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Incremental value of automatically segmented
perirenal adipose tissue for pathological grading
of clear cell renal cell carcinoma: a multicenter
cohort study
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Objectives: Accurate preoperative prediction of the pathological grade of clear cell renal cell carcinoma (ccRCC) is crucial for\
optimal treatment planning and patient outcomes. This study aims to develop and validate a deep-learning (DL) algorithm to
automatically segment renal tumours, kidneys, and perirenal adipose tissue (PRAT) from computed tomography (CT) images and
extract radiomics features to predict the pathological grade of ccRCC.

Methods: In this cross-ethnic retrospective study, a total of 614 patients were divided into a training set (383 patients from the local
hospital), an internal validation set (88 patients from the local hospital), and an external validation set (143 patients from the public dataset).
A two-dimensional TransUNet-based DL model combined with the train-while-annotation method was trained for automatic volumetric
segmentation of renal tumours, kidneys, and visceral adipose tissue (VAT) on images from two groups of datasets. PRAT was extracted
using a dilation algorithm by calculating voxels of VAT surrounding the kidneys. Radiomics features were subsequently extracted from
three regions of interest of CT images, adopting multiple filtering strategies. The least absolute shrinkage and selection operator (LASSO)
regression was used for feature selection, and the support vector machine (SVM) for developing the pathological grading model.
Ensemble learing was used for imbalanced data classification. Performance evaluation included the Dice coefficient for segmentation
and metrics such as accuracy and area under curve (AUC) for classification. The WHO/International Society of Urological Pathology
(ISUP) grading models were finally interpreted and visualized using the SHapley Additive exPlanations (SHAP) method.

Results: For automatic segmentation, the mean Dice coefficient achieved 0.836 for renal tumours and 0.967 for VAT on the internal
validation dataset. For WHO/ISUP grading, a model built with features of PRAT achieved a moderate AUC of 0.711 (95% Cl,
0.604-0.802) in the internal validation set, coupled with a sensitivity of 0.400 and a specificity of 0.781. While model buitt with
combination features of the renal tumour, kidney, and PRAT showed an AUC of 0.814 (95% ClI, 0.717-0.889) in the internal validation
set, with a sensitivity of 0.800 and a specificity of 0.753, significantly higher than the model built with features solely from tumour lesion
(0.760; 95% ClI, 0.657-0.845), with a sensitivity of 0.533 and a specificity of 0.767.

Conclusion: Automated segmentation of kidneys and visceral adipose tissue (VAT) through TransUNet combined with a conventional
image morphology processing algorithm offers a standardized approach to extract PRAT with high reproducibility. The radiomics
features of PRAT and tumour lesions, along with machine learning, accurately predict the pathological grade of ccRCC and reveal the
incremental significance of PRAT in this prediction.
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Introduction

Clear cell renal cell carcinoma (ccRCC) represents the most pre-
valent subtype of kidney cancer, accounting for ~80% of all renal
cell carcinoma cases!**. However, a considerable proportion of
these tumours are indolent, and opting for partial or radical
nephrectomy can lead to a medical burden and impairment of
renal function, making active surveillance a more suitable
option!®!. Accurate prediction of the WHO/International Society
of Urological Pathology (ISUP) grade of ccRCC is of paramount
clinical significance as it is closely associated with tumour
aggressiveness and patient outcomes'. High-grade ccRCC, in
contrast to low-grade cases, is characterized by increased malig-
nancy, a higher risk of recurrence and metastasis, and a less
favourable prognosis®!. This distinction becomes particularly
crucial for patients with multiple comorbidities, where prior
knowledge of pathological grading informs critical clinical
interventions!®),

Computed tomography (CT) has emerged as an indispensable
imaging modality within the diagnosis and treatment of ccRCC
patients. Beyond its capability to assess the kidneys and renal
tumours, CT offers a wealth of body composition data!”!. By
extracting quantitative radiomic features from a specific volume
of interest (VOI), it becomes possible to capture subtle voxel
intensity variations and reveal concealed tumour attributes that
are imperceptible to the naked eye. Furthermore, the utilization of
multiple image filters highlights various aspects of image infor-
mation, thereby enriching the spectrum of feature selection and
enabling the comprehensive exploration of imaging data'®!,

