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Abstract
Objectives Nuclear grades are proved to be one of the most significant prognostic factors for clear cell renal cell carcinoma
(ccRCC). Radiomics nomogram is a widely used noninvasive tool that could predict tumor phenotypes. In this study, we performed
radiomics analysis to develop and validate a CT-based nomogram for the preoperative prediction of nuclear grades in ccRCC.
Method CT images and clinical data of 258 ccRCC patients were retrieved from the Cancer Imaging Archive (TCIA). Radiomics
features were extracted from arterial-phase CT images using 3D Slicer software. LASSO regression model was performed to
develop a radiomics signature in the training set (n = 143). A radiomics nomogram was constructed combining radiomics
signature and selected clinical predictors. Receiver operating characteristic (ROC) curve and calibration curve were used to
determine the performance of the radiomics nomogram in the training and validation set (n = 115). Decision curve analysis was
used to assess the clinical usefulness of the CT-based nomogram.
Results One thousand three hundred sixteen radiomics features were extracted from arterial-phase CT images. A radiomics
signature, consisting of 20 features, was developed and showed a favorable performance in discriminating nuclear grades with
an area under the curve (AUC) of 0.914 and 0.846 in the training and validation set, respectively. The CT-based nomogram,
including the radiomics signature and the CT-determined T stage, achieved good calibration and discrimination in the training set
(AUC, 0.929; 95% CI, 0.886–0.972) and validation set (AUC, 0.876; 95% CI, 0.812–0.939). Decision curve analysis demon-
strated the clinical usefulness of the CT-based nomogram.
Conclusion The noninvasive CT-based nomogram, including radiomics signature and CT-determined T stage, could improve the
accuracy of preoperative grading of ccRCC and provide individualized treatment for ccRCC patients.
Key Points
• Contrast-enhanced CT may help in preoperative grading of ccRCC.
• The CT-based nomogram incorporated a radiomics signature and CT-determined T stage could preoperatively predict ccRCC grades.
• The CT-based nomogram has the potential to improve individualized treatment and assist clinical decision making of ccRCC patients.
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ROI Region of interest
TCIA The Cancer Imaging Archive

* Wenlian Xie
xiewl@mail.sysu.edu.cn

1 Department of Urology, Sun Yat-Sen Memorial Hospital, Sun
Yat-Sen University, Guangzhou, China

2 Guangdong Provincial Key Laboratory of Malignant Tumor
Epigenetics and Gene Regulation, Sun Yat-Sen Memorial Hospital,
Sun Yat-Sen University, Guangzhou, China

https://doi.org/10.1007/s00330-020-07667-y

/ Published online: 29 January 2021

European Radiology (2021) 31:6078–6086

http://crossmark.crossref.org/dialog/?doi=10.1007/s00330-020-07667-y&domain=pdf
mailto:xiewl@mail.sysu.edu.cn


Introduction

Renal cell carcinoma (RCC) is one of the most common
cancer worldwide [1]. Clear cell RCC (ccRCC) accounts
for 70–80% of all RCCs [2]. Tumor pathologic nuclear
grade has been proved to be one of the most important
prognostic factors for ccRCC patients [3]. World Health
Organization/International Society of Urological
Pathology (WHO/ISUP) classification system is the
most generally adopted grading system for ccRCC [4].
Well-differentiated and poorly differentiated ccRCC
have different biological behaviors, including prolifera-
tive pattern, metastatic potentiality, and sensibility to
molecular targeted therapy or immunotherapy.
According to the previous studies, cancer-specific sur-
vival rates of ccRCC patients at 10 years for nuclear
grades 1 to 4 were 89%, 84%, 46%, and 15%, respec-
tively [5]. Patients with high-grade ccRCC have an ele-
vated risk of postoperative recurrence [6]. Moreover,
many noninvasive therapeutic strategies, including radio-
frequency ablation, cryoablation, and active surveillance,
have been applied in clinical practice for ccRCC pa-
tients. These therapeutic strategies require a proper
screening criterion, such as pathological grading.
However, pathological grading is usually based on post-
operative specimens and preoperative predictive methods
of pathologic nuclear grades remain suboptimal.
Therefore, accurate preoperative prediction of ccRCC
pathologic grades is still urgently needed and can be
useful information for clinical decision-making and
prognosis evaluation.

