 

various ccRCC-related clinical problems, such as preoperative 
prediction of nuclear grades,[6] Grading of WHO/ISUP score,[7] 
determination of PBRM1 mutation status,[8] differentiation 
of the histopathological grades,[9] and evaluation of Fuhrman 
grade.[10] However, most of these image studies required radiol-
ogists to manually delineate the exact tumor region, which 
brought heavy workloads for radiologists. Moreover, deep- 
leaning algorithms could capture high-dimensional characteris-
tics covered in the medical images, which avoid the requirement 
of detailed tumor segmentation and have proved their useful-
ness in end-to-end kidney cancer diagnosis,[11] ccRCC nuclear 
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grade prediction,[12] ccRCC identification from oncocytoma,[13] 
and renal cancer subtyping.[14] Considering the advantages of 
above 2 methods, we combined them in this study to build a 
fusion signature for survival prognosis. This is an attempt to 
achieve a relatively high prediction result and also to reduce the 
radiologists’ workloads in tumor segmentation simultaneously.

To complete the above objective, multiple steps were designed 
for a survival nomogram based on the CT images, including the 
segmentations of region of interest (ROI). The ROI involved in 
this study is a rough rectangular region surrounding the tumor 
delineated by experienced radiologists. It reduces the workloads 
of radiologists, and reaches a good performance by combining 
traditional low-dimensional radiomics features and complex 
deep-learning features.

2. Materials and methods

2.1. Patient samples

In this study, 670 ccRCC patients were enrolled from the 
Affiliated Hospital of Xuzhou Medical University between 
October 2012 and March 2021. They were randomly divided 
into a training dataset and an internal test dataset in the ratio of 
3:1. The 152 patients (Clear Cell Renal Cell Carcinoma of the 
Cancer Genome Atlas) used for external independent valida-
tion involved in this study were all obtained from the Cancer 
Imaging Archive (https://www.cancerimagingarchive.net/). 
This retrospective study was approved by the institutional 
ethical committee. Patients involved in this study met the fol-
lowing criteria: (i) histologically confirmed clear cell RCC, (ii) 
complete records of patients’ survival data, and (iii) available 

contrast-enhanced CT images scanned in the nephrographic 
phase. We used images in the nephrographic phase to extract 
features for survival analysis of ccRCC, since the nephrographic 
phase is the best phase to detect subtle parenchymal lesions,[15] 
and there are enough images in this phase. The overall flowchart 
of this study is shown in Figure 1.

2.2. Clinical data analysis

We performed 2 kinds of statistical analyses on these clinical 
data. First, we applied ANOVA method to evaluate the differ-
ences in the clinical variables between training and test cohorts 
to confirm the randomness of their division. Second, we used 
Cox regression model to analyze the effects of all possible clini-
cal factors on survival. This analysis takes the survival outcomes 
and survival time as dependent variables to find the clinicopath-
ologic risk factors that have a significant impact on the survival 
of ccRCC patients. Two-sided P-values of <.05 were considered 
to indicate significant differences. The processes were imple-
mented in IBM SPSS software (https://www.ibm.com/analytics/
spss-statistics-software).

2.3. Tumor segmentation

The ROI for this study is a rectangular region surrounding the 
exact tumor which was then resized to a size of 227 × 227 (pix-
els × pixels). This rectangular ROI contained the tumor and part 
of parenchyma region around the tumor, which can be easily 
drawn by radiologists. On the contrary, a precise tumor region 
was also used in the following analysis for comparison, which 

Figure 1.  The flowchart of this study. It includes image segmentation, extraction and selection of radiomics and deep-learning features, signature construction, 
nomogram development, and evaluation of the signatures and nomogram.
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was delineated manually by 2 experienced radiologists sep-
arately in the format of DICOM using the 3D-slicer (https://
www.slicer.org) open-source software.[16]

2.4. Traditional radiomics features extraction and selection

After tumor segmentation, 849-dimensional radiomics features 
were extracted from the labeled pixels inside the rectangular ROI 
and the exact tumor region by “pyradiomics” package in Python 
(https://pyradiomics.readthedocs.io/, v3.6.0). The detailed fea-
ture extraction process was shown in Supplementary File, 
Supplemental Digital Content, http://links.lww.com/MD/O223. 
They can be divided into 4 categories: (1) first-order statistical 
features describing the gray-scale distribution of pixels,[17] (2) 
shape features quantifying the shape and size of the tumor area, 
(3) textural features estimating the uniformity, heterogeneity, 
coarse degree, etc,[18] and (4) wavelet features calculated on the 
images preprocessed using wavelet filters (Supplementary File.
pdf, Supplemental Digital Content, http://links.lww.com/MD/
O223).

