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Purpose: To evaluate the performance of machine learning (ML)-based computed tomography (CT) radiomics
analysis for discriminating between low grade (WHO/ISUP I-II) and high grade (WHO/ISUP III-IV) clear cell
renal cell carcinomas (ccRCCs).

Methods: A total of 164 low grade and 107 high grade ccRCCs were retrospectively analyzed in this study.
Radiomic features were extracted from corticomedullary phase (CMP) and nephrographic phase (NP) CT images.
Intraclass correlation coefficient (ICC) was calculated to quantify the feature’s reproducibility. The training and
validation cohort consisted of 163 and 108 cases. Least absolute shrinkage and selection operator (LASSO)
regression method was used for feature selection. The machine learning (ML) classifiers were k-NearestNeighbor
(KNN), Logistic Regression (LR), multilayer perceptron (MLP), Random Forest (RF), and support vector machine
(SVM). The performance of classifiers was mainly evaluated and compared by certain metrics.

Results: Seven CMP features (ICC range, 0.990-0.999) and seven NP features (ICC range, 0.931-0.999) were
selected. The accuracy of CMP, NP and the combination of CMP and NP ranged from 82.2%-85.9 %, 82.8%-94.5
% and 86.5%-90.8 % in the training cohort, and 90.7%-95.4%, 77.8%-79.6 % and 91.7%-93.5 % in the va-
lidation cohort. The AUC of CMP, NP and the combination of CMP and NP ranged from 0.901 to 0.938, 0.912 to
0.976, 0.948 to 0.968 in the training cohort, and 0.957 to 0.974, 0.856 to 0.875, 0.960 to 0.978 in the validation
cohort.

Conclusions: ML-based CT radiomics analysis can be used to predict the WHO/ISUP grade of ccRCCs pre-
operatively.

1. Introduction

Renal cell carcinoma (RCC) accounts for approximately 90 % of
renal tumors and nearly 80 % of them are clear cell renal cell carci-
nomas (ccRCCs) [1,2]. Despite of the fact that most RCCs can be cured
by surgery [3,4], preoperative assessment of the aggressiveness of RCCs
can help to select the optimal intervention method. In elderly and/or
morbid patients with small renal masses and limited life expectancy,
radiofrequency ablation and cryoablation may be offered [5]. For se-
lected low risk small renal mass (SRM), active surveillance (AS) can be
a safe option [6].

Many grading systems have been proposed for RCC to define its
aggressiveness in the past, in which the Fuhrman grading system was

* Corresponding author.
E-mail address: yinhong@fmmu.deu.cn (H. Yin).

https://doi.org/10.1016/j.ejrad.2019.108738

the most widely used one [7]. However, this system requires to assess
nuclear size, nuclear shape, and nucleolar prominence simultaneously
and therefore some cases might be confused when two or even three of
the parameters contradict with each other. Moreover, Fuhrman grading
system has a poor inter-observer reproducibility and failure to dis-
criminate outcome adequately [8,9]. Previous study has reported that
grading system based on nucleolar prominence alone showed a stronger
association with patient outcome compared with those relying on
Fuhrman grade for ccRCCs and papillary RCCs (pRCCs) [10]. In 2012,
the International Society of Urological Pathology (ISUP) introduced a
novel grading system for ccRCCs and pRCCs [11], and the system was
incorporated in the latest World Health Organization (WHO) renal
tumor classification, being designated as WHO/ISUP grading system
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ccRCCs confirmed by pathology

in our hospital (n=330)

CT images was scanned in other hospital (n=30)
Images were of insufficient quality (n=11)
Cystic appearance (n=15)

The specimens were acquired by biopsy (n=3)

| Patients enrolled in this study (n=271) I

l

!

