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Abstract
Objective To determine the possible influence of segmentation margin on each step (feature reproducibility, selection, and
classification) of the machine learning (ML)-based high-dimensional quantitative computed tomography (CT) texture analysis
(qCT-TA) of renal clear cell carcinomas (RcCCs).
Materials and methods For this retrospective study, 47 patients with RcCC were included from a public database. Two segmen-
tations were obtained by two radiologists for each tumour: (i) contour-focused and (ii) margin shrinkage of 2 mm. Texture
features were extracted from original, filtered, and transformed CT images. Feature selection was done using a correlation-based
algorithm. TheML classifier was k-nearest neighbours. Classifications were performed with and without using synthetic minority
over-sampling technique. Reference standard was nuclear grade (low versus high). Intraclass correlation coefficient (ICC),
Pearson’s correlation coefficient, Wilcoxon signed-ranks test, and McNemar’s test were used in the analysis.
Results The segmentation with margin shrinkage of 2 mm (772 of 828; 93.2%) yielded more texture features with excellent
reproducibility (ICC ≥ 0.9) than contour-focused segmentation (714 of 828; 86.2%), p < 0.0001. The feature selection algorithms
resulted in different feature subsets for two segmentation datasets with only one common feature. All ML-based models based on
contour-focused segmentation (area under the curve [AUC] range, 0.865–0.984) performed better than those with margin
shrinkage of 2 mm (AUC range, 0.745–0.887), p < 0.05.
Conclusions Each step of the ML-based high-dimensional qCT-TAwas susceptible to a slight change of 2 mm in segmentation
margin. Despite yielding fewer features with excellent reproducibility, use of the contour-focused segmentation provided better
classification performance for distinguishing nuclear grade.
Key Points
• Each step of a machine learning (ML)-based high-dimensional quantitative computed tomography texture analysis (qCT-TA) is
sensitive to even a slight change of 2 mm in segmentation margin.

• Despite yielding fewer texture features with excellent reproducibility, performing the segmentation focusing on the outermost
boundary of the tumours provides better classification performance in ML-based qCT-TA of renal clear cell carcinomas for
distinguishing nuclear grade.

• Findings of an ML-based high-dimensional qCT-TA may not be reproducible in clinical practice even using the same feature
selection algorithm and ML classifier unless the possible influence of the segmentation margin is considered.
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Abbreviations
AUC Area under the curve
CE-CT Contrast-enhanced computed tomography
CT Computed tomography
ICC Intraclass correlation coefficient
k-NN k-nearest neighbours
LoG Laplacian of Gaussian
NN Nearest neighbours
qCT-TA Quantitative computed tomography

texture analysis
qTA Quantitative texture analysis
RCC Renal cell carcinoma
RcCC Renal clear cell carcinoma
TCGA-KIRC The Cancer Genome Atlas-Kidney

Renal Clear Cell Carcinoma
WEKA Waikato environment for knowledge

analysis

Introduction

Quantitative texture analysis (qTA) is an image processing
method for measuring certain pixel or voxel patterns that
may not be perceptible with human eye [1, 2]. It produces
numerous texture feature parameters, making the analysis
high-dimensional. Although the field of high-dimensional
qTA is still in its infancy, the literature suggests that it can be
used in predicting tumour characterisation, stage, nuclear
grade, response to treatment, and overall survival [1, 3, 4].
On the other hand, recent evidence suggests that the conclu-
sionsmust be treated with caution since several texture features
can vary significantly with slight changes in the images and
acquisition parameters [5–7]. Even with the use of same acqui-
sition protocols, the qTA might not guarantee similar texture
feature values [5]. Therefore, reproducibility of texture features
has been a critical challenge for acquiring consistent results in
building predictive models to be used in clinical practice.

