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Abstract

Objectives: To develop radiomics-based classifiers for preoperative prediction of fibrous capsule invasion in renal cell carcinoma (RCC) patients
by CT images.

Methods: In this study, clear cell RCC (ccRCC) patients who underwent both preoperative abdominal contrast-enhanced CT and nephrectomy
surgery at our hospital were analysed. By transfer learning, we used base model obtained from Kidney Tumour Segmentation challenge dataset
to semi-automatically segment kidney and tumours from corticomedullary phase (CMP) CT images. Dice similarity coefficient (DSC) was mea-
sured to evaluate the performance of segmentation models. Ten machine learning classifiers were compared in our study. Performance of the
models was assessed by their accuracy, precision, recall, and area under the receiver operating characteristic curve (AUC). The reporting and
methodological quality of our study was assessed by the CLEAR checklist and METRICS score.

Results: This retrospective study enrolled 163 ccRCC patients. The semiautomatic segmentation model using CMP CT images obtained DSCs
of 0.98 in the training cohort and 0.96 in the test cohort for kidney segmentation, and DSCs of 0.94 and 0.86 for tumour segmentation in the
training and test set, respectively. For preoperative prediction of renal capsule invasion, the AdaBoost had the best performance in batch 1,
with accuracy, precision, recall, and Fq-score equal to 0.8571, 0.8333, 0.9091, and 0.8696, respectively; and the same classifier was also the
most suitable for this classification in batch 2. The AUCs of AdaBoost for batch 1 and batch 2 were 0.83 (95% Cl: 0.68-0.98) and 0.74 (95% ClI:
0.51-0.97), respectively. Nine common significant features for classification were found from 2 independent batch datasets, including morpho-
logical and texture features.

Conclusions: The CT-based radiomics classifiers performed well for the preoperative prediction of fibrous capsule invasion in ccRCC.

Advances in knowledge: Noninvasive prediction of renal fibrous capsule invasion in RCC is rather difficult by abdominal CT images before
surgery. A machine learning classifier integrated with radiomics features shows a promising potential to assist surgical treatment options for
RCC patients.

Keywords: clear cell renal cell carcinoma; renal fibrous capsule invasion; radiomics; CT.

valuable for the clinical treatment options. Renal mass biopsy
offers a choice for presurgical diagnosis of renal fibrous cap-
sule invasion. However, the nondiagnostic rate and false-
negative error of renal mass biopsy frequently occur.
Importantly, as an invasive method, renal mass biopsy may

Introduction

Renal cell carcinoma (RCC) is a common kidney tumour in
urology, of which clear cell RCC (ccRCC) is the predominant
subtype and accounts for most cancer-related deaths.' The
renal fibrous capsule is a tough layer covering the outer sur-

face of the kidney and is surrounded by a perinephric fat
layer. According to the tumour-node-metastasis system for
RCC staging, renal fibrous capsule invasion is the main risk
factor for high-grade ccRCC.*® Minimally invasive techni-
ques, such as partial nephrectomy and percutaneous radiofre-
quency ablation, are feasible procedures for low-grade
ccRCC, while radical operation is a more acceptable
treatment for high-grade ccRCC.** Therefore, preoperative
prediction of renal fibrous capsule invasion in ccRCC may be

be considered unsafe in certain patients. Therefore, how to
accurately evaluate the integrity of renal fibrous capsule in
patients with ¢ccRCC based on noninvasive and effective
examinations before surgery is an urgent problem for clini-
cians and radiologists.

Multiphasic contrast-enhanced CT (CECT) scan plays a
key role in preoperative RCC assessment. However, the in-
formation identified by the naked eye is limited. Many dis-
ease characteristics, including the tumour invasion, are
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difficult to distinguish by human vision alone. Radiomics, the
high-throughput mining of quantitative image features from
medical imaging to improve the accuracy of diagnosis and
prediction, is gaining importance in cancer research.®” A
growing number of researches have shown that radiomics-
derived data can be applied in the preoperative prediction
and evaluation of the tumour pathological characteristics.®’

Previous applications of radiomics in RCC mainly included
differential diagnosis, subtype classification, and the
Fuhrman grade.'®"® To date, studies of radiomics for the
prediction of renal fibrous capsule invasion in RCC are rare.
A recent study showed that some radiomic features are re-
lated to renal capsule invasion of RCC, but the radiomics
models used 2D images instead of 3D CT scan.'* Moreover,
given the limited number of the cases from a single centre,
further evaluation and validation for models is necessary
based on the larger sample size, independent centres, and dif-
ferent scanners.