Training cohort (n=163)
CT sanner:
GE Light Speed VCT 64
Toshiba Aquilion 16

Fig. 1. Flow chart of the patient recruitment process.
Note: ccRCCs, clear cell renal cell carcinomas.

l

Validation cohort (n=108)
CT sanner:

Somatom Definition
Somatom Definition Flash

Table 1

CT scanning and reconstruction parameters.
CT scanner CT 64 CT 16 CT 64 CT 64
Scanner model Light speed VCT Aquilion Definition Definition Flash
Manufacturer General Electric Toshiba SIEMENS SIEMENS
Tube voltage (Kv) 120 120 120 120
Tube current (mAs) Smart mAs 200-380 350mAs, smart mAs CARE Dose4D 350mAs CARE Dose4D 350mAs
Collimation (mm) 64 x 0.625 16 x 0.5 64 x 0.6 64 x 0.6
Kernel standard FC30 B30f B30f
Slice thickness (mm) 5 5 5 5
Field of view (mm?) 350 x 350 350 x 350 350 x 350 350 x 350
Matrix 512 x 512 512 x 512 512 x 512 512 x 512

[12]. Based upon increasing nucleolar prominence and the presence of
extreme nuclear pleomorphism and/or tumor giant cells and/or sar-
comatoid and/or rhabdoid differentiation, this system grades ccRCCs
and pRCCs from level 1-4. The WHO/ISUP grading system has an im-
proved inter-observer reproducibility and prognostic ability compared
to Fuhrman grading system [13].

Because imaging methods have a high diagnostic accuracy to
characterize renal malignancy, the needle biopsy is not always neces-
sary before surgery [4]. Moreover, due to the heterogeneity of ccRCCs,
biopsy has some discordances with resection sample for both Fuhrman
and WHO/ISUP grading systems [14,15].

Radiomics, which performs the high-throughput extraction and se-
lection of large number of quantitative features from digital images to
construct their relationship to the underlying pathophysiology, has
grown exponentially in the field of medical imaging [16], and proved to
be an effective method to predict the Fuhrman grade of ccRCCs
[17-22]. To the best of our knowledge, there is only one published
research that has investigated the correlation between radiomics sig-
nature and WHO/ISUP grade of ccRCCs so far [22], however, the study
was not convincing enough and had the promotion space, which just
used single-slice-based two-dimensional (2D) radiomics with only one
unadjusted-parameter classifier constructed by SVM, and without true
independent validation cohort obtained using different vendors.

Therefore, the purpose of this study is to investigate the ability of
three-dimensional (3D) CT-based radiomics analysis by different ma-
chine learning (ML) classifiers to differentiate low and high WHO/ISUP
grade of ccRCCs.

2. Materials and methods
2.1. Patients

The institutional review board of our hospital approved this retro-
spective study and the informed patient consent was waived.
Consecutive patients were collected from January 2015 to July 2017.
The inclusion and exclusion criteria are presented in Fig. 1. Finally, 271
patients with 271 ccRCCs were included in this study. The training
cohort consisted of 163 cases scanned in two different scanners, and the
validation cohort consisted of 108 cases in other two. There is a need to
mention that the study shared a portion of data (103 patients scanned
in GE LightSpeed VCT) with our previous report [19].

2.2. CT technique and WHO/ISUP grade assessment

The images were obtained by one of the four different CT scanners.
Patients were injected with non-ionic intravenous contrast material
according to their weight (1.0 mL/kg, with a minimum of 60 mL and a
maximum of 100 mL) at the rate of 3.5mL/s via the antecubital vein
through a power injector. Corticomedullary phase (CMP) and nephro-
graphic phase (NP) began 25—28s and 65—70s after contrast injec-
tion, respectively. The scanning and reconstruction parameters of the
four CT scanners are shown in Table 1.

