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Abstract: Objective: To study the predictive performance of the imaging model based on the texture analysis of CT 
plain scan in distinguishing between low (grade I and II) and high (grade III and IV) of Fuhrman pathological grade 
of renal clear cell carcinoma. Methods: The clinical data of 94 patients with ccRCC who underwent CT scan and 
were confirmed by biopsy or surgery in TCGA-KIRC public database were retrospectively analyzed. There were 32 
cases of low-grade ccRCC and 62 cases of high-grade ccRCC. The patients were randomly divided into training set 
and verification set according to the proportion of 7:3 by stratified sampling method. The imaging characteristics of 
ccRCC were calculated in the plain CT images. Lasso regression was used to reduce the dimensionality of the imag-
ing characteristics of the training set, and binary logistic regression was used to construct the prediction model. 
Bootstrap method was used to verify the training set model and the validation set model, and the area under the 
receiver operating characteristic (ROC) curve (AUC) was calculated respectively. Results: Binary logistic regression 
showed that only imaging features were independent risk factors for predicting the Furhman classification of ccRCC. 
The predictive model was y = 1/[1 + exp (-z)], z = 1.274 × imaging risk score + 0.072. The results of bootstrap inter-
nal validation showed that the AUC of the training group was 0.961 (95% CI: 0.900-0.913). The Hosmer-Lemeshow 
goodness of fit test showed that the prediction model had a good calibration in the training group (P = 0.416). The 
AUC of prediction model in validation group was 0.731 (95% CI: 0.500-1.000). The Hosmer-Lemeshow goodness 
of fit test results showed that the prediction model had a good calibration in the validation group (P = 0.592). 
Conclusion: The model based on CT texture analysis has a good predictive effect in differentiating low-grade and 
high-grade ccRCC and can provide reference for the treatment and prognosis of patients.
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Introduction

Renal cell carcinoma (RCC) accounts for about 
85-90% of all renal malignant tumors [1, 2]. 
The most common types of renal cell carcino-
ma are clear cell carcinoma (ccRCC), papillary 
cell carcinoma (PRCC) and chromophobe cell 
carcinoma (CRCC) [3]. Renal clear cell carcino-
ma is the main type, accounting for about 70% 
of all cases. Compared with PRCC and CRCC, 
the survival rate of ccRCC is lower than 5 years, 
and the transfer risk is higher [4]. Therefore, 
tumor staging and grading is one of the impor-
tant tasks of tumor diagnosis and treatment. 
Tumor grading defines the differentiation of 
tumor cells relative to normal cells. It is an indi-
cator of tumor growth and diffusion rate. The 

Fuhrman nuclear grading system is the most 
widely used grading system at present, and it is 
also an independent predictor of tumor inva-
sion and patient prognosis [5]. It is based on 
the evaluation of the following nuclear charac-
teristics: the size of the nucleus, the shape of 
the nucleus, and the prominence of the nucleo-
lus. Based on these assessments, tumors will 
be classified into four different levels (I-IV). 
Grade I and Grade II are considered as low-
grade tumors with good prognosis, while Grade 
III and Grade IV are considered as high-grade 
tumors with poor prognosis [6]. At present, fine 
needle aspiration and image-guided biopsy are 
the gold standard for preoperative renal tumor 
grading. However, due to the heterogeneity of 
tumors, these technologies have defects such 
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as infection, hemorrhage, tumor cell prolifera-
tion, and cannot provide information about the 
entire tumor. Because of the intratumoral het-
erogeneity of ccRCC, biopsy underestimated 
the Fuhrman grade in 55% of cases. In the past 
decade, many non-invasive treatment strate-
gies for RCC have been designed, including 
radiofrequency ablation, cryoablation and ac- 
tive monitoring [7, 8]. However, most patients 
often undergo surgical treatment after diagno-
sis, so it is necessary to recommend individual-
ized treatment strategies. Only invasive or high-
level ccRCC tumors (III, IV) are treated with radi-
cal treatment (such as surgery), while low-grade 
(I, II) lesions are treated with conservative treat-
ment (such as active monitoring) [9, 10]. It is 
necessary to develop an accurate and non-in- 
vasive preoperative Fuhrman grading method 
for renal cell carcinoma to guide the decision-
making process. Previous studies have shown 
that the imaging features are valuable for dis-
tinguishing between high and low grade ccRCC 
tumors. To our knowledge, few studies have 
explored the value of CT plain scan texture 
analysis in predicting the nuclear grade of clear 
cell renal cell carcinoma. In this study, we 
aimed to evaluate the predictive performance 
of the model constructed based on CT texture 
analysis in differentiating low nuclear and high 
nuclear clear cell renal cancer, which can pro-
vide reference for the treatment and prognosis 
of patients.