A machine learning (ML)-based high-dimensional qTA
consists of a few consecutive steps including image prepro-
cessing, segmentation, feature extraction, feature selection,
and model development. Although each stage has a potential
to be a source for reproducibility problems [7–15], the seg-
mentation is thought to be the most critical and challenging
component of radiomics studies [2]. Manual segmentation by
experts is a widely used method and considered as a ‘gold
standard’, but it also suffers from inter-observer variability.
Despite covering the visible tumour contour seems to be intu-
itive to obtain all textural information from the lesion of inter-
est, it might be complicated with textural details of the

peritumoural or non-tumoural areas, which might have an
influence on the reproducibility of the texture features, select-
ed feature subsets, and in turn classification performance. To
date, much work has been done for assessment of reproduc-
ibility of the qTAwith relatively few features, mainly focusing
on acquisition techniques and parameters [6, 7, 16].
Nonetheless, no attention has been given to the possible influ-
ence of the differences in segmentation margin of the tumours
with relatively distinct contours like most renal tumours. In
addition, to our best knowledge, no study has yet examined
the possible influence of segmentation margin differences on
reproducibility of high-dimensional quantitative computed to-
mography (CT) texture analysis (qCT-TA).

The present study was designed to determine the possible
influence of slight differences in segmentation margin on high-
dimensional CT texture feature reproducibility, feature selec-
tion, and ML-based classifications for distinguishing low and
high nuclear grade renal clear cell carcinomas (RcCCs).

Materials and methods

Study design

No ethical approval was obtained for this experimental retro-
spective study because all patients’ data included in this study
are publicly and freely available for scientific purposes.

The patients included in this study were obtained from the
Cancer Genome Atlas-Kidney Renal Clear Cell Carcinoma
(TCGA-KIRC) [17, 18]. The results shown here are in whole
or part based upon the data generated by the TCGA Research
Network: http://cancergenome.nih.gov/. The authors
acknowledge that they have previously used this public
database (The Cancer Genome Atlas-Kidney Renal Clear
Cell Carcinoma [TCGA-KIRC]) in different context [19].

To create a uniform imaging protocol, the inclusion criteria
used in this study were as follows: (i) patients who had under-
gone pretreatment corticomedullary phase contrast-enhanced
CT (CE-CT); (ii) CE-CTwith a slice thickness of 5 mm; (iii)
CE-CTwith pixel spacing less than 1 mm; (iv) CE-CTwith no
overlap between slices; and (v) CE-CT performed with max-
imum tube voltage of 140 kV. Because the contrast delay time
was not available in patients’ imaging data, we used a previ-
ously reported quantitative method for inclusion of
corticomedullary phase images [20]. We included the imaging
studies if the difference in enhancement between cortex and
medulla was equal or higher than 90 Hounsfield units [20].

The exclusion criteria were as follows: (i) patients with
images that had significant image noise or significant
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artefacts; and (ii) patients with multiple tumours unless
the target tumour was certain in the database. Multiple
tumours were excluded because there was only one nucle-
ar grade reported for multiple tumours in the public
database.

In total, the TCGA-KIRC database includes 537 cases.
However, only 267 patients’ imaging data were available
in http://www.cancerimagingarchive.net/. Among these
267 patients, only 47 patients with RcCC met our
inclusion/exclusion criteria. Patients’ demographics are
presented in Table 1. The list of the included patients with
codes as appeared in TCGA-KIRC database is presented in
Supplementary Table 1.

The reference standard for classifications was publicly
available nuclear grade of the RcCCs in TCGA-KIRC [17,
18]. The tumours were grouped as high (nuclear grades 3
and 4) and low nuclear grade (nuclear grades 1 and 2).

To provide a better understanding to the readers, the flow-
chart in Fig. 1 summarises general methodological pipeline
and the most critical technical steps used in this study.

Image processing

Details on the image processing are given in Online
Supplement Part E1.

Table 1 Patients’
demographics and
characteristics

Values

Mean age 59.7 years

Gender

Female 24 (51.1%)

Male 23 (48.9%)

Mean tumour size* 74.7 mm

Nuclear grade

Low 14 (29.8%)

High 33 (70.2%)

T stage

T1a 11 (23.4%)

T1b 8 (17%)

T2a 2 (4.3%)

T2b 1 (2.1%)

T3a 19 (40.4%)

T3b 5 (10.6%)

T3c 1 (2.1%)

N stage

Nx 30 (63.8%)

N0 17 (36.2%)

M stage

M0 36 (76.6%)

M1 11 (23.4%)

Stage groups

Stage 1 19 (40.4%)

Stage 2 2 (4.3%)

Stage 3 15 (31.9%)

Stage 4 11 (23.4%)