In this study, we aimed to develop and validate radiomic
models based on abdominal corticomedullary phase (CMP)
CT images for preoperative prediction of fibrous capsule in-
vasion in ccRCC patients. Considering that kidney tumours
have a deformable shape and poor contrast with respect to
the surrounding tissues especially in high-grade RCC, which
makes manual segmentation time-consuming and suffers
from inter- or intraoperator variations, here we used base
model obtained from public Kidney Tumour Segmentation
(KiTS) challenge dataset to semi-automatically segment kid-
ney tissues and kidney tumours from abdominal CMP images
by transfer learning.'>'® Currently, most common machine
learning classifiers were contained in our study. Based on the
radiomics-based model and the significant features, we tried
to better evaluate and predict renal fibrous capsule invasion
in RCC before surgery.

Materials and methods
Adherence to checklists

This study adhered to the CLEAR checklist'” and METRICS
score!® for the reporting of our research. The completed
CLEAR checklist and METRICS score have been listed in
Tables S1 and S2, respectively. The raw data and analysis
code that support the findings of this current study are avail-
able from the corresponding author on reasonable requests.

Subjects and study design

This study was approved by the Ethics Committee of our hos-
pital. The informed consent requirement was waived. The
retrospective study included patients who had undergone
radical nephrectomy at our hospital and pathologically con-
firmed RCC from July 2011 to August 2021. The criteria of
patient enrolment were outlined in Figure 1. The inclusion
criteria included (1) the patient was histologically confirmed
with RCC by surgery; (2) complete abdominal CECT scans
were acquired within 2 weeks before the operation; (3) the
image quality was satisfactory for analysis: no respiratory
and peristaltic artefacts were observed in the images; and (4)
whole lesions were clear boundaries on CT images. The ex-
clusion criteria were as follows: (1) other pathological sub-
types except for ccRCC; (2) incomplete clinical information;
(3) patients received preoperative treatment; (4) histories of
any other malignant disease; (5) patients had more than 1
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renal lesion. According to their admission time, the patients
were divided into 2 batches, respectively from July 2011 to
July 2019 as the training group (7 =103) and August 2019 to
August 2021 as the validation group (n=60). The 2016
WHO/ISUP grading system was used for pathologic staging.
Here, we defined ccRCC with histologically confirmed cap-
sule invasion in the following conditions: perinephric fat (+),
renal sinus fat (+), or perirenal fibrous layer (+). All data
used in this study have not been published or used in any
other previous publications. The demographic information
for all patients is provided in Table 1.

Imaging acquisition

All included patients underwent an abdominal or abdominal-
pelvic CECT scan before surgery. Multiphase-enhanced CT
images were obtained using 6 different scanners, including
SOMATOM Definition Drive (SIEMENS Medical Solutions,
Forchheim, Germany), SOMATOM Definition AS+
(SIEMENS  Medical Solutions, Forchheim, Germany),
Discovery CT750 HD (GE Medical Systems, Milwaukee, W1,
United States), Revolution EVO (GE Medical Systems,
Milwaukee, WI, United States), Optima CT680 Expert (GE
Medical Systems, Milwaukee, WI, United States), and IQon
Spectral CT (Philips Healthcare, Best, Netherlands). The im-
aging parameters were as follows: tube voltage, 120 kVp;
auto tube current; reconstruction section thickness, 1.0-
1.5 mm; field of view, 350 mm X 350 mm; matrix, 512 x 512.
Images were obtained from the top of the diaphragm to the
level of the iliac wing or pubis. The volume of contrast me-
dium was 1.2 mL/kg with an upper limit of 150 mL, a concen-
tration of 300 mg/mL iodine through antecubital vein at the
rate of 2.5 mL/s via a high-pressure syringe. Unenhanced CT
scan was performed first, and then CMP and nephrographic
phase (NP) CT scans were acquired at 28-30s and 60-70s de-
lay after contrast medium injection, respectively (Figure 2).