Radiomics analysis, a newly developed high-throughput
way to extract large numbers of features frommedical images,
has attracted increasing attention in recent years [7, 8].
Possessing the advantage of feature recognition and data inte-
gration, radiomics analysis could provide us optimal ap-
proaches of a predictive model and guide the clinical practice
[9]. Radiomics features extracted from computed tomography
(CT), magnetic resonance imaging (MRI), and positron emis-
sion tomography-computed tomography (PET-CT) have been
successfully applied in cancer diagnosis, assessment of prog-
nosis, and prediction of therapy response [10–12]. Indeed,
some studies have found that nuclear grades of ccRCC could
be predicted by radiomics signatures [13–15]. However, these
signatures were developed with limited radiomics fea-
tures or without validation, making their clinical useful-
ness very limited. Moreover, clinical risk factors, which
could improve predict ive accuracy, have been
overlooked in the development of these models.

In this study, we aim to develop and validate a radiomics
nomogram, combining radiomics signature and clinical risk
factors, for preoperative prediction of nuclear grades in pa-
tients with ccRCC.

Materials and methods

Patients

Two hundred ten RCC patients of the 2019 Kidney and
Kidney Tumor Segmentation Challenge (C4KC-KiTS)
dataset and 237 RCC patients of the Cancer Genome Atlas
Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) dataset
were retrieved from the Cancer Imaging Archive (TCIA) [16,
17]. Patients’ characteristics were obtained from TCIA, in-
cluding age, gender, pathologic grade, tumor size, T stage,
and body mass index. Pathologic grade was divided into
low-grade (grades 1–2) and high-grade (grades 3–4).
Informed consent was not required since TCIA data contained
no personal identifying information.

The recruitment pathway for patients in this study is shown
in Supporting Fig. 1. In total, 258 ccRCC patients were en-
rolled, including143 patients in the training set and 115 pa-
tients in the validation set, in this study. The inclusion criteria
for patients were as follows: (a) patient pathology diagnosed
with ccRCC, (b) patients underwent preoperative contrast-
enhanced CT, (c) complete image and clinical information.
The exclusion criteria for patients were as follows: (a) patients
with preoperative chemotherapy or radiotherapy. (b) CT im-
ages were of insufficient quality.

Region of interest segmentation and features
extraction

Arterial-phase CT images of ccRCC patients were retrieved
for radiomics analysis. The regions of interest (ROIs) of renal
cancer were segmented slice by slice with 3D Slicer software
(available at https://www.slicer.org/). In total, 1316 radiomics
features were extracted from each ccRCC patients. Detailed
information about feature extraction is presented in
Supporting Method 1.

Radiomics feature selection

The least absolute shrinkage and selection operator (LASSO)
regression algorithm, which is suitable and powerful for re-
gression of high-dimensional data, was performed to select
radiomics features. Spearman rank correlation was used to test
the association between selected features.

Radiomics signature construction and performance
assessment

Features with nonzero coefficients were selected to build the
radiomics signature. The radiomics score was calculated for
each ccRCC patient with the selected features weighted by
their respective LASSO coefficients. The potential association
between radiomics score and nuclear grade was explored by
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the Wilcoxon rank-sum test. The discrimination performance
of the radiomics signature was assessed by using the AUC of
the ROC in both training and validation set.