T/N/M stages and stage groups refer to
pathological evaluation

*maximum three-dimensional tumour
diameter

Fig. 1 The flowchart shows the methodologic pipeline of this study. LoG
Laplacian of Gaussian, GLDM grey-level dependence matrix, GLCM
grey-level co-occurrence matrix, GLRLM grey-level run-length matrix,
GLSZM grey-level size zone matrix, NGTDM neighbouring grey-tone
difference matrix, CFS correlation-based feature selection, ML machine
learning, CV cross-validation, SMOTE synthetic minority over-sampling
technique
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Texture feature extraction

Texture features were extracted using PyRadiomics [21]. An
axial image slice that represents the largest cross-sectional
area of a tumour was selected. Two segmentations were ob-
tained from each lesion with the following order: (i) one with
contour-focused (focusing on visible outermost boundary of
the tumours) and (ii) one with margin shrinkage of 2 mm from
the lesion contour (Fig. 2). The contour-focused segmentation
was created manually. On the other hand, the one with shrink-
age was performed using margin shrinkage function of the
software that creates the procedure equally in every direction.

Texture features were extracted from non-filtered (origi-
nal), filtered, and wavelet transformed images. Laplacian of
Gaussian (LoG) filter was used for image filtrationwith values
of 2 mm, 4 mm, and 6 mm; where, 2 mm, 4 mm, and 6 mm
represent fine, medium, and coarse patterns, respectively.

The total number of the features extracted was 828 per
lesion. The extracted texture feature groups are given in
Online Supplement Part E2.

Reproducibility analysis

To assess the reproducibility of the texture features, two radiol-
ogists independently segmented randomly selected 25 tumours.
Both radiologists were blind to the nuclear grade of the lesions.

Intraclass correlation coefficients (ICC) were calculated for
each texture feature. The following scale of ICC was used for
assessment of texture feature reproducibility: (i) ICC < 0.5,
poor reproducibility; (ii) 0.75 > ICC ≥ 0.5, moderate reproduc-
ibility; (iii) 0.9 > ICC ≥ 0.75, good reproducibility; and (iv)
ICC ≥ 0.9, excellent reproducibility [22]. The features with
ICC ≥ 0.9 were included in the further feature selection steps.
Paired proportions of the features with excellent reproducibility
on two segmentation data (contour-focused versus margin
shrinkage) were compared using McNemar’s test. A two-
tailed p value less than 0.05 indicated statistical significance.

Feature selection

The feature selection was performed using the Waikato
Environment for Knowledge Analysis (WEKA) toolkit version
3.8.2 (The University of Waikato) [23, 24]. Further details about
the feature selection are given in Online Supplement Part E3.

Possible collinearity of the selected features was assessed
using Pearson’s correlation coefficient (r). The r threshold for
collinearity was 0.7 [25].

Machine learning classification

Machine learning (ML)-based classifications were performed
using WEKA toolkit version 3.8.2. K-nearest neighbours (k-

Fig. 2 Tumour segmentation
technique. a A left-sided renal
clear cell carcinoma. b Green-
coloured area showing the
contour-focused segmentation
performed manually by focusing
on the visible outer margin of the
mass. c Purple-coloured area
showing the segmentation with
margin shrinkage of 2 mm
performed by the software
equally in every direction. d
Overlay of both segmentations
(contour-focused as green line;
the one with margin shrinkage of
2 mm as blue area) presenting the
equal difference in every direction
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NN) algorithm was used for model development. Different k-
values were used to avoid over- and under-fitting. All ML
models created and validated with and without synthetic mi-
nority over-sampling technique (SMOTE) so as to avoid pos-
sible consequences of class imbalance [26]. Further details on
the SMOTE are given in Online Supplement Part E4. Ten-fold
cross-validation was adopted for the validation of the model.
The performance of classifiers was mainly evaluated and com-
pared by the area under the curve (AUC). Accuracy, sensitiv-
ity, specificity, precision, F-measure (weighted harmonic
mean of precision and recall), and the Matthews correlation
coefficient were also calculated. Comparisons of the 10-fold
cross-validated predictive performance of k-NN classifiers
were done using the Wilcoxon signed-ranks test [27]. A two-
tailed p value less than 0.05 indicated statistical significance.