Histopathological evaluation was performed with hematoxylin and
eosin staining, along with immunohistochemistry necessarily. A pa-
thologist with 10 years of experience specializing in renal pathology re-
examined all the specimens according to the WHO/ISUP grade criteria
[12]. WHO/ISUP III and IV were grouped as high grade, and WHO/
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(a)

(b)

Fig. 2. An example of the manual segmentation in corticomedullary phase. A
renal mass with heterogeneous enhancement in right kidney (a), manual seg-
mentation on the same axial slice (b), three-dimensional (3D) volumetric re-
construction of the tumor (c).
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ISUP I and II were grouped as low grade.
2.3. Tumor segmentation

To obtain the volume of interest (VOI) for further analysis, we up-
loaded the image data of DICOM format to Radcloud platform (version
3.1.0, http://radcloud.cn/, Huiying Medical Technology Co., Ltd,
Beijing, China) which would automate anonymization, then delineated
the outline of all contiguous slices of the entire tumor except for the
first and last one to minimize the partial volume effect. Contouring was
drawn slightly within the borders of the tumor masses on CMP and NP,
including necrotic, cystic change and hemorrhagic areas (Fig. 2).

2.4. Image preprocessing and feature extraction

Image feature extraction was also implemented in the Radcloud
platform. Before feature extraction, to eliminate the variance caused by
different scanner acquisition, avoid anisotropic resolution and improve
the reproducibility [23], original images of each patient were pre-
processed: normalization by centering it at the mean with standard
deviation, resample into the voxel size of 1 X 1 x 1lmm?® using B-Spline
interpolation, and discretization of the gray level by a fixed bin width of
25 in the histogram.

Then, the radiomics feature pool including 1029 kinds of features
was extracted from each VOI of each patient, which were classified as
five subgroups of first order statistic, shape, gray level co-occurrence
matrix (GLCM), gray level run length matrix (GLRLM) and gray level
size zone matrix (GLSZM), based on the preprocessed images and those
transformed by exponential, square, square root, logarithm and wavelet
(wavelet-LHL, wavelet-LHH, wavelet-HLL, wavelet-LLH, wavelet-
HLH, wavelet—HHH, wavelet—HHL, wavelet-LLL). Details of the
radiomics features are accordance with our previous research [19].

2.5. Feature standardization and selection

Prior to the steps of feature selection, we use a common way to
get all feature to have the same distribution by standardization: sub-
tract the mean value and divided by the standard deviation.

Feature selection was performed in two steps to select the optimal
grade-related features via the training cohort. Firstly, we needed to
identify features that were predictive, stable and reproducible to con-
struct generalizable classifiers. To do this, two radiologists in-
dependently drew VOIs in 60 randomly selected patients. Intra-class
correlation coefficient (ICC) was calculated for each feature. Following
the common strategy in previous studies [17,24-26], we considered a
feature with ICC of 0.80 or greater as excellent reproducibility and
retained it. Then, the least absolute shrinkage and selection operator
(LASSO) regression method was used to decrease the high degree of
redundancy and irrelevance. To select optimal feature subset in LASSO
regression, we performed 5-fold cross-validation based on binomial
deviance minimization criteria from the training cohort with the max-
imum iteration of 5000.

2.6. Classification

To compare the influences of different ML algorithms on the pre-
dictive performance of the model, the different algorithms including k-
nearest neighbor (KNN), logistic regression (LR), multilayer perceptron
(MLP), random forest (RF) and support vector machine (SVM), were
applied to develop radiomics-based diagnostic classifiers using the se-
lected CMP features, NP features and their combination in the training
cohort. In the process of model building, every classifier was tuned and
the hyperparameters were optimized to maximize the prediction per-
formance. Details of optimal hyperparameters of all classifiers are
shown in Supplementary S1.

Hyperparameter optimization comes at a cost. On the one hand, it
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Table 2
Patient characteristics in the training and validation cohorts.
Patient characteristics Training cohort Validation cohorts p
(n = 163) (n =108)
Age (yrs, mean * SD) 57.2 = 11.3 57.4 = 10.5 0.788
Gender
Male 98 74 0.160
Female 65 34
WHO/ISUP grade
Low grade 98 74 0.160
High grade 65 34
Tumor size (cm, 5319 52 = 1.7 0.649

mean * SD)

Note: yrs, years; SD, standard deviation; p from Chi-square test or Student’s t
test, as appropriate.

tunes the model to be adapted well to the underlying data from training
cohort. On the other hand, the performance of the tuned model may be
over-fit due to a favorable selection of hyperparameters. In order to
estimate the generalization performance of a model, we divided the
data into training cohort and validation cohort. The training cohort
consisted of 163 cases scanned in CT1 and CT2, and the validation
cohort consisted of 108 cases scanned in CT3 and CT4.