Materials and methods

This study further established a model by ex- 
tracting patient CT textual features and using 
statistical methods to predict the differentia-
tion of high and low grade renal clear cell carci-
noma. Retrospective analysis of clinical, histo-
pathological and imaging data of 945 patients 
from TCGA-KIRC and cancer imaging archives 
from January 1, 1998 to December 31, 2013 
[11, 12] (Ethical approval and informed con-
sent were not obtained for this retrospective 
study, because all unidentified data of patients 
in this study have been published and used for 
scientific purposes for free). Inclusion criteria: 
1. Both imaging data and clinical data are avail-
able; 2. Single lesion with clear ccRCC grading. 
Finally, 94 cases were included. Exclusion crite-
ria: 1. Metastasis of cancer; 2. The thickness  
of non-enhanced CT before operation is higher 
than 5 mm; 3. Cystic manifestations; 4. He 

received treatment for renal cell carcinoma 
before plain CT scan; 5. Poor image quality. In 
this study, grade I and II are defined as low level 
ccRCC, and grade III and IV are defined as high 
level ccRCC, including 32 cases in low level 
group, 62 cases in high level group, 65 males 
and 29 females, aged 22-90 years, with an 
average age of (60.88 ± 13.85) years.

Image data parameters

CT acquisition parameters are as follows: slice 
thickness 5 mm; Tube voltage: 120-140 kv; 
Tube current: 95-575 mA; Pixel size is 0.562 × 
0.562 mm2 to 0.976 × 0.976 mm2. TCGA-KIRC 
database includes various data sources. There- 
fore, in order to achieve a completely unified 
imaging standard, all images must go through 
some preprocessing steps to minimize the pos-
sible consequences caused by the heterogene-
ity of different standards.

Area of interest delineation

94 cases of CT plain scan images and enhanc- 
ed CT images were imported into 3D Slicer 
v4.11.0 [13] software, and compared with 
enhanced CT images, the region of interest 
(ROI) can be delineated more accurately manu-
ally. It was completed by two radiologists with 5 
years or more of work experience. First, one 
radiologist sketched the area of interest of 
renal cancer and saved it as a boundary file 
(.nrrd file format). After 1-2 months, another 
radiologist manually revised the boundary file 
[14] to ensure accuracy. In case of dispute, the 
two parties reached a consensus through con-
sultation. ROI delineation principle: delineate 
ROI in layers within 1 mm from the inner side of 
the lesion edge (Figure 1).

Extracting omics features and modeling

Use PyRadiomics software (version 3.0.1) [15] 
to extract texture features from original imag-
es, filtered images and wavelet transform imag-
es. The Laplacian of Gaussian (LoG) filter is 
used to filter the image. The filter values are 2, 
4 and 6 mm, respectively, representing fine, 
medium and rough patterns. We use PyWavelet 
(version 0.5.2) [16] to generate wavelet-based 
texture features. Wavelet transform is an image 
processing technology that uses a combination 
of high-frequency and low-frequency band-pass 
filters to decompose an image to obtain impor-
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tant information that may be hidden from the 
image [17]. The omics features were extracted 
from the filtered image, and 107 features were 
obtained, including 19 histogram features, 16 
3D morphological features, 10 2D morphologi-
cal features, 22 gray level co-occurrence matri-
ces, 16 gray level run distance matrices, 16 
gray level area size matrices, 5 adjacent gray 
level difference matrices, and 14 gray level 
dependency matrices. The samples are divided 
into training sets and test sets by hierarchical 
sampling at a ratio of 7:3. In order to avoid 
dimensional disasters caused by too many  
features, the 107 features obtained are first 
screened by Lasso regression, which is appli-
cable to high-dimensional data penalty estima-
tion, and the alpha parameter with the lowest 
error is selected. Finally, 10 features are 
retained in the reduced dimension. Based on 
the final 10 features, a binary logistic regres-
sion model is established, the receiver charac-
teristic operator (ROC) of the model is drawn, 
and the area under curve (AUC) of the ROC 
curve is calculated. Finally, decision curve anal-
ysis (DCA) was performed on the model to eval-
uate the pathological grade of renal clear cell 
carcinoma, and check model accuracy.