Radiomics nomogram construction

Multivariable logistic regression analysis was performed to
identify independent predictors in radiomics signature and
clinical candidate predictors, including age, gender, body
mass index, CT-determined tumor size, and CT-determined
T stage. Variance inflation factors of the predictors were cal-
culated for the collinearity diagnosis. ROC curve and calibra-
tion curve were plotted to determine the performance of the
radiomics nomogram in the training set.

Validation of the radiomics nomogram

The performance of the CT-based nomogram was validated in
another independent cohort. The AUC was calculated to as-
sess the predictive performance in the validation set. The cal-
ibration curve was plotted to determine the agreement be-
tween prediction and observation in the validation set.

Clinical usefulness

Decision curve analysis was performed to assess the
clinical usefulness of the CT-based nomogram by

calculating the net benefits at different threshold proba-
bilities in the training set and validation set.

Statistical analysis

All statistical analyses were performed with R software, ver-
sion 4.0.0 (The R Foundation for Statistical Computing; http://
www.r-project.org). The detailed R packages used in this
study are listed in Supporting Method 2. A p value < 0.05
was considered to be statistically significant.

Results

Patients characteristics

The study flowchart of this study is shown in Fig. 1. The
characteristics of ccRCC patients are listed in Table 1. There
are 143 ccRCC patients in the training set (97 low grade and
46 high grade) and 115 ccRCC patients in the validation set
(40 low grade and 75 high grade). No significant differences
were found in age and gender.

Radiomic features selection

Figure 1 showed the radiomics workflow of this study. In
total, 1316 radiomics features were extracted from arterial-
phase CT images of each ccRCC patient. Twenty of these

Fig. 1 Study flowchart and radiomics workflow
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Table 1 Characteristics of ccRCC patients in the training set and validation set

Characteristics Training set (n = 143) Validation set (n = 115)

Low grade High grade p Low grade High grade p

Age, years 0.117 0.676
≤ 60 51 17 20 33
> 60 46 29 20 42

Gender 0.179 0.734
Female 38 12 17 28
Male 59 34 23 47

CT-determined size < 0.001 0.124
≤ 3 cm 45 6 30 44
> 3 cm 52 40 10 31

CT-determined T stage < 0.001 < 0.001
cT1-cT2 88 19 35 35
cT3-cT4 9 27 5 40

a

c

b

Fig. 2 Radiomics features selection with the LASSO logistic regression
model. aOn the basis of minimum criteria, we selected tuning parameters
(λ) with 10-fold cross validation. The binomial deviance was plotted
versus log(λ). The upper x-axis indicates the average number of radiomics
features. The lower x-axis indicates the log(λ) value. The optimal λ value
of 0.045, with log(λ) = − 0.310 was selected. b LASSO coefficient

profiles of 1316 radiomics features. The upper x-axis indicates the aver-
age number of radiomics features. The lower x-axis indicates the log(λ)
value. The dotted vertical line was drawn at the log(λ) = − 0.310. c
Spearman rank correlation among 20 features selected by LASSO logistic
regression method in the training set
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radiomics features were selected to construct a radiomics sig-
nature by using LASSO logistic regression algorithm
(Fig. 2a, b). Spearman rank correlation among selected fea-
tures was low, indicating they provide complementary values
to the radiomics signature (Fig. 2c). The selected features and
corresponding coefficients are presented in Supporting
Table 1.

Performance of radiomics signature

Therewas a significant difference in radiomics scores between low-
grade and high-grade ccRCCpatients in the training set (p <0.001)
(Fig. 3a). The radiomics signature yielded a favorableAUC (0.914;
95% CI, 0.868–0.961) in the training set (Fig. 3b). The optimal
radiomics score cutoff value for grade classification was − 0.855
based on the maximum Youden index in the training set.
A significant association between radiomics score and grades was
also found in the validation set (p < 0.001) (Fig. 3c).
The performance of radiomics signature was validated in the vali-
dation set with an AUC of 0.846 (95%CI, 0.771–0.921) (Fig. 3d).