Perirenal adipose tissue (PRAT), a part of visceral fat separated
from the peritoneum by the renal fascia, plays an active role in
metabolism and adipokine secretion'®l. However, its recognition and
unified segmentation manually are challenging, time-consuming, and
labour-intensive. This limitation obstructs establishing a unified
definition range and investigating perirenal adipose tissue corre-
spondingly. In the specific task of tumour segmentation training,
annotating volumetric image slices at the pixel level is labour-
intensive'®", Currently, various deep-learning segmentation algo-
rithms has solved the labelling problem to a large extent. Medical
Imaging Computing and Computer Assisted Intervention (MICCAI)
Society developed the KiTS19 (Kidney Tumour Segmentation 2019)
Grand Challenge, achieving a state-of-the-art Dice score of 0.974 for
kidney and 0.851 for renal tumours on their test group based on 3D
U-Net architecture!'?), The already annotated data in KiTS19 pro-
vides a good foundation for developing deep-learning segmentation
models of renal tumours and kidneys. Additionally, a convolutional
neural network based on U-net architecture can segment visceral
adipose tissue (VAT) accurately with a Dice score of 0.97131,
However, there are currently no relevant studies reporting on the
extraction of PRAT based on high-precision segmentation of kidney
and VAT, although it is theoretically feasible.

An increasing number of studies highlight the role of VAT and
PRAT in predicting the pathological features and prognosis of
ccRCCM18l, Nonetheless, there is currently no automatic seg-
mentation algorithm for PRAT, and the potential contributions
of PRAT in WHO/ISUP ¢cRCC grading remain unexplored.

In this study, we proposed a comprehensive approach inte-
grating TranUNet-assisted segmentation, multi-filter feature
extraction, and ensemble learning techniques for ccRCC grading.
The primary aim is to investigate the feasibility and reproduci-
bility of this methodology for automated WHO/ISUP grading of
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HIGHLIGHTS

e The combination of radiomics features from the renal
tumour, kidney, and perirenal adipose tissue (PRAT)
demonstrated an improved ability to predict ccRCC grade
compared to relying solely on tumour features [area under
curve (AUC): 0.814 vs. 0.760] in a multicenter study of 614
patients.

e We employ TransUNet-based segmentation models for the
segmentation of the kidneys, tumours, and visceral fat,
resulting in a groundbreaking and remarkably consistent
acquisition of PRAT.

ccRCC while concurrently exploring the influence of perirenal fat
on the ccRCC grading process. To culminate, the SHapley
Additive exPlanations (SHAP) method is employed for inter-
preting and visualizing the WHO/ISUP grading model.

Materials and methods

Study patients

This study included two retrospective datasets from our local
hospital and one open-source dataset, namely the KiTS19
dataset!'>'”), The study received approval from the institutional
review board of our institution, and the requirement for informed
consent was waived. The training and internal validation dataset
consisted of consecutive patients with ccRCC who underwent
surgery in our hospital from January 2019 to June 2022.
Nephrographic-phase CT images were downloaded from the
Picture Archiving and Communication System. The detailed
patient recruitment process is shown in Fig. 1 and Appendix E1
(online), Supplemental Digital Content 1, http:/links.lww.com/
JS9/C212. There were 471 patients included in the institutional
dataset. Twenty percent of the institutional dataset (1 =88) was
set aside to form the internal validation set. The external vali-
dation set, adhering to identical criteria, excluded 67 non-ccRCC
patients and finally included 143 patients from the KiTS19

Inclusion Criteria
a + Consecutive adults
+ Underwent partial or radical nephrectomy and were pathologically
8 confirmed to have clear cell renal cell carcinoma
* Preoperative contrast-enhanced kidney CT performed within one month

I

[ Sa Cohort I: local hospital, from January 2019 to June 2022 (n= Glﬂ

ad
id

Cohort II: KiTS 2019 (n = 143)

(Exc[usion criteria

Absence of WHO/ISUP grading information
Received therapeutic intervention before surgery
Low-quality images

22 @ Cohort I local hospital, from January 2019 to June 2022 (n =471)
’? Cohort II: KiTS 2019 (n = 143)

S Training/Internal validation set S
471 patients from Cohort I

|

External validation set
143 patients from Cohort II

Figure 1. Flowchart of the study. CT, computed tomography; ISUP,
International Society of Urological Pathology.
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dataset. Finally, a total of 614 patients with pathologically con-
firmed ccRCC were included.

Pathological data were obtained from the postoperative patholo-
gical report in the hospital information system. Pathological diag-
nosis and grading were conducted by experienced senior pathologists
in accordance with the 2016 WHO classification criteria™®. WHO/
ISUP grades | and Il were assigned to the low-grade group, and
WHO/ISUP grades Ill and IV to the high-grade group.