Results

Reproducibility analysis

Reproducibility analysis by two radiologists revealed that
86.2% of texture features (714 of 828) had excellent repro-
ducibility (ICC ≥ 0.9) on contour-focused segmentation. The
number of the features with good (0.9 > ICC ≥ 0.75), moder-
ate (0.75 > ICC ≥ 0.5), and poor (ICC < 0.5) reproducibility
was 36 (4.3%), 48 (5.8%), and 30 (3.6%), respectively. For
contour-focused segmentation, Supplementary Table 2 shows
the features without excellent reproducibility in detail.

On the other hand, using segmentation with margin shrink-
age of 2 mm, 93.2% (772 of 828) of the texture features had
excellent reproducibility (ICC ≥ 0.9). The number of the fea-
tures with good (0.9 > ICC ≥ 0.75), moderate (0.75 > ICC ≥
0.5), and poor (ICC < 0.5) reproducibility was 40 (4.8%), 9
(1.1%), and 7 (0.8%), respectively. For the segmentation with
margin shrinkage, Supplementary Table 3 shows the features
without excellent reproducibility in detail.

In summary, the number of the features with excellent
(ICC ≥ 0.9) and good (0.9 > ICC ≥ 0.75) reproducibility in-
creased from contour-focused segmentation to the segmenta-
tion with margin shrinkage of 2 mm.

Difference in proportions of the features with excellent
reproducibility was statistically significant (difference [confi-
dence interval], − 7% [− 8.9 to − 5.1%], p < 0.0001). The
number and the proportions of the features based on two seg-
mentation data are presented in Supplementary Table 4.

Feature selection

Using the correlation-based feature selection algorithm, the
number of the features selected was 5 for contour-focused
segmentation data and 4 for the segmentation with margin
shrinkage of 2 mm. Only one texture feature appeared on both

segmentation data. The remaining selected texture features
were completely different. Table 2 shows the selected features
in detail. The distribution of normalised texture feature values
for the contour-focused segmentation and the one with margin
shrinkage is presented in Fig. 3 and Fig. 4, respectively.

All of the selected texture features for two segmentation
data were extracted from the images with LoG filter or wave-
let transformation. For the segmentation with margin shrink-
age of 2 mm, all of the four features were from wavelet im-
ages. On the other hand, for contour-focused segmentation,
four out of five features were from wavelet images.

Regarding the texture feature classes like first-order, grey-
level co-occurrence matrix and grey-level dependence matrix,
all of the features were from the different classes in the qTA
based on the contour-focused segmentation. On the other
hand, there was a dominance of grey-level dependence matrix
in the qTA based on the segmentation with margin shrinkage.

There was no significant collinearity between selected fea-
tures for each segmentation type (Fig. 5).

Classification without SMOTE

Using the contour-focused segmentation, k-NN classifier with
k-values of 3, 5, and 7 correctly classified 80.8%, 85.1%, and
82.9% of the RcCCs regarding nuclear grade with AUC
values of 0.984, 0.870, and 0.865, respectively. On the other
hand, using the segmentation with margin shrinkage of 2 mm,
k-NN classifier with k-values of 3, 5, and 7 correctly classified
65.9%, 63.8%, and 70% of the RcCCs regarding nuclear
grade with AUC values of 0.745, 0.786, and 0.797, respec-
tively. Detailed performance metrics are presented in Table 3.

Classification with SMOTE

Using the contour-focused segmentation, k-NN classifier with
k-values of 3, 5, and 7 correctly classified 89.3%, 89.3%, and
89.3% of the RcCCs regarding nuclear grade with AUC
values of 0.949, 0.944, and 0.928, respectively. On the other
hand, using the segmentation with margin shrinkage of 2 mm,
k-NN classifier with k-values of 3, 5, and 7 correctly classified
77.2%, 77.2%, and 71.2% of the RcCCs regarding nuclear
grade with AUC values of 0.887, 0.858, and 0.846, respec-
tively. Detailed performance metrics are presented in Table 4.