Statistical analysis

R v. x64 3.6.1 software was used for statistical 
analysis. The dimension reduction of the train-
ing set’s image features adopted Lasso regres-
sion, which is suitable for penalty estimation of 
high-dimensional data. In clinical data analysis, 
chi square test was used for categorical vari-
ables, and the results were expressed in per-
centage (%); Rank sum test was used for rank 
variables, and the results were expressed in 
percentage (%); The numerical variables were 
tested by t test, and the results were express- 
ed by mean (standard deviation). With Furhman 

grading as the diagnostic standard of ccRCC, 
the patient’s clinical information, CT signs and 
iconographic scores as independent variables, 
and binary logistic regression was used to build 
a parametric prediction model. Bootstrap me- 
thod was used to verify the model internally, 
and the area under the curve (AUC) of the ROC 
curve was calculated. The prediction model is 
used in the validation set data to calculate the 
AUC value. The calibration of the evaluation 
model was tested by Hosmer Lemeshow good-
ness of fit. The decision-making curve was 
used to analyze the patients’ net benefits under 
different probability thresholds for the predic-
tion model of the validation group’s imageolo-
gy. The difference was statistically significant 
with P<0.05.

Results

General information of low- and high-level 
patients in training group and validation group 
was shown in Table 1.

In the training group and validation group, the 
gender and age of low and high level ccRCC 
were not statistically significant (P>0.05), and 
TNM staging was statistically significant (P< 
0.05). After image preprocessing and feature 
extraction through the Pyronics toolkit, 107 
basic omic features were screened. Finally, the 
LASSO regression method was used to reduce 
the dimensions and retain the 10 most signifi-
cant omic features, as shown in Table 2.

A binary logistic regression model was estab-
lished. According to the ROC curve of the model, 
the AUC of the training set was 0.961 (95% CI: 
0.900-0.913), and the AUC of the validation set 
was 0.731 (95% CI: 0.500-1.000) (Figure 2).

According to the best model parameters, the 
final LR model is established using all training 

Figure 1. Delineation of ROI.
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set data. The results of Hosmer-Lemeshow 
goodness of fit test show that the GiViTI cali- 
bration curve band of the prediction model in 
the training group and the verification group 
does not cross the 45° angle bisector in the 
80% and 95% confidence interval regions 
(P>0.05), and the calibration of the prediction 
model in the training group and the verification 
group is good (Figure 3).

Finally, the clinical decision curve was estab-
lished through machine learning (Figure 4).  
The results showed that when the probability 
threshold was 2-95%, the models of the train-
ing group and the verification group predicted 
that the patients’ net benefits from ccRCC 
pathological grading were higher than those 
from all patients who were considered as high 
or low level, which could make the patients 
benefit from it.

Discussion

Renal cell carcinoma (RCC) is the most com-
mon type of renal cancer, accounting for about 

roughly evaluate the stage of renal clear cell 
carcinoma patients, and it is difficult to predict 
their Fuhrman grade. Nowadays, the applica-
tion of texture analysis in medical images, 
especially in the field of tumor, has become a 
hot spot for many scholars.

This paper is a study on the prediction of patho-
logical grading of ccRCC by plain CT texture 
analysis. The pathological grading of ccRCC is 
one of the most important factors affecting 
clinical decision-making. For low grade pa- 
tients, active monitoring and partial nephrecto-
my can be carried out, while for high grade 
patients, radical nephrectomy, radiotherapy 
and chemotherapy can be selected. As far as 
we know, only a few studies have used CT tex-
ture analysis to predict the nuclear grade of 
RCC in clear cells [20, 21]. However, all studies 
were limited to the analysis of contrast-en- 
hanced CT images (corticomedullary phase and 
renogram phase). Since the nuclear grade is 
not directly related to the evaluation of tumor 
vascular density under microscope, it is rea-
sonable to use non enhanced CT. Therefore, 

Table 1. Comparison of general data between training group and validation group in patients with low 
and high grade renal clear cell carcinoma

Parameter
Training group Test group

Low level  
(n = 23)

High level  
(n = 50) P value Low level  

(n = 9)
High level  
(n = 12) P value

Gender (Female/Male, Cases) 7/16 24/36 1.000 4/5 4/8 0.948
Age (mean ± sd, Years) 59.83 (10.90) 61.02 (12.15) 0.689 62.67 (18.99) 60.00 (13.36) 0.709
TNM staging (%) 0.018 0.021
    I 19 (82.6) 22 (44.0) 7 (77.8) 2 (16.7)
    II 1 (4.3) 3 (6.0) 0 (0.0) 2 (16.7)
    III 2 (8.7) 12 (24.0) 2 (22.2) 3 (25.0)
    IV 1 (4.3) 13 (26.0) 0 (0.0) 5 (41.7)