CT examination

In the local institutional dataset, patients underwent contrast-
enhanced kidney CT within one month before surgery. All CT
examinations were performed using one of the following scanners:
Aquilion ONE, Toshiba Medical Systems; Discovery 750 HD, GE
Healthcare; and Somatom Definition AS +, Siemens Healthineers.
The specific scanning protocol is described in Appendix E2 (online),
Supplemental Digital Content 1, http:/links.lww.com/JS9/C212.
The nephrographic phase was selected for subsequent analysis.
Images of the KiTS19 dataset are from the late-arterial phase of
preoperative contrast-enhanced abdominal CT.

Image preprocessing and segmentation

We employed a train-while-annotation strategy''®! to complete
the segmentation of the three types of volume of interest (VOISs)
(tumour, kidney, and visceral adipose tissue) on CT images from

all included patients. Details of the train-while-annotation strat-
egy regarding the annotation of the three types of VOIs and
automatic segmentation protocols can be found in Appendix E3
(online), Supplemental Digital Content 1, http:/links.lww.com/
JS9/C212. The segmentation model is built based on annotated
data and the TransUNet architecture. The code of the archi-
tecture is publicly available (https://github.com/Beckschen/
TransUNet).

The final segmentation model was constructed using the
training set data, and it was applied to predict VOIs for both the
internal and external validation set. During the annotation pro-
cess, cysts were included as part of the kidney. By establishing the
coordinates of the median sagittal plane and employing the lar-
gest connected domain to determine whether tumour labels were
present on the left and right sides of the plane, the tumour and the
affected kidney are further extracted, and the labels of healthy
kidney are removed. Based on VAT segmentation, we used the
expansion-erosion algorithm to extract a range of 6 voxels
around the kidney (defined as PRAT) and eliminate the VOI
outside this range to define our target perirenal fat area. The
workflow of our study is illustrated in Fig. 2.

Evaluation of the performance of the automatic
segmentation model

We developed an automatic segmentation model using the
training set data and assessed its performance on the internal
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Figure 2. Workflow of the study.
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validation set. The workflow of the automatic segmentation of
the tumour, kidney, and PRAT were presented in Figure E1,
Supplemental Digital Content 2, http://links.lww.com/JS9/C213
and detailed in Appendix E4 (online), Supplemental Digital
Content 1, http:/links.lww.com/JS9/C212. To evaluate the
model’s performance, we computed the Dice similarity coeffi-
cients (Dice), the Hausdorff distance (95%) (HD95), and volu-
metric similarity on the internal validation set.

The Dice quantifies the similarity between two segmentation
results, and the formulas is as follows:

2TP

Dice = ————
2TP + FP + FN

Where TP is the number of true positives, TN is the number of
true negatives, FP is the number of false positive, and FN is the
number of false negatives.

The HD is used to evaluate boundary or volume differences
between segmentation results, and the formulas is as follows:

HD = max | max min |la — b||, max min ||b — 4|
aeS(P) beS(G) beS(P) aeS(G)

To mitigate the impact of outliers on the distance calculations, ,
the 95th percentile of the HD is used. HD9S involves sorting all
the distances between pairs of points from smallest to largest and
taking the value at the 95th percentile position. This means that it
excludes the largest 5% of distance values, thereby providing a
robust measure that is less sensitive to outliers.

Volume similarity is used to measure the similarity of two
segmented volumes. The calculation is based on the difference
between the two absolute volume values divided by the sum of the
two compared volumes. The formula is defined as follows:

IFN — FPI

Volume e ——
I2TP + FP + FENI

similarity = 1 —

Radiomics workflow

Our radiomics workflow included (a) feature extraction, (b)
feature selection, and (c) construction of the WHO/ISUP grading
model. The radiomics approach is outlined in Appendix ES
(online), Supplemental Digital Content 1, http:/links.lww.com/
JS9/C212. Variance analysis, t-test, and LASSO regression were
used for feature selection. Finally, we developed three different
radiomics models for comparison: a kidney model, a tumour
model, and a combination model (including all 1223 x 3 features
from the kidney, tumour, and PRAT).

We randomly divided the local hospital images into a training
setand a validation set with a ratio of 8:2. To address the problem
of imbalanced classification in the training dataset, we adopted a
random down-sampling scheme and ensemble techniques''®!.
Determining the down-sampling fold based on the multiple of the
group with a large sample size relative to the group with a small
sample size. Established radiomics models were ensembled from
all folds and tested on the same internal validation and the
KiTS19 datasets set.