Semiautomatic tumour segmentation

The overall pipeline for the study was summarized in
Figure 3. Machine learning models for kidney and tumour
segmentation were initially trained on the public KiTS chal-
lenge dataset to obtain base models (https://kits19.grand-chal
lenge.org/data/). By using transfer learning,'® the base models
were subsequently adapted to the clinical patients’ CMP CT
images to get coarse 3D voxel-wise kidney and tumour seg-
mentations. For modelling, 2.5D long-range UNet and short-
range ResNet skip connections (ResUNet) were employed for
kidney segmentation and a DenseUNet for tumour segmenta-
tion (https://github.com/nitsaick/kits19-challenge). The vol-
ume of interest of kidney and tumours was checked and
adjusted using 3D Slicer software (version 4.8.1) by a radiol-
ogist with 7 years of experience. To assess the performance of
segmentation models, the spatial overlap was measured using
dice similarity coefficient (DSC).

Feature extraction, selection, and classification

Feature extraction was performed using PyRadiomics soft-
ware (version 2.2.0). Before feature extraction, CT images
were resampled into 1.0 X 1.0 x 1.0 mm? resolution using lin-
ear interpolation. To standardize the intensity range across
scanners, Z-score normalization was utilized. The CT images
were discretized by fixed bin width and the bin width of the
images was 25. Radiomic features were extracted from the


https://academic.oup.com/bjr/article-lookup/doi/10.1093/bjr/tqae122#supplementary-data
https://kits19.grand-challenge.org/data/
https://kits19.grand-challenge.org/data/
https://github.com/nitsaick/kits19-challenge
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Table 1. Demographic information of the recruited patients. original images of tumours. Features with more than 5% in-
complete values (ie, unexpected zeros and NA) were regarded

Batch  Subset Number Age (mean+SD) Gender : .
as unstable and removed. Remainder of incompleteness were
Batch 1 Capsule invasion 52 59.56+9.05 38 males interpolated by their median feature values, outliers, and ex-
group o treme values were winsorized by nearest interquartile range, re-
gZE;apSUIe invasion 51 55.80=10.57  30males oo pively, Then, features were scaled into 0-1 by z-score
Batch2  Capsule invasion 30 S6.67+11.41 21 males transformatl_on to_ensure the compaFablhty of the dynamic
group range of radiomic features before selection. All other parameters
Noncapsule invasion 30 57.30+8.58 17 males  were maintained at their default configurations. The least abso-
group lute shrinkage and selection operator algorithm was used to

Non-capsule invasion

Capsule invasion

Figure 2. Unenhanced, corticomedullary, and nephrographic phases of ccRCC in 2 groups (noncapsule invasion vs capsule invasion). The tumour invasion
is difficult to distinguish by naked eye. Abbreviation: ccRCC = clear cell renal cell carcinoma.
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Figure 3. Overall pipeline of the study design.
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select a subset of the most related features for machine learning
modelling."” Random train-test split was used to find the best
classification model and optimal hyperparameters on the train-
ing set. Feature selection and classifications were performed us-
ing an internally developed Python framework in the open-
source Python library Scikit-Learn.”* Common machine learn-
ing classifiers were tested on the subset features, including
MLPClassifier, logistic regression, support vector machine,
Gaussian process classifier, adaptive boosting (AdaBoost), naive
Bayes, etc, on batch 1 and batch 2 separately. The parameter
configurations of the classifiers are shown in Table S3.