The performance of the radiomics classifiers, measuring how well
the model could distinguish patients between the low-grade or high-
grade groups, was represented by receiver operating characteristic
(ROC) curves with the associated areas under the ROC curve (AUC),
accuracy, sensitivity and specificity.

All of feature standardization, selection and model building with the
related statistics and graphing were done in the Anaconda3 platform
(https://www.anaconda.com/) using the programming language of
Python 3.6 (https://www.python.org/) and the packages of ‘scikit-
learn’ (https://scikit-learn.org/) and ‘matplotlib’ (https://matplotlib.
org/). Statistical analysis of clinical information was performed using
SPSS software (version 20.0; SPSS, Inc., Chicago, IL, USA). The tests in
our study were two-tailed and p < 0.05 was considered as statistical
significance.

3. Results
3.1. Clinical characteristics

Of the 271 patients, there were 172 males and 99 females with a
mean age of 57.3 + 10.9 years and range from 23 to 85 years. Patient
characteristics of the training and validation cohort are shown in
Table 2, and showed no significant differences between the two cohorts.
However, tumor size between low-grade and high-grade groups showed
statistical difference (4.7 £ 1.5cm vs 6.2 + 2.0cm, p < 0.001, t
test).
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3.2. The selection of radiomic features

Among 1029 radiomics features in each original feature set of CMP
and NP, 102 and 144 features were excluded due to the ICCs lower than
0.80, respectively. After LASSO analysis, seven features were further
selected both in CMP and NP with excellent ICCs, ranging from 0.990 to
0.999 and 0.931 to 0.999, respectively. The details of the selected
features are shown in Table 3 (ICCs), Fig. 3 (the coefficients in the
LASSO models) and Fig. 4 (heat maps between low-grade and high-
grade groups).

3.3. The predictive performance of the ML classifiers

In each classifier, CMP model, NP model and the combined model
were respectively constructed based on the selected CMP features, NP
features, and their combination. The results of ML-based CT radiomics
analysis to discriminate low and high WHO/ISUP grade ccRCCs in the
training and validation cohorts are summarized in Tables 4 and 5. In
general, all classifiers achieved a satisfying performance, especially in
the combined model, where accuracy and AUC ranged from
91.7%-93.5 % and 0.960 to 0.978 in the validation cohort, compared to
86.5%-90.8 % and 0.948 to 0.968 in the training cohort.

4. Discussion

WHO/ISUP grade is a validated grading system for ccRCCs, with
gradually worse outcome when the grade rises from 1 to 4 [13].
Therefore, preoperative prediction of WHO/ISUP grade is very im-
portant for clinical decision making. In this study, the ML classifiers
based on CT radiomics features achieved satisfactory performance to
discriminate between low and high WHO/ISUP grade of ccRCCs. The
performance was nip and tuck among classifiers built by different ML
algorithms, and generally more than 90 % of the ccRCCs were correctly
classified.

Recent studies have reported the discrimination of Fuhrman grade
by CT radiomics/texture analysis [17-21]. However, the potential
value of CT radiomics analysis to predict WHO/ISUP grade of ccRCCs
was only presented in one published research [22]. Compared to these
studies, our study had some improvements and differences.