Table 2. Lasso regression analysis results of imaging histological 
characteristics
Iconographic characteristics Variables in the model
Original_shape features Maximum 2D Diameter Slice

Sphericity
Firstorder features Minimum

Range
Glcm features MCC

Idmn
Glszm features Small Area Emphasis
Gldm features Large Dependence LowGrayLevel Emphasis

Dependence NonUniformity
Shape features Least Axis Length

2% of global cancer deaths. 
The 5-year survival rate of lo- 
calized tumors was 93%, and 
the 5-year survival rates of 
lymph node metastasis and 
distant metastasis were 69% 
and 12%, respectively [18]. 
Among different histological 
subtypes, patients with clear 
cell RCC (ccRCC) have proved 
to have worse prognosis th- 
an other histological subtypes 
(pRCC and crRCC) [19]. How- 
ever, according to the traditi- 
onal CT film reading method, 
imaging physicians can only 
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Figure 2. ROC curve of prediction model of training group and verification group. A. ROC curve of training group; B. 
ROC curve of validation group.

Figure 3. Correction curve of prediction model of training group and verification group. A. Calibration curve of train-
ing group; B. Calibration curve of validation group.
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this study only used plain CT images for imag-
ing analysis.

The Fuhrman nuclear grading system released 
in 1982 is the most widely used one, and it is 
also an independent predictor of tumor inva-
sion and patient prognosis [22]. In this study,  
a simplified Fuhrman nuclear grading system 
was also used, which divided ccRCC into four 
grades. Grade I to II are low grade tumors with 
good prognosis, and grade III to IV are high 
grade tumors with poor prognosis [23, 24]. 
Texture analysis is a process of extracting tex-
ture feature parameters at the voxel or pixel 
level using certain image processing tech-
niques to obtain quantitative or qualitative 
description of texture [25-27]. This method can 
generate a large number of features, making 
the technology have a high dimension.

In this study, plain CT texture analysis technol-
ogy shows a high predictive ability in judging 

diction model established by Kocak et al. [21] 
using texture features (AUC = 0.656, sensitivity 
and specificity are 75.3% and 53.5% respec-
tively), but lower than the prediction model 
based on texture features reported by Ding et 
al. [28] (AUC = 0.780, 95% CI: 0.666-0.894). It 
may be that the model and scanning parame-
ters used for sample collection in TCGA-KIRC 
database are inconsistent or the spatial dimen-
sion of this study is higher, which leads to the 
low AUC results of its validation set. The tradi-
tional imaging features and clinical data in this 
study did not enter the prediction model, which 
is consistent with the research results of Ding 
et al.

Shortcomings of this study: (1) In this retro-
spective study, the overall sample size is rela-
tively small, and the sample distribution has 
some bias, which may lead to over fitting and 
non-fitting of classification. (2) When delineat-
ing VOI, the accuracy of delineating lesions is 

Figure 4. Clinical decision curve of predictive model in training group and 
validation group. Red is the training group; Blue is the validation group.

the pathological grading of 
ccRCC. It extracts texture fea-
tures, and then further reduc-
es data dimensions and estab-
lishes models. The feature 
dimension reduction adopts 
Lasso regression which is 
applicable to high-dimensional 
data, and the penalty term is 
added to its cost function to 
make the model correspond to 
a smoother function, so the 
model is simpler and not easy 
to produce over fitting. Cross 
validation is used to obtain the 
minimum cost function λ Value 
to make the test model closest 
to the ideal model. Automatic 
feature selection is realized, 
which makes the model easy 
to interpret. Subsequently, CT 
texture features, traditional 
imaging features and TNM 
staging were included in binary 
logistic regression. The results 
showed that only CT texture 
analysis was an independent 
risk factor for predicting the 
degree of differentiation of 
ccRCC, which achieved high 
differentiation and calibration 
in both the training group and 
the verification group. The AUC 
is slightly higher than the pre-
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reduced due to unclear edges of some mass- 
es or the influence of partial volume effect. (3) 
This study lacks external validation, and only 
uses a simple 10-fold cross validation method 
for logistic regression analysis to avoid too 
good results. (4) The image database of TCGA-
KIRC in cancer image archives includes pa- 
tients from different centers and sources with 
different image acquisition schemes. In order 
to minimize changes and impacts between 
scanners, all image datasets we studied have 
gone through some preprocessing steps be- 
fore texture analysis, such as normalization, 
discretization and pixel re adjustment [29].

In conclusion, the prediction model based on 
plain CT texture analysis has a high diagnostic 
efficiency in predicting Furhman pathological 
grading of ccRCC patients and is a promising 
non-invasive diagnostic method.
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