A total of 103 radiomics features were collected and
grouped according to first-order, texture, shape 2D and 3D.
These categories included shape and morphological features
(14 shape features), first-order statistics (19 FOS features),
grey-level co-occurrence matrix (24 GLCM features), grey-
level dependence matrix (14 GLDM features), grey-level run
length matrix (16 GLRLM features), and grey-level scale
zone matrix (16 GLSZM features). The features used in clas-
sification are provided in Table S4.

Statistical analysis

The difference in clinical characteristics between groups was
analysed using Statistical Product and Service Solutions (SPSS
26.0; IBM Corp, Armonk, NY, United States) by hypothesis
tests, including Student #, Mann-Whitney, and chi-square
test. A 2-sided P value of <.05 was regarded as statistically
significant. DSC was measured to evaluate the performance
of segmentation models, which was calculated using the fol-
lowing equation:

2-1SSNPS]

DSC=——i—
[SS| U [PS|

(1)

where SS stands for standard segmentation and PS stands for
predicted segmentation. The performance of machine learn-
ing classifiers was evaluated by accuracy, precision, and re-
call. The formulas are as follows:

(TP +TN)
(TP +FP+ TN +FN)

Accuracy = (2)

Table 2. Clinical characteristics for 163 patients with ccRCC.
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Precision = (TPT%P) (3)
TP

Recall = ——— 4

T TP EN) @

in which TP and FP represent true positive and false positive,
respectively, and TN and FN represent true negative and
false  negative, respectively.  Additionally, receiver
operation characteristic (ROC) curve analyses, the area under
the ROC curve (AUC), and 95% CIs were also used to
quantify the discrimination ability of the classifiers.
Furthermore, in order to improve the interpretability for
the optimal classifier, we performed the SHapley Additive
exPlanations (SHAP).*!

Results

Reporting and methodological quality assessment
In this study, we applied the CLEAR checklist and METRICS
score to guide our research. By using the CLEAR checklist
and METRICS score to evaluate the reporting and methodo-
logical quality, 51 items are reported in our study, accounting
for about 87.9% of the CLEAR checklist; the total
METRICS score is 82.7% and the score category
is “excellent.”

Patient characteristics

The clinical characteristics of all patients are shown in
Table 2. Age, sex, and tumour location were not significantly
different between the capsule invasion and noncapsule inva-
sion groups. In batch 1, the maximum tumour diameter
ranged from 2 to 15cm in the capsule invasion group, and
the lesions were smaller in the noncapsule invasion group
(6.90cm vs 5.04cm; P <.001); however, the maximum tu-
mour diameter was not significantly different in batch 2. The
patients with capsule invasion were more poorly differenti-
ated and had higher stages in batch 1 (P <.001) and batch
2 (P=.001).

Tumour segmentation

A total of 462 cases were enrolled to train the segmentation
models, including 299 patients from the public KiTS19 co-
hort and 163 clinical patients. The patients were separated
into a training set (7 =393) and a test set (7 = 69). For kidney

Characteristics Batch 1 number (n=103) Batch 2 number (7 = 60)
Capsule invasion Noncapsule invasion P value Capsule invasion Noncapsule invasion P value
group group group group
Mean age (range) 60 [36-75] 56 [30-72] .051 57 [32-74] 57 137-73] .809
Sex
Male 38(73.1%) 30(58.8%) 127 21(70.0%) 17(56.7%) 284
Female 14(26.9%) 21(41.2%) 9(30.0%) 13(43.3%)
Tumour location
Left 25(48.1%) 24(47.1%) 918 19(63.3%) 16(53.3%) 432
Right 27(51.9%) 27(52.9%) 11(36.7%) 14(46.7%)
Maximum tumour diameter 6.90 [2-15] 5.04[1.3-18] <.001 5.78 [5-12] 4.99 [1.8-10.5] 223
WHO/ISUP grading system
Grade 1 0(0.0%) 5(9.8%) <.001 0(0.0%) 1(3.3%) .001
Grade 2 8 (15.4%) 32 (62.7%) 10 (33.3%) 23 (76.7%)
Grade 3 37 (71.2%) 13 (25.5%) 18 (60.0%) 6(20%)
Grade 4 7 (13.4%) 1(2.0%) 2(6.7%) 0(0.0%)



https://academic.oup.com/bjr/article-lookup/doi/10.1093/bjr/tqae122#supplementary-data
https://academic.oup.com/bjr/article-lookup/doi/10.1093/bjr/tqae122#supplementary-data
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Standard segmentation Predicted segmentation W