Firstly, the WHO/ISUP grading system had replaced Fuhrman
grading system because of it’s better reproducibility and prognostic
ability [13]. Secondly, our study had an independent validation cohort
in different CT scanners and therefore the results became more robust
and convincing. Thirdly, the performance was improved dramatically,
AUCGs of classifiers using the features combining CMP an NP was more
than 95.0. % in the validation cohort, compared with those from
76.6%-86.0 % in the previous Fuhrman grade studies [17-19].
Fourthly, we didn’t evaluate the performance of the subjective findings,
mainly because subjective findings were more easily affected by phy-
sician’s experience, the inter-reader agreement was low or just fair

Table 3
ICCs of the selected features in CMP and NP images.
CMP NP
Features ICCs Features ICCs
First-order features Firstorder features
original 90Percentile 0.999 original RootMeanSquared 0.998
wavelet-LLH_Kurtosis 0.988 squareroot_RootMeanSquared 0.999
wavelet-LLH_Uniformity 0.990 wavelet-HLL_Mean 0.931
Texture features Texture features
original glrlm_Gray Level Non Uniformity Normalized 0.993 original_glem_Idn 0.933
original _glrlm_Run Length Non Uniformity Normalized 0.997 squareroot_glszm_Large Area Emphasis 0.997
wavelet-LLH_glem_Maximum Probability 0.992 wavelet-LLH_glem_Energy 0.994
wavelet-LLL_glrlm_Run Length Non Uniformity Normalized 0.995 wavelet-LLL_glrlm_Short Run Emphasis 0.993

Note: ICC, Intra-class correlation coefficient; CMP, corticomedullary phase; NP, nephrographic phase; the representation of feature format: original/transforma-

tion_subgroup_name.


https://www.anaconda.com/
https://www.python.org/
https://scikit-learn.org/
https://matplotlib.org/
https://matplotlib.org/

J. Shu, et al.

(a)

Coefficients in the Lasso Model
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Fig. 3. The coefficients of selected features in the LASSO
models of corticomedullary phase (a) and nephrographic
phase (b). Bar chart lists the selected radiomics features on
the y-axis with their respective coefficients in the LASSO

wavelet-LLL_glrlm_RunLengthNonUniformityNormalized - il model on the x-axis. Generally, the larger the absolute
value of the coefficient is, the greater contribution to
wavelet-LLH_glcm_MaximumProbability 1 e model the feature makes. Note: LASSO, least absolute
wavelet-LLH_firstorder_Uniformity || shrinkage and selection operator.
wavelet-LLH_firstorder_Kurtosis |
original_glrim_RunLengthNonUniformityNormalized 4 I
original_glrlm_GrayLevelNonUniformityNormalized - i |
original_firstorder_90Percentile | |
—0104 —0‘.02 0.60 0.62 0.64 0.66 0.‘08
(b)
Coefficients in the Lasso Model
wavelet-LLL_glrim_ShortRunEmphasis x|
wavelet-LLH_glcm_Energy —1
wavelet-HLL_firstorder_Mean 4 o |
squareroot_glszm_LargeAreaEmphasis | |
squareroot_firstorder_RootMeanSquared - [
original_glem_ldn - |
original_firstorder_RootMeanSquared 1  I—
—OI.06 —0‘.04 —0‘.02 0.‘00 0.62 0.‘04

[26,27]. Fifthly, Single-slice-based 2D CT texture analysis of renal
masses is more sensitive to manual segmentation [28], and texture
features extracted by the segmentation with margin shrinkage of 2 mm
had the more excellent reproducibility than those of contour-focused
segmentation [29], therefore the contouring of VOI based on 3D images
was drawn slightly within the borders of the tumor in our study. Al-
though low-grade ccRCCs had smaller size than high-grade, the wide
overlap (4.7 = 1.5cm for low-grade vs 6.2 *= 2.0 cm for high-grade)
makes this feature valueless in clinical practice.

The results of feature selection showed that three first-order features
and four texture features both in CMP and NP were significantly asso-
ciated with WHO/ISUP grade, and the diagnosis ability of texture fea-
tures was superior to first-order features according to the coefficients in
LASSO models. Texture features analysis had proved to be an effective
method in discriminating malignant and benign renal masses and pre-
dicting their aggressiveness [17-19,30,31]. And we do have something
of the selected features in common despite of various strategies of
feature selection among these studies.