To select the most significantly survival-related radiomics 
features, the 849-dimensional features extracted from the 2 
kinds of ROIs were then processed by Cox proportional haz-
ard regression model (Cox) with the criterion of P < .05 and 
the least absolute shrinkage and selection operator (LASSO) 
sequentially. The detailed feature selection process was shown in 
Supplementary File, Supplemental Digital Content, http://links.
lww.com/MD/O223. The whole analysis process was imple-
mented by in-house R scripts(https://cran.r-project.org).

2.5. Deep-learning features extraction and selection

Due to relatively insufficient medical images, we performed 
transfer learning to analyze these CT images using AlexNet with 
corresponding pretrained weights.[19] The rectangular region 
surrounding the whole tumor was first resized to a square area 
with a size of 227 × 227 (pixels × pixels). Then from the square 
ROI, we extracted 4096 high-dimensional deep-learning fea-
tures (Supplementary File.pdf, Supplemental Digital Content, 
http://links.lww.com/MD/O223). For these deep-learning fea-
tures, we used the same selection procedures as that for the 
radiomics features, to obtain the significantly survival-related 
deep-learning features.

2.6. Signature construction and evaluation

To reduce the number of features for model construction without 
losing any important information, we integrated these features 
into 2 signatures by LASSO method. One is a fusion signature 
covering the radiomics and deep-learning features from the rect-
angular ROI, and another is used for comparison integrating the 
radiomics features from the exact tumor region. They were then 
evaluated by Cox proportional hazards regression model (HR 
[hazard ratio], and P-value), Kaplan–Meier analysis (P-value), 
receiver operating characteristic curves (area under curve), and 
concordance index (C-index).

These 2 signatures were compared to find the most efficient 
one which might possibly avoid the workloads of radiologists 
for detailed tumor segmentation. Lastly, we analyzed the perfor-
mance of the optimal signature in groups classified by clinical 
factors, to test whether it covered valuable information for sur-
vival prognosis beyond the clinical information.

2.7. Nomogram development

Considering the effectiveness of the proposed optimal signature 
beyond the clinical information, we developed a nomogram 
based on this signature and clinicopathologic risk factors in 
this part. Its superiority in survival prediction over the clinical 

nomogram was assessed by C-index and the calibration curves 
to show the consistency between actual survival ratio and pre-
dicted survival probability.

3. Results

3.1. Clinicopathologic risk factors

In this study, we randomly divided the 670 ccRCC patients in 
training and test datasets with a ratio of 3:1. The division ran-
domness was validated by ANOVA analysis. It showed no signif-
icant differences (P > .3) between the training and test cohorts 
for all the clinical variables, as presented in Table 1. Then the 
clinicopathologic risk factors were identified by Cox, includ-
ing “pathologic stage” and “age” with P-values of .034 and 
.006, respectively, in the training dataset, P-values of .022 and  
.031, respectively, in the test dataset and P-values of .016  
and .043, respectively, in the validation dataset. They were used 
in the following analysis to show the survival prognosis ability 
of clinical information.

3.2. Significant features

After sequential selection process for the features extracted 
from rectangular ROI (Fig. 2A and B), we identified significantly  
survival-related features, including 6 wavelet radiomics features 
and 7 deep-learning features. These significant features described 
the zone entropy and large area emphasis based on the gray-
level size-zone matrix, showed high gray level emphasis and 
nonuniformity dependence based on the gray level dependence 
matrix, addressed short run emphasis based on the gray level 
run length matrix, represented the entropy value of the first- 
order statistical features, and indicated the high-dimensional  
abstractions of lesions and their surrounding parenchyma 
regions. This result revealed the potential roles of wavelet radio-
mics and deep-learning features in medical image analysis.

Additionally, we selected 5 significantly survival-related 
radiomics features based on the exact tumor regions (see Fig. 
S1A and B, Supplemental Digital Content, http://links.lww.com/
MD/O224, which illustrates the construction process and eval-
uation results of the radiomics signature from the exact tumor 
region). They were all wavelet features, describing the zone 
entropy and large-area high-gray level emphasis based on the 
gray-level size-zone matrix, representing the short run emphasis 
based on the gray level run length matrix, showing the busy-
ness based on the neighboring gray tone difference matrix, or 
emphasizing the normalized inverse difference calculated on 
gray level co-occurrence matrix.

3.3. Signature construction and evaluation

Based on the 6 wavelet features and 7 deep-learning features 
from the rectangular ROI, a fusion signature was constructed 
by the LASSO method (Fig. 2C), as the formula (1) shown in 
Supplementary File, Supplemental Digital Content, http://links.
lww.com/MD/O223. For comparison, a radiomics signature 
based on the exact tumor region was also defined according 
to formula (2) in Supplementary File, Supplemental Digital 
Content, http://links.lww.com/MD/O223.