Standard segmentation Predicted segmentation

Figure 4. The illustration of segmentation model (A), and examples of the kidney and tumour segmentation results (B).

segmentation, DSC values obtained by CMP CT images were 0.86 were, respectively, for the training and test set. The ex-
achieved at 0.98 and 0.96 for the training set and test set, re- ample of the kidney and tumour segmentation can be seen
spectively; and on tumour segmentation, dice of 0.94 and in Figure 4.
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Performance of radiomics-based classifiers

In batch 1, the radiomics-based classifiers were finally built
with 20 features. As shown in Figure 5, we found that the
best performance was registered by the AdaBoost among the
test classifiers, with accuracy, precision, recall, and F;-score
equal to 0.8571, 0.8333, 0.9091, and 0.8696, respectively.

A Batch 1

1563

As validation, AdaBoost classifier was also the most suitable
classifier for this classification in batch 2, and that is
accuracy =0.7222, precision=0.6667, recall=0.8889, and
Fi-score =0.7619. The detailed results are summarized in
Table 3. The AUCs of AdaBoost for batch 1 and batch 2
were 0.83 (95% CI: 0.68-0.98) and 0.74 (95% CI: 0.51-
0.97), respectively (Figure 6A and B). What is more, we

m Accuracy m Precision m Recall

K-nearest neighbor

Navie bayes

Random forest

Decision trees

Quadratic discriminant analysis
Adaboost

Gaussian process classifier
Support vector machine
Logistic regression

MLPClassifier

0.0 0.2
B Batch 2

0.4 0.6 0.8 1.0
m Accuracy m Precision m Recall

K-nearest neighbor

Navie bayes

Random forest

Decision trees

Quadratic discriminant analysis
Adaboost

Gaussian process classifier
Support vector machine
Logistic regression

MLPClassifier

0.0 0.2

0.4 0.6 0.8 1.0

Figure 5. Performance of different classifiers for preoperative prediction of renal fibrous capsule invasion in ccRCC for (A) batch 1 and (B) batch 2. The
AdaBoost classifier showed good discrimination ability in 2 batch datasets. Abbreviation: ccRCC = clear cell renal cell carcinoma.

Table 3. Performance of the common classifiers.

Classifiers Batch 1 Batch 2

Accuracy Precision Recall F; score Accuracy Precision Recall F, score
MLP Classifier 0.7619 0.8182 0.7500 0.7826 0.5556 0.5333 0. 8889 0.6666
Logistic regression (LR) 0.7143 0.6364 0.7778 0.7000 0.3889 0.5556 0.4167 0.4762
Support vector machine (SVM) 0.6667 0.5454 0.7500 0.6315 0.5556 0.7778 0.5384 0.6363
Gaussian process classifier 0.6667 0.6364 0.7000 0.6667 0.2222 0.3333 0.2727 0.3000
AdaBoost 0.8571 0.8333 0.9091 0.8696 0.7222 0.6667 0.8889 0.7619
Navie Bayes 0.6667 0.6364 0.7000 0.6667 0.5000 0.5000 0.8889 0.6400
Quadratic discriminant analysis (QDA) 0.5238 0.5263 0.9091 0.6666 0.3889 0.2222 0.3333 0.2666
Decision trees 0.5238 0.5455 0.5455 0.5455 0.6667 0.7778 0.6364 0.7000
Random forest 0.6190 0.5455 0.6667 0.6000 0.6111 0.5556 0.6250 0.5883
K-nearest neighbour 0.6190 0.4545 0.7143 0.5555 0.1667 0.2222 0.2000 0.2105
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Figure 6. The ROC curves of AdaBoost for (A) batch 1, (B) batch 2 and
(C) the combined evaluation of batched 1 and 2. Abbreviations: ccRCC =
clear cell renal cell carcinoma; ROC = receiver operating characteristic.