To be specific, lesion heterogeneity is a known feature of malig-
nancy, increased heterogeneity along with increased aggressiveness
[33]. GLRLM features counting consecutive voxels/pixels with the same
gray-level value in any given direction, had two features related to the
gray-level heterogeneity, namely run-length nonuniformity and gray-
level nonuniformity [32]. The studies found there were differentiated
GLRLM features distribution between each other of fat-poor renal an-
giomyolipoma, low and high Fuhrman grade ccRCCs and sarcomatoid
RCC [17,18,26,27,30], and also contributed to differentiate high from
low WHO/ISUP grade ccRCCs in our study. Furthermore, GLCM fea-
tures as the most commonly used texture parameters in texture analysis,
are constructed using the number, distance and angle of a combination
of grey levels derived from CT images [34]. ‘GLCM_MaximumProb-
ability’ of CMP, ‘GLCM_Idn’ and ‘GLCM _Energy’ of NP were finally se-
lected by our experiments, which was in accordance with the finding of

previous studies that GLCM features were strongly correlated with the
aggressiveness of renal mass [31].

Our study has important practical implications. WHO/ISUP grade
system is a well-recognized prognostic factor for ccRCCs and pRCCs,
with superior performance than Fuhrman grade system [13]. If low
WHO/ISUP grade of ccRCCs can be identified preoperatively, such
patients will be the candidates for AS and vice versa, especially for
those with small masses. Moreover, considering the high accuracy of
0.865 to 0.908 in training cohort and 0.917 to 0.935 in validation co-
hort we achieved, comparable with 88 % that the fine-needle aspiration
(FNA) got [15], this non-invasive method of CT-based radiomics ana-
lysis can be an alternative way of FNA to predict the aggressiveness of
ccRCCs.

There are some inevitable limitations in the research. Firstly, this
was a retrospective study so the selection bias cannot be fully avoided,
nevertheless, almost all of the current radiomics or texture studies are
retrospective in nature. Secondly, external validation in different cen-
ters with more samples are needed to validate the robustness and
generalization although we had independent validation cohort in dif-
ferent scanners, and the class imbalance in the validation set would
influence the performance metrics to some extent. Thirdly, it was a bit
cumbersome to draw three-dimensional VOI compared to two-dimen-
sional ROI, however three-dimensional analysis appeared more re-
presentative of tumor heterogeneity [35], and we are confident there
will be semi-automated software to recognize RCCs in CT images in the
future. Fourthly, our study didn’t include the non-contrast CT images,
mainly because it is difficult to identify the border of some ccRCCs
without enhancement based on our experience, though there was report
that unenhanced CT texture analysis could predict the nuclear grade of
ccRCCs [36].

In conclusion, ML-based CT radiomics classifiers can be a com-
plementary tool to predict the WHO/ISUP grade of ccRCCs pre-
operatively, which might make contribution to personalized treatment.
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Fig. 4. The heat maps of selected standardized features of corticomedullary phase (a) and nephrographic phase (b) between low and high WHO/ISUP grade ccRCCs.
Difference in colors and their shades indicates dissimilarity of the corresponding radiomics feature value. Note: WHO, World Health Organization; ISUP, International

ccRCCs, clear cell renal cell carcinomas.

Society of Urological Pathology;
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Table 4
Diagnostic performance of machine learning-based CT radiomics classifiers to
discriminate low and high WHO/ISUP grade ccRCCs in training cohort.