Both signatures indicate a remarkable prognosis effect on the 
survival of patients with ccRCC as shown in Table 2. But the 
fusion signature performed better than the radiomics signature 
with smaller P, bigger HR, and higher C-index values. The results 
of Kaplan–Meier curves (Fig. 2D and Fig S1D, Supplemental 
Digital Content, http://links.lww.com/MD/O224) also support 
the analysis results above, with more significant differences 
between the high- and low-risk groups classified by the fusion 
signature. Besides, ROC curves in Figure 2E and Figure S1E, 
Supplemental Digital Content, http://links.lww.com/MD/O224 

https://www.slicer.org
https://www.slicer.org
https://pyradiomics.readthedocs.io/
http://links.lww.com/MD/O223
http://links.lww.com/MD/O223
http://links.lww.com/MD/O223
http://links.lww.com/MD/O223
http://links.lww.com/MD/O223
https://cran.r-project.org
http://links.lww.com/MD/O223
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http://links.lww.com/MD/O223
http://links.lww.com/MD/O223
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also describe a relatively more accurate prognosis performance 
for the fusion signature. The results of Kaplan–Meier curves 
(see Fig. S3A and C, Supplemental Digital Content, http://links.
lww.com/MD/O224, which illustrates the performance of the 
fusion signature based on the CT images in the validation data-
set) and ROC curves (see Fig. S3B and D, Supplemental Digital 

Content, http://links.lww.com/MD/O224, which illustrates the 
performance of the fusion signature based on the CT images in 
the validation dataset) in the validation dataset also support the 
analysis results.

Additionally, we validated the performance of this fusion sig-
nature in different clinical subgroups. This allows us to confirm 

Table 1

Statistical analysis results for clinical factors.

Clinical characteristics

Training (503) Test (167) Validation (152)

Training-test‡Distribution P a Distribution P a Distribution P†

Age (years) Mean ± SD 59.36 ± 11.30 .006* 58.12 ± 12.32 .031* 59.05 ± 13.27 .043* 0.601
Gender .772 .856 .993 0.984
 � Male 330 (65.61%) 103 (61.68%) 94 (61.84%)
 � Female 173 (34.39%) 64 (38.32%) 58 (38.16%)
Pathologic stage .034* .022* .016* 0.670
 � Stage I 241 (47.91%) 90 (53.89%) 77 (50.66%)
 � Stage II 40 (7.95%) 13 (7.78%) 12 (7.79%)
 � Stage III 141 (28.03%) 22 (13.17%) 20 (13.16%)
 � Stage IV 81 (16.10%) 42 (25.15%) 43 (28.29%)
Tumor grade .090 .123 .151 0.477
 � G1 5 (0.99%) 2 (1.19%) 2 (1.32%)
 � G2 162 (32.21%) 60 (35.93%) 61 (40.13%)
 � G3 232 (46.12%) 82 (49.10%) 73 (48.02%)
 � G4 104 (20.68%) 23 (13.77%) 16 (10.52%)
Laterality .317 .295 .340 0.476
 � Left 262 (52.08%) 88 (52.69%) 79 (51.97%)
 � Right 241 (47.91%) 79 (47.31%) 73 (48.03%)
Survival time (days) 1254.12 ± 684.24 – 1231.59 ± 659.23 – 1251.11 ± 706.71 – 0.601
Survival state – – –
 � Alive 350 (69.58%) 110 (65.87%) 101 (66.45%) 0.328
 � Dead 153 (30.42%) 57 (34.13%) 51 (33.55%)

* P ≤ .05.
† Cox proportional hazard regression model.
‡ ANOVAR test.

Figure 2.  The construction process and evaluation results of the fusion signature from the rectangular region of interest. Significant features were selected 
by (A) Cox proportional hazard regression model using the criteria of P < .05 and (B) the least absolute shrinkage and selection operator (LASSO). (C) Fusion 
signature construction by LASSO method. (D and E) The assessment of this signature by Kaplan–Meier curves and receiver operating characteristic curves in 
the test dataset.

http://links.lww.com/MD/O224
http://links.lww.com/MD/O224
http://links.lww.com/MD/O224
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the necessity of using medical image features beyond clinico-
pathologic risk factors. The Kaplan–Meier analysis curves are 
shown in Figure 3 for the test dataset and Figure S2 (see Fig. S2, 
Supplemental Digital Content, http://links.lww.com/MD/O224, 
which illustrates the performance of the fusion signature in dif-
ferent clinical subgroups) for the validation dataset. Both figures 
indicate that the fusion signature could classify the high- and 
low-risk cohorts precisely even in the same subgroup of “age” 
or “pathologic stage.”

All the above analyses reveal the superiority of the fusion 
signature, which can achieve a better prognosis result and 
avoid the need for radiologists to segment tumor region 
meticulously.