Comparison of the models

Either with or without SMOTE, the AUC values in 10-fold
cross-validation were statistically significantly different be-
tween all ML-based models created using the contour-
focused segmentation and the one with the shrinkage of
2 mm, p < 0.05 (Fig. 6 and Table 5). The classification perfor-
mance of the models with contour-focused outperformed the
ones with the shrinkage of 2 mm.
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Discussion

Overview

In this retrospective methodological study, we evaluated
the influence of a slight difference of 2 mm in segmenta-
tion margin on ML-based high-dimensional qCT-TA for
distinguishing low and high nuclear grade RcCCs. We

found that the minor difference has an influence on each
step of the ML-based qCT-TA including interobserver re-
producibility of texture features, algorithm-based feature
selection, and the ML-based classifications. Despite yield-
ing fewer features with excellent reproducibility, the use of
the contour-focused segmentation provided better classifi-
c a t i on pe r f o rmance i n qCT-TA o f RcCCs fo r
distinguishing nuclear grade. Taken together, these results

Fig. 3 Distribution of the selected
texture features using contour-
focused segmentation data. a
Deviation plot shows mean (blue
and red lines) of the normalised
texture feature parameters with
their corresponding one standard
deviation (blue- and red-coloured
areas). b Coloured and smoothed
heat map shows the distribution
and differences of normalised
texture feature values by
presenting each tumour’s value.
Please refer to Table 2 for the
actual feature names. Low and
High indicate the nuclear grade of
the renal clear cell carcinomas

Table 2 Selected feature subsets for each segmentation data

Segmentation type
and
features

Selected texture features

Image type Feature class Feature name ICC

Contour-focused

cTexF1 LoG filter of 6 mm GLDM Dependence non-uniformity normalised 0.997

cTexF2* Wavelet-HL GLCM Correlation 0.997

cTexF3 Wavelet-HL First-order Skewness 0.968

cTexF4 Wavelet-LL GLRLM Grey-level non-uniformity 0.998

cTexF5 Wavelet-LH NGTDM Complexity 1

Margin shrinkage of 2 mm

sTexF1* Wavelet-HL GLCM Correlation 0.997

sTexF2 Wavelet-HH GLDM Grey-level non-uniformity 0.997

sTexF3 Wavelet-LH GLDM Small dependence high grey-level emphasis 0.995

sTexF4 Wavelet-LH NGTDM Contrast 0.972

*indicates the features appearing on both segmentation data sets

ICC intraclass correlation coefficient, LoG Laplacian of Gaussian, GLDM grey-level dependence matrix, GLCM grey-level co-occurrence matrix,
GLRLM grey-level run length matrix, NGTDM neighbouring grey-tone difference matrix, L low frequency band, H high frequency band
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suggest that findings of a high-dimensional qCT-TA may
not be reproducible in clinical practice even using the same
feature selection algorithm and ML classifier unless the
segmentation margin (contour-focused versus margin
shrinkage) is considered.

Practical implications

Although some researchers tend to segment renal cell carcino-
mas (RCCs) with a secure peripheral zone in order to avoid
partial volume effect or volume averaging [28, 29], our findings

Fig. 4 Distribution of the selected
texture features using the
segmentation with margin
shrinkage of 2 mm. a Deviation
plot shows mean (blue and red
lines) of the normalised texture
feature parameters with their
corresponding one standard
deviation (blue- and red-coloured
areas). b Coloured and smoothed
heat map shows the distribution
and differences of normalised
texture feature values by
presenting each tumour’s value.
Please refer to Table 2 for the
actual feature names. Low and
High indicate the nuclear grade of
the renal clear cell carcinomas

Fig. 5 The correlation matrix presenting the auto- and cross-correlation
of the selected features for (a) contour-focused segmentation and (b) the
one with margin shrinkage of 2 mm. No significant correlation is present

among the features. Please refer to Table 2 for the actual feature names.
abs absolute value, cor correlation
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suggest that using contour-focused segmentation rather than
with shrinkage might improve the ML-based classification re-
sults by yielding better texture features despite having fewer
reproducible features. These findings might be interpreted con-
tradictory (fewer reproducible features versus high ML-based
classification results). However, a higher number of reproduc-
ible features does not have to mean that the features have valu-
able information for the textural profile of the lesions or

tumours. We think that these are completely different entities.
Slight changes in segmentation margin might have a potential to
change textural information and selected texture features gath-
ered from the segmentation data. To obtain consistent results in
ML-based qCT-TA of RcCCs, the concerns about segmentation
margin presented in this study need to be considered carefully.