Radiomics nomogram construction

Multivariate logistic regression was performed to identify in-
dependent predictors for nuclear grades of ccRCC (Table 2).

The radiomics signature and CT-determined T stage were se-
lected as independent predictors. The variance inflation fac-
tors of the predictors ranged from 1.05 to 1.40, indicating that
there was no collinearity. A comprehensive model incorporat-
ing radiomics signature and CT-determined T stage was
established and presented as the nomogram (Fig. 4a).

Performance of the radiomics nomogram

The CT-based nomogram achieved favorable predictive per-
formance with an AUC of 0.929 (95% CI, 0.886–0.972) (Fig.
4b). The calibration curve of the CT-based nomogram was
constructed and good agreement between prediction and ob-
servation was observed in the training set (Fig. 4c).

Validation of the radiomics nomogram

The AUC of the CT-based nomogram in the validation set was
0.876 (95% CI, 0.812–0.939), indicating a satisfying discrim-
ination capacity (Fig. 5a). A good calibration curve was also
observed in the validation set (Fig. 5b). In addition, ccRCC
patients in the validation set were divided into high-risk group
and low-risk group according to the nomogram. K-M survival
analysis indicated a significant difference between high-risk

Fig. 3 The performance of the
radiomics signature for prediction
of nuclear grades. a Radiomics
score of ccRCC patients in the
training set. b ROC curve of the
radiomics signature in the training
set. c Radiomics score of ccRCC
patients in the validation set. d
ROC curve of the radiomics
signature in the validation set
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group and low-risk group, suggesting the prognostic value of
the CT-based nomogram (p = 0.0028) (Supporting Fig. 2).

Clinical usefulness of the radiomics nomogram

Then we performed decision curve analysis to assess the
clinical usefulness of the radiomics nomogram. The de-
cision curve showed that the radiomics nomogram
achieved more net benefit than either treat-all-patients
or treat-none-patients strategies across all ranges of
threshold probability in both training and validation set
(Fig. 6a, b) (Supporting Fig. 3).

Discussion

We developed and validated a noninvasive CT-based nomo-
gram to preoperatively predict nuclear grades in ccRCC. This
CT-based nomogram incorporated a 20-feature radiomics sig-
nature and CT-determined T stage. Our study demonstrated
that this CT-based nomogram achieved favorable perfor-
mance and might serve as a noninvasive tool for ccRCC grad-
ing and clinical decision-making.

Previous studies demonstrated that molecular and clin-
ical characteristics of tumors could be reflected in medical
images [18–20]. Radiomics features extracted from

a

b c

Fig. 4 Development of the
radiomics nomogram and its
performance. a The CT-based
nomogram was constructed with
the radiomics signature and CT-
determined T stage in the training
set (0, cT1-cT2; 1, cT3-cT4). b
ROC curve of the CT-based no-
mogram in the training set. c
Calibration curve of the CT-based
nomogram in the training set

Table 2 Multivariate logistic regression analysis of the radiomics score and clinical risk factors in the training set

Variables and intercept Full multivariate model Reduced multivariate model

β OR (95% CI) p β OR (95% CI) p

Radiomics score 2.132 18.489 (5.407–63.231) < 0.001 1.946 14.33 (5.213–39.387) < 0.001

Age, years (≤ 60 vs > 60) 0.292 1.339 (0.413–4.340) 0.249 – – –

Gender (male vs female) 0.772 2.164 (0.639–7.385) 0.627 – – –

BMI − 0.053 0.614 (0.273–1.383) 0.239 – – –

CT-determined size
(≤ 3 cm vs > 3 cm)

− 0.803 0.448 (0.107–1.872) 0.271 – – –

CT-determined T stage
(cT1-cT2 vs cT3-cT4)