combined batch 1 and batch 2 to evaluate the AdaBoost clas-
sifier, with an AUC of 0.78 (95% CI: 0.62-0.93; Figure 6C).
The classification metrics of AdaBoost in terms of the data
partitions were provided in Table 4. Through the analyses of

BJR, 2024, Volume 97, Issue 1161

2 independent batch datasets, we found several common sig-
nificant features for building classification models, which are
divided into morphological and texture parts. The common
morphological features include flatness, sphericity, and maxi-
mum diameter. For texture parts, the common features of
batches contain firstorder_skewness, firstorder_minimum,
firstorder_interquartile range, grey level co-occurrence ma-
trix (GLCM)_ cluster shade, grey level size zone matrix
(GLSZM)_ small area emphasis (SAE), and grey level depen-
dence matrix (GLDM)_ large dependence high grey level em-
phasis (LDHGLE).

Interpretability of the optimal classifier

The SHAP value was used to obtain the importance of each
feature for the AdaBoost classifier. Figure 7 is the SHAP sum-
mary plot and presents the most significant features in
descending order according to the mean absolute SHAP
value. The average of GLCM_ Inverse Variance had the most
important value for all prediction features, followed quite
closely by GLSZM_ size-zone non-uniformity (SZN), shape_
flatness, GLSZM_ grey level non-uniformity normalized, and
GLSZM_ SAE.

Discussion

In the current study, we confirmed radiomics-based classifiers
could predict fibrous capsule invasion in RCC patients before
surgery by using abdominal CMP CT images. What’s more,
the AdaBoost classifier showed good discrimination ability in
2 batch datasets from different admission time and differ-
ent scanners.

Currently, the accurate evaluation of fibrous capsule inva-
sion in RCC patients still relies on postoperative pathology,
and what CT images can provide before surgery is just con-
fined to morphological characteristics, including large size,
edge blur, and exophytic appearance.””** Nevertheless, be-
cause of the tumour heterogeneity of RCC, it is difficult to
discriminate fibrous capsule invasion by the naked eyes. In
our study, the radiomics-based AdaBoost classifier showed
good predictive power, which combined more detailed infor-
mation on tumour 2D and 3D shape features, first-order sta-
tistics, second-order joint probability function, and others.
The common shape features of batches indicate that the tu-
mour edge and size may have more effect on diagnosis for fi-
brous capsule invasion of the lesion, even high-grade
RCC.>*?* However, the maximum tumour diameter had no
statistical significance in batch 2 when we analysed the differ-
ence in clinical characteristics between the 2 groups. The
probable explanation was the small sample size. And the sig-
nificant texture features, like GLSZM_ SAE and GLDM_
LDHGLE, which have a greater value, respectively, indicative
of more small size that share the same grey-level intensity and
is more homogeneous with higher grey-level values, suggest
the tumour with fibrous capsule invasion may have larger ob-
viously enhanced area but be more inhomogeneous for the
overall enhancement. This conclusion is also consistent with
the enhancement of high-grade RCC, meaning that renal cap-
sule invasion is a significant risk factor for the grading of
RCC.?*? In addition, by calculating the SHAP value to eval-
uate the importance of features in the optimal classifier, we
found that local texture features of the lesion would have
more influence on the radiomics-based classification models.
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Table 4. Classification performance of AdaBoost on different data partitions.
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Performance metrics Data partitions

Training set (batch 1)

Validation set (batch 2) Whole data (batches 1 and 2)

Accuracy 0.857
Sensitivity 0.909
Specificity 0.800
Precision 0.833
Negative predictive value 0.889
F, 0.870
AUROC 0.827(0.680 - 0.980)

0.722 0.818
0.889 0.892
0.556 0.750
0.667 0.789
0.833 0.857
0.762 0.833

0.741 (0.511-0.969) 0.779 (0.622 -0.930)

Abbreviation: AUROC = area under the receiver operating characteristic curve.