Our study may also have other potential implications because
the nuclear grade of RcCC is considered one of the most

Table 3 Performance of the machine learning–based classifications without synthetic minority over-sampling technique (SMOTE)

Segmentation/classifier Accuracy Sensitivity Specificity Precision F-measure MCC AUC Confusion matrix

H L R

Contour-focused

3-NN 80.8% 81.8%
78.6%

78.6%
81.8%

90%
64.7%

0.857
0.710

0.575 0.984 27 6 High

3 11 Low

5-NN 85.1% 81.8%
92.9%

92.9%
81.8%

96.4%
68.4%

0.885
0.929

0.696 0.870 27 6 High

1 13 Low

7-NN 82.9% 78.8%
92.9%

92.9%
78.8%

96.3%
65%

0.867
0.765

0.663 0.865 26 7 High

1 13 Low

Margin shrinkage of 2 mm

3-NN 65.9% 72.7%
50%

50%
72.7%

77.4%
43.8%

0.750
0.467

0.219 0.745 24 9 High

7 7 Low

5-NN 63.8% 69.7%
50%

50%
69.7%

76.7%
41.2%

0.730
0.452

0.187 0.786 23 10 High

7 7 Low

7-NN 70% 78.8%
50%

50%
78.8%

78.8%
50%

0.788
0.500

0.288 0.797 26 7 High

7 7 Low

NN nearest neighbours, MCC Matthews correlation coefficient, AUC area under the curve, H and High high grade, L and Low low grade, R reference
standard

Table 4 Performance of the machine learning–based classifications with synthetic minority over-sampling technique (SMOTE)

Segmentation/classifier Accuracy Sensitivity Specificity Precision F-measure MCC AUC Confusion matrix

H L R

Contour-focused

3-NN 89.3% 81.8%
97%

97%
81.8%

96.4%
84.2%

0.885
0.901

0.797 0.949 27 6 High

1 32 Low

5-NN 89.3% 78.8%
100%

100%
78.8%

100%
82.5%

0.881
0.904

0.806 0.944 26 7 High

0 33 Low

7-NN 89.3% 78.8%
100%

100%
78.8%

100%
82.5%

0.881
0.904

0.806 0.928 26 7 High

0 33 Low

Margin shrinkage of 2 mm

3-NN 77.2% 69.7%
84.8%

84.8%
69.7%

82.1%
73.7%

0.754
0.789

0.552 0.887 23 10 High

5 28 Low

5-NN 77.2% 63.6%
90.9%

90.9%
63.6%

87.5%
71.4%

0.737
0.800

0.567 0.858 21 12 High

3 30 Low

7-NN 71.2% 54.5%
87.9%

87.9%
54.5%

81.8%
65.9%

0.655
0.753

0.450 0.846 18 15 High

4 29 Low

NN nearest neighbours, MCC Matthews correlation coefficient, AUC area under the curve, H and High high grade, L and Low low grade, R reference
standard

4772 Eur Radiol (2019) 29:4765–4775



important prognostic factors [30–32]. In a meta-analysis, the per-
cutaneous biopsy, which is an invasive method and prone to
significant sampling bias, showed a moderate concordance
(87%) with nuclear grade [33]. In our study, non-invasive ML-
based qCT-TA showed a comparable predictive performancewith
percutaneous biopsy [33]. Also, the qCT-TA might also be con-
sidered for active surveillance of small renal masses, which may
allow repeated non-invasive assessment of the nuclear grade dur-
ing follow-up [34, 35].

Generalisability issues, limitations, and future
perspectives

Several generalisability issues and limitations to this experi-
mental study need to be acknowledged. First, there were