1.661 5.266 (1.468–18.894) 0.011 1.764 5.834 (1.837–18.523) 0.003

Intercept 1.909 – – 0.200 –

CT, computed tomography; OR, odds ratio
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medical images can reflect the heterogeneity of tumors
and be applied in tumor grading [21–23]. Many previous
studies extracted features only from original images.
Enming Cui et al extracted 276 features from CT images
and built a CT-based model with an accuracy of 0.79 [15].
In this study, we extracted features from original images,
wavelet-filter images, and Laplacian of Gaussian (Log)-
filter images. A total of 1316 radiomics features were
extracted from arterial-phase CT image of each ccRCC
patient. These features were reduced to 20 potential pre-
dictors by using LASSO logistic regression method.
Maker panels comprised of different makers have been
increasingly applied to improve diagnostic or predictive
performance in recent years [24, 25]. For instance, a 20-
gene model was identified for prediction of the patholog-
ical node status in patients with bladder cancer [26]. A
35-gene signature was constructed to predict vascular in-
vasion in hepatocellular carcinoma [27]. Therefore, we
developed a radiomics signature with 20 selected features
and it exhibited favorable discrimination with an AUC of
0.914 in the training set. Similarly, the radiomics signa-
ture showed satisfactory performance in ccRCC grading
with an AUC of 0.846 in the validation set.

Then we considered clinical risk factors which can provide
complementary information and improve the predictive accu-
racy of the model [28, 29]. Several radiomics models have

been built to predict nuclear grades of ccRCC [13–15].
These previous studies focus on radiomics features and
overlooked clinical risk factors. Shu Jun et al developed a
combined CT-based model with an AUC of 0.82 [13]. In this
study, we performed multivariate logistic regression and iden-
tify radiomics signature and CT-determined T stage as inde-
pendent predictors. Thus, we constructed an easy-to-use CT-
based nomogram based on the multivariate logistic regression.
The CT-based nomogram could effectively identify high-
gradeccRCC patients before operation which might facilitate
personalized treatment decisions and improve the long-term
prognosis. The AUC of the CT-based nomogram was 0.929
and 0.878 in the training and validation set, respectively, in-
dicating a greater predictive accuracy than either the radiomics
signature or CT-determined T stage.

Another important thing to consider for clinical predictive
model is clinical usefulness. Decision curve analysis was per-
formed to assess the overall net benefit of the CT-based no-
mogram [30]. The result indicated that the nomogram is a
better predictive tool than the CT-determined T stage for clin-
ical practice in the training and validation set. Moreover, two
predictors incorporated in the CT-based nomogram are avail-
able from routine contrast-enhanced CT. Therefore, the CT-
based nomogram may serve as a reliable, noninvasive, and
easy-access tool to preoperatively differentiate high-grade
from low-grade ccRCC.

a bFig. 6 Decision curve analysis
(DCA) of the CT-based nomo-
gram. DCA comparing the net
benefit of the CT-based nomo-
gram versus radiomic signature or
CT-determined T stage in the
training set (a) and validation set
(b). The x-axis indicates the
threshold probability. The y-axis
indicates the net benefit

Fig. 5 Validation of the
radiomics nomogram. a ROC
curve of the CT-based nomogram
in the validation set. b Calibration
curve of the CT-based nomogram
in the validation set
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There are several limitations to this study. Firstly, this is a
retrospective study and a prospective randomized clinical trial
should be needed to obtain high-level evidence for clinical
application. Secondly, manual tumor segmentation was
time-consuming and automatic segmentation methods should
be developed in the future. Lastly, genomics and proteomics
information have not been considered in this study. Genomics
and proteomics classifiers have been proved to be effective
predictive tools in ccRCC. Integrating radiomics with geno-
mics and proteomics classifiers possesses great potential in
improving the performance of prediction tools.

In conclusion, we developed and validated a CT-based
nomogram that incorporated a radiomics signature and CT-
determined T stage to preoperatively predict ccRCC grades.
We presented it as an efficient, noninvasive, and convenient
tool to assist clinical decision-making of ccRCC patients.

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s00330-020-07667-y.
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