GLCM_InverseVariance A
GLSZM_SZN -
Shape_Flatness -
GLSZM_GLNN+
GLSZM_SAE A
Shape_Elongation -
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Figure 7. The SHAP values and weights of features importance. Abbreviations: GLCM = grey-level co-occurrence matrix; GLDM = grey-level
dependence matrix; GLN = grey-level non-uniformity; GLNN = grey-level non-uniformity normalized; GLSZM = grey-level scale zone matrix; LDHGLE =
large dependence high grey-level emphasis; IMC = informational measure of correlation; SHAP = SHapley Additive exPlanations; SZN = size-zone

non-uniformity.

Previous studies of periphery and peritumour situations of
RCC are mainly based on ultrasound and MRI.*$3°
Nevertheless, as we know, ultrasound is highly operator-
dependent, while MRI is not the routine preoperative test for
clinical RCC patients. Recently, some research has noticed
the potential of CT signs for estimating fibrous capsule inva-
sion in RCC before procedure, and some also reported the re-
lated radiomics-based classification models using CT
images.'*?!3% Because of the limited cases from single centre,
further validation for the models and findings was necessary.
Our study contained 2 independent batches of ccRCC
patients and, respectively, estimated the performance of
radiomics-based classifiers for predicting renal fibrous cap-
sule invasion. Additionally, our models applied 3D CT
images, which could more comprehensively assess the de-
tailed information of tumour.

To our knowledge, manually 3D delineation of lesions is a
challenge for radiologists, which is time-consuming and may

introduce intra and interobserver variability. Transfer learn-
ing, as the reuse of a pre-trained model, is popular in machine
learning for it can train deep neural networks with relatively
little data.>*** In our study, base model obtained from CMP
CT images of public KiTS challenge dataset was used to semi-
automatically segment kidney and tumours of our clinical
RCC patients, which enabled the segmentation more effi-
cient. The final semiautomatic model showed high segmenta-
tion accuracy in the training set with DSCs of 0.98 and 0.94,
respectively, for kidney and tumour segmentation, which was
validated in the test set with DSCs of 0.96 and 0.86,
respectively.

In our study, we evaluated the performance of classifiers
applied to predict renal fibrous capsule invasion in ccRCC
before surgery by accuracy, precision, recall, and F;-score,
which are the most common evaluation indicators in the clas-
sification model of machine learning.®> During the batch 1
and batch 2 analyses, AdaBoost classifier was both the most
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suitable classifier for this classification, and in batch 1, the
accuracy, precision, recall, and F;-score of the classifier were
equal to 0.8571, 0.8333, 0.9091, and 0.8696, respectively.
Of note, among all indicators of the AdaBoost that were gen-
erally the highest compared with other classifiers, the preci-
sion and recall values are interrelated and affected each
other, which decrease may respectively cause misdiagnosis
and overdiagnosis.*® And in our study, the precision and re-
call value of the optimized AdaBoost are both relatively satis-
factory. Therefore, it is also suggested that the radiomics-
based model may have the potential as an alternative to pre-
operatively evaluate the renal fibrous capsule invasion for
ccRCC patients in the future clinical practice. Besides, this
study still has some limitations. First, our study only focuses
on the images from CT scans, multisequence and enhanced
MR should be analysed in further studies. Secondly, serum
biomarkers and genomic variants should be concerned in fu-
ture work. Finally, our classifiers were trained by one-centre
samples, larger samples from different institutions would
prove the reproducibility of our model.

In conclusion, we developed a radiomics-based model from
CT images with favourable accuracy for the preoperative
evaluation of renal fibrous capsule invasion in ¢ccRCC. The
results show an association between radiomics features in ab-
dominal CMP CT images and renal capsule invasion of RCC.
This radiomics model holds the promising potential as a non-
invasive approach for the prediction of the risk of renal fi-
brous capsule invasion in ccRCC before operation and may
be valuable for the selection of surgical treatment in clinical
decision-making.

Supplementary material

Supplementary material is available at BJR online.
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