inherent downsides of a retrospective study design. For quanti-
tative texture analysis, there is no absolute need for a prospec-
tive design [1]. Second, the number of our patient population
was rather small, mainly due to our strict criteria for inclusion of
the patients who had a corticomedullary phase CE-CT, which
might lead a risk of overfitting regarding ML-based classifica-
tion. However, we tried to minimise this potential bias by using
a simple ML scheme (k-NN) along with different k-values.
Third, our classes were relatively imbalanced. Therefore, we
performed our analysis with and without SMOTE [26].
Fourth, even though three-dimensional qTA might be more
representative for textural information [36], only the largest
two-dimensional sections were used in this study. This was
primarily due to our objective that is to be a guide for most of
the future research because the majority of the clinical research
on qTA of RCCs have been using single or a few slice-based
segmentations. Fifth, the inclusion of patients from different
centres might be seen as an important limitation yet it might
be considered as a representation of the clinical practice. On the
other hand, all of the image data sets in our study underwent a
normalisation procedure to minimise inter-scanner variabilities
and effects [37, 38]. In addition, all images also were rescaled
and discretised because it has been shown that texture analysis
has dependency to these preprocessing steps [6]. Sixth, using a
slice thickness of 5 mm might be considered a limitation as in
conventional analysis. In contrast, our group think that rather
than thickness of the slices, the consistency of the thickness is
much more important in qTA. Seventh, we did not use inde-
pendent external datasets (single or multi-institutional) to vali-
date the performance of the classifiers further. Eighth, we only
included the corticomedullary phase images in the analysis be-
cause of its widespread use in most centres. Given the experi-
mental nature of the study, we think this is not important at this
stage. The primary purpose of this study was to draw the re-
searcher’s attention regarding the dependency of the method to
the segmentation margin. Because it is not consistent in the
dataset, we could not include the unenhanced or nephrographic
phase in this study. Ninth, we did not perform separate group
analysis for small and large lesions due to the small number of
patients in total and groups, which would cause a risk of
overfitting from theML perspective. Tenth, we did not consider
using semiautomatic and automatic segmentation techniques
because manual segmentation is the most widely used tech-
nique. Nonetheless, future research would be done using these
techniques with a comparative method. Eleventh, because we
used a contrast-enhanced phase, we think that the location of a
tumour should not be a concern for the analysis. However,
based on our experience, it must be amajor concern when using
unenhanced CT images because in that case it is challenging to
delineate the tumour contour even with the help of contrast-
enhanced series. Twelfth, we only included RcCCs in the anal-
ysis. On the other hand, whether our findings might be extrap-
olated to the other RCCs should also be further studied.

Fig. 6 The bar-chart shows the comparison of the predictive performance
of the classifiers with and without using synthetic minority over-sampling
technique (SMOTE) based on the two different segmentation data
(contour focused versus margin shrinkage of 2 mm). The performance
metric for comparison was the 10-fold cross-validated area under the
curve value (AUC). The predictive performance of the classifiers using
contour-focused segmentation data is better than those using the one with
margin shrinkage. This comparison is also supported by the Wilcoxon
signed-ranks test for all classifiers (p < 0.05). NN, nearest neighbours;
SMOTE, synthetic minority over-sampling technique

Table 5 Statistical
comparisons of the 10-
fold cross-validated
classification results
based on two different
segmentation data
(contour-focused versus
margin shrinkage of
2 mm) using area under
the curve (AUC)

Classifier* Z** p value**

3-NN − 2.805 0.005

5-NN − 2.347 0.019

7-NN − 2.829 0.005

3-NN + SMOTE − 2.809 0.005

5-NN + SMOTE − 2.814 0.005

7-NN + SMOTE − 2.552 0.011

*Each classifier used for two different seg-
mentation data (contour-focused versus
margin shrinkage of 2 mm)

**Statistical analysis was performed using
Wilcoxon signed-ranks test

NN nearest neighbours, SMOTE synthetic
minority oversampling technique, Z
standardised test statistics
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Thirteenth, tumour necrosis in RCCs is also known as an inde-
pendent predictor of survival like nuclear grade. We think that
necrosis may give important textural information and be re-
sponsible in tumour heterogeneity. Measuring only the solid
portions of the tumours by excluding the necrotic components
might also be considered for grading the tumours in the future.

Conclusions

Each step (interobserver texture feature reproducibility, fea-
ture selection, and classification) of the ML-based high-di-
mensional qCT-TA of RcCCs was susceptible to even
a slight change of 2 mm in segmentation margin. Despite
yielding fewer features with excellent reproducibility, use of
the contour-focused segmentation provided better classifica-
tion performance in qCT-TA of RcCCs for distinguishing nu-
clear grade. Taken together, findings of a high-dimensional
qCT-TA may not be reproducible in clinical practice even
using the same feature selection algorithm and ML classifier,
unless the possible influence of the segmentation margin
(contour-focused versus margin shrinkage) is considered.
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