International Journal of Surgery

Statistical analysis

Dice, HD9S5, and volumetric similarity were used to characterize
the performance of the segmentation model. All data analysis was
performed using R Language (version 4.1.3) and Python (version
3.9.12). Numeric data were presented as meanz standard
deviation. Continuous variables were compared using the student
t-test, Mann—Whitney U test, or Kruskal-Wallis H test, and
categorical variables were compared using the x> test. The dif-
ferentiation performance of established models was evaluated by
plotting a receiver operating characteristic curve, and the area
under the receiver operating characteristic curve (AUC) analysis
was calculated. DeLong’s test on receiver operating characteristic
(ROC) was performed to compare performance among different
grading models. This study has been reported in line with the
STROCSS criteria®®!, Supplemental Digital Content 3, http://
links.lww.com/JS9/C214.

Results

Patient characteristics

Among the 471 patients at our local hospital, 383 patients [mean
age, 55.9 yearst10.8 (SD)] were randomly assigned to the
training set, and 88 [mean age, 53.5 years+11.0 (SD)] patients
were assigned to the internal validation set. The external vali-
dation set, sourced from the KiST19 dataset, comprised a total of
143 patients [mean age, 59.2 years+12.5 (SD)]. The clin-
icopathologic characteristics of all patients are detailed in
Table 1. In the local hospital dataset, 387 patients had Ki-67
index data reported in their pathological results.

Baseline characteristics of patients with clear cell renal cell
carcinoma.

Training set Internal validation set External validation set

Characteristics  (n=383) (n=88) (n=143)
Age (year) 55.9+10.8 535+11.0 59.2+125
Sex

Male 270 67 93

Female 113 21 50
Side

Right 167 38 76

Left 216 50 67
Size (cm) 47+23 44+19 47+29
BMI (Kg/mm?) 244+33 244+30 31.2+6.3
T category

T1 305 74 101

T2 24 1 6

T3 51 13 35

T4 3 0 1
WHO/ISUP grade

| 95 21 18

II 221 52 79

i 52 9 36

v 15 6 10

ISUP, International Society of Urological Pathology.
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Automated segmentation accuracy

The segmentation performance of model, sp and model,p was
compared, and both demonstrated satisfactory segmentation
accuracy. In the model, sp, the Dice, HD9S, and volumetric
similarity of the kidney are 0.744 [interquartile range (IQR),
0.697-0.944], 31.705 (IQR, 3.742-12.900), and 0.863 (IQR,
0.788-0.978), respectively. These values were significantly higher
than those achieved by model,p (P=0.011, P=0.022, P=0.001,
respectively). Regarding tumour segmentation, the Dice for
model, sp (0.836) was slightly higher than that for model,p
(0.818), although not significantly. The performance of kidney,
tumour, and VAT segmentation is shown in Appendixes Table E1
(online), Supplemental Digital Content 1, http:/links.lww.com/

JS9/C212 and Figure E2 (online), Supplemental Digital Content
4, heep://links.lww.com/JS9/C215.

Development and testing of radiomics-based machine
learning model

After performing variance analysis and student’s ¢-test on the
training data, 526 features for tumour, 233 features for kid-
ney, and 254 features for PRAT were retained as candidates
for LASSO analysis. We established three models: one based
on tumour radiomics, one based on PRAT radiomics, and one
combining radiomics features from tumour, kidney, and
PRAT. Subsequently, five SVM models were built using the 5-
fold data splitting from the training set and applied to both the

A
AUC: tumor
1.00
0.75
0.50
0.25
0.00
Foldl Fold2 Fold3 Fold4 Fold5
Train = Validation  Test
B
AUC: PRAT
1.00
0.75
0.50
0.25
0.00
Fold1l Fold2 Fold3 Fold4 Fold5
Train Validation Test
C L
AUC: combination
1.00
0.75
0.50
0.25
0.00
Foldl Fold2 Fold3 Fold4 Fold5
Train Validation Test

D Shape

Filter First_order
Wavelet” Gradient
Fold1 Fold2 Fold3 Fold4 —Fold5

E Shape

Filter Texture
Wavelet Gradient
Fold1 Fold2 -~ Fold3 - Fold4 —Fold5

F Fold1

Fold5 ", Fold2

Fold4 Fold3
~—Tumor PRVT Kidney

Figure 3. The analysis and results of multiple filtering feature extraction and performance of prediction models based on 5 down-sampled folds. (A-C) The AUC
value for predicting the WHO/International Society of Urological Pathology (ISUP) grade of clear cell renal cell carcinoma based on tumour, perirenal adipose tissue,
and the combination models. (D-F) Number of different types and filters of radiomics features ultimately incorporated into different radiomics models. AUC, area

under curve; PRAT, perirenal adipose tissue.
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Figure 4. The receiver operating characteristic curves of different ensemble model on internal (A) and external (B) validation set. Calibration curve of the machine
learning model based on tumour (C) and combined (D) radiomic features in the internal validation set. The Brier score loss of each model is shown in brackets. AUC,

area under curve; PRAT, perirenal adipose tissue.