Classifiers Accuracy (%) Sensitivity ~ Specificity =~ AUC
KNN
CMP 83.4 (77.9-87.4)  0.847 0.815 0.906 (0.867-0.940)
NP 84.0 (78.3-88.3)  0.847 0.831 0.917 (0.882-0.948)
CMP+NP  86.5(79.5-92.2) 0.847 0.892 0.948 (0.923-0.970)
LR
CMP 84.0 (77.5-89.1)  0.837 0.846 0.915 (0.875-0.951)
NP 83.4 (73.8-92.8)  0.786 0.908 0.912 (0.873-0.946)
CMP+NP  90.2 (81.8-97.7)  0.857 0.969 0.964 (0.943-0.981)
MLP
CMP 82.8 (74.0-90.7)  0.796 0.877 0.901 (0.861-0.937)
NP 82.8 (71.3-96.1)  0.745 0.954 0.919 (0.881-0.951)
CMP+NP  90.8 (84.7-95.6) 0.888 0.938 0.966 (0.944-0.983)
RF
CMP 85.9 (76.9-94.1)  0.816 0.923 0.938 (0.907-0.965)
NP 94.5 (92.4-95.9)  0.949 0.938 0.976 (0.958-0.990)
CMP+NP  89.6 (84.3-93.5)  0.888 0.908 0.968 (0.947-0.983)
SVM
CMP 82.2(73.7-89.7)  0.796 0.862 0.903 (0.861-0.940)
NP 85.9 (82.8-87.9)  0.888 0.815 0.923 (0.884-0.955)
CMP+NP  90.8 (82.9-97.7)  0.867 0.969 0.964 (0.941-0.982)

Note: 95 % confidence interval in parentheses; WHO, World Health
Organization; ISUP, International Society of Urological Pathology; ccRCC, clear
cell renal cell carcinoma; KNN, k-nearest neighbor; LR, logistic regression; MLP,
multi-layer perceptron; RF, random forest; SVM, support vector machine; AUC,
area under the curve; CMP, corticomedullary phase; NP, nephrographic phase.

Table 5
Diagnostic performance of machine learning-based CT radiomics classifiers to
discriminate low and high WHO/ISUP grade ccRCCs in validation cohort.

Classifiers Accuracy (%) Sensitivity ~ Specificity ~AUC
KNN
CMP 90.7 (87.8-95.2) 0.894 0.929 0.959 (0.930-0.984)
NP 77.8 (66.7-88.9) 0.727 0.857 0.861 (0.803-0.914)
CMP+NP  92.6 (88.6-95.3) 0.924 0.929 0.974 (0.952-0.991)
LR
CMP 90.7 (86.4-93.8) 0.909 0.905 0.961 (0.932-0.986)
NP 79.6 (70.8-86.7) 0.788 0.810 0.861 (0.804-0.916)
CMP+NP  91.7 (88.4-93.8) 0.924 0.905 0.960 (0.928-0.986)
MLP
CMP 95.4 (92.9-100.0)  1.000 0.881 0.974 (0.947-0.994)
NP 77.8 (65.0-93.8) 0.682 0.909 0.869 (0.818-0.920)
CMP+NP  93.5 (90.7-95.3) 0.939 0.929 0.978 (0.957-0.995)
RF
CMP 92.6 (88.6-95.3) 0.924 0.929 0.972 (0.951-0.990)
NP 79.6 (738-83.3) 0.833 0.738 0.875 (0.824-0.925)
CMP+NP  93.5 (889-96.8) 0.924 0.952 0.976 (0.957-0.993)
SVM
CMP 90.7 (82.0-98.3) 0.864 0.976 0.957 (0.924-0.987)
NP 77.8 (68.0-86.2) 0.758 0.810 0.856 (0.798-0.911)
CMP+NP  92.6 (91.4-94.7) 0.970 0.857 0.971 (0.948-0.989)

Note: 95 % confidence interval in parentheses; WHO, World Health
Organization; ISUP, International Society of Urological Pathology; ccRCC, clear
cell renal cell carcinoma; KNN, k-nearest neighbor; LR, logistic regression; MLP,
multi-layer perceptron; RF, random forest; SVM, support vector machine; AUC,
area under the curve; CMP, corticomedullary phase; NP, nephrographic phase.
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