3.4. Nomogram development and assessment

Given the efficient contributions of the fusion signature to the 
survival prognosis of ccRCC, we integrated it with 2 other clin-
icopathologic risk factors, “age” and “pathologic tumor stage,” 
to generate a fusion nomogram based on the training cohort, as 
displayed in Figure 4A.

The C-index results of this nomogram are 0.916 (95% [CI]: 
0.861–0.971) in the test cohort, and 0.911 (95% [CI]: 0.859–
0.963) in the validation cohort. The performance is much better 
than the clinical nomogram containing only 2 clinicopathologic 
risk factors, which has a C-index of 0.738 (95% [CI]: 0.646–
0.830) in the test dataset and 0.743 (95% [CI]: 0.616–0.870) 
in the validation dataset. Likewise, the calibration curves of the 
fusion nomogram in Figure 4B show that the predicted survival 
probability is very close to its actual rate (Hosmer–Lemeshow 
test, 1-year: P = .913, 2-year: P = .782, 3-year: P = .823). 
Therefore, this fusion nomogram may provide an alternative 
way to predict the survival of patients with ccRCC in future 
clinical use.

4. Discussion
On the survival prognosis of ccRCC, several previous literature 
studied the effects of clinical and treatment factors,[20] immune 
cell,[21,22] tumor enhancement in the nephrographic phase of 
CT images,[23] tumor size and the presence of renal vein inva-
sion from CT images,[24] shape features from histopathology 
images,[25,26] and gene expressions.[27,28]

Of these studies, 2[27,28] paying attention to gene expressions 
in the survival prognosis of ccRCC patients did not achieve a 
better performance than ours (ROC: 0.862 vs 0.776, 0.862 vs 
0.755). In addition, 3 other studies[23,24] validated the importance 
of the features extracted from CT images in the field of survival 
prediction for ccRCC patients. Since CT scans are routine proce-
dures for ccRCC patients in hospitals, clinicians do not need to 
do additional procedures to use the CT image-based tools. The 
first 2 studies investigated a few CT image features including 
tumor size, presence of vein invasion, and tumor enhancement 
which significantly were associated with survival. Specially, the 
last study is similar to ours. However, our study proposed a sig-
nature based on the best contrast-enhanced CT image, not all 
enhanced and non-enhanced CT images. Moreover, our signa-
ture was calculated on 2 dimensional rectangular ROI rather 
than 3D exact tumor regions. It means that our signature could 
reduce the radiologists’ workloads in tumor segmentation and 
also avoid the needs of more CT scans. Thus, this signature 
is useful to predict the survival probability for patients with 
ccRCC in future clinical cases.

The proposed fusion signature included 6 traditional wave-
let features and 7 deep-learning features. These characteristics 
are all significantly related to the survival of ccRCC patients 
tested by the Cox. It indicates that the wavelet-based and deep- 
learning features contain valuable information for survival pre-
diction, which is consistent with previous studies.[29–31]T
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Compared to the radiomics signature based on the exact 
tumor region, this fusion signature obtained better evaluation 
results in ccRCC survival prognosis across the indexes including 
HR, PCOX, PKM, area under curve, and C-index. More importantly, 
it could be easily achieved since it does not require radiologists 

to perform detailed tumor segmentation. Additionally, it was 
also validated to contain valuable information beyond the clin-
icopathologic risk factors. All these analyses indicate that this 
signature is applicable and valuable in the survival prognosis of 
ccRCC patients.

Figure 3.  Performance of the fusion signature in different clinical subgroups. (A) Age < 60, (B) age ≥ 60, (C) pathologic T1&T2, and (D) pathologic T3&T4 based 
on the test dataset. The results for the validation dataset are shown in Figure S2, Supplemental Digital Content, http://links.lww.com/MD/O224.

Figure 4.  The proposed model for ccRCC survival prognosis. The proposed fusion nomogram was based on the fusion signature and 2 other clinicopathologic 
risk factors (A). Its performance was assessed by calibration curves (B).

http://links.lww.com/MD/O224
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Thus, the fusion nomogram integrating this signature and 
2 other clinicopathologic risk factors showed a better perfor-
mance with an increase of about 20% in the C-index results 
than the clinical nomogram in both test and validation datasets. 
Also, the consistency of the survival probability predicted by the 
proposed nomogram and the actual ratio indicates its usefulness 
in future clinical use.

5. Conclusions
The proposed fusion signature shows more accurate progno-
sis performance for ccRCC patients without the requirement to 
perform a detailed segmentation for radiologists. This signature, 
combined with clinicopathologic risk factors provided a nonin-
vasive and easy-to-use model to predict the survival probability 
for patients with ccRCC in future clinical use.
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