internal and external validation set for validation. Figure 3
illustrates the AUCs of the models based on each fold. Finally,
we created ensemble learning models for tumours, PRAT, and
combination by combining the results of the 5 SVM models.
Calibration curves for the models are presented in Fig. 4. The
Brier score loss was 0.186 for the ensemble tumour model and
0.178 for the ensemble combination model, indicating that
the ensemble combination model slightly outperformed the
ensemble tumour model.

WHO/ISUP grade prediction accuracy

The ensemble combination model showed the highest dis-
crimination between the low and high WHO/ISUP grade, with
an AUC of 0.814 (95% CI: 0.717-0.889) in the internal
validation set. This was significantly higher than the AUC
for the ensemble tumour model (AUC, 0.760; 95% CI,
0.657-0.845). For the internal validation set, the ensemble
combination model achieved a sensitivity, specificity, and
accuracy of 80.0%, 75.3%, and 76.1%, respectively, while for
the external validation set, these values were 60.9%, 63.9%,

and 63.9%, respectively. ROC curves for the pathological
grade are shown in Fig. 4, and the performance of the pre-
diction models is summarized in Table 2. DeLong’s test results
comparing AUCs are displayed in Table 3.

Performance of the radiomics models for predicting the
pathological grade.

Ensemble model AUC (95% Cl) Sensitivity  Specificity Accuracy

Internal validation set

Tumour 0.760 (0.657-0.845) 0.533 0.767 0.727

PRAT 0.711 (0.604-0.802) 0.400 0.781 0.716

Combination 0.814 (0.717-0.889) 0.800 0.753 0.761
External test set

Tumour 0.713 (0.631-0.785) 0.630 0.825 0.762

PRAT 0.573 (0.488-0.656) 0.674 0.423 0.503

Combination 0.666 (0.583-0.743) 0.609 0.639 0.639

Combination, the combination of radiomics features of tumour, kidney, and PRAT.
AUC, area under curve; PRAT, perirenal adipose tissue.
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DeLong’s test P values for pairwise AUC comparisons, with the
combination’s AUC as a reference.

Ensemble model AUC P
Internal validation set
Combination-tumour 0.814-0.760 0.034"
Combination-PRAT 0.814-0.711 0.050
External test set
Combination-tumour 0.666-0.713 0.068
Combination-PRAT 0.666-0.573 0.014°

Combination, the combination of radiomics features of tumour, kidney, and PRAT.
AUC, area under curve; PRAT, perirenal adipose tissue.

Exploration of model interpretability

Figure 5 illustrates the SHapley Additive exPlanations (SHAP)
values for all selected features in the radiomics-based machine
learning models. The top contributing features to the combination
model of the five folds were the maximum diameter exhibited by
the original tumour shape in the 2D slice (tumor_original_shape_

Maximum2DDiameterSlice), the maximum diameter manifested
by the original tumour shape in the 3D representation
(tumor_original_shape_Maximum3DDiameter), the range of
values pertaining to the high-frequency sub-band (HHH) in the
wavelet analysis (tumor_wavelet. HHH_firstorder_Range), and
the sum average derived from the gray-level co-occurrence
matrix within the HHH sub-band (tumor_wavelet. HHH_glem_
SumAverage). Furthermore, all these features exhibited significant
differences between the group with Ki-67 less than or equal to 5%
and group with Ki-67 greater than 5% (P<0.001, P<0.001,
P=0.014, and P=0.010, respectively), as shown in Fig. 6.

Discussion

In this study, we proposed a comprehensive and fully automatic
pipeline for WHO/ISUP grade prediction based on CT scans. This
pipeline leverages the TranUNet automated segmentation meth-
ods in conjunction with ensemble radiomics models. The seg-
mentation model exhibited excellent performance in kidney,
tumour, and VAT. The combination radiomics model proposed
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in this study, utilizing PRAT features, demonstrated significantly
superior predictive performance compared to the traditional
radiomics model that focused solely on the tumour.

Our study uses and quantifies segmentation performance,
which is rare but important in clinical studies. TransUNet, with
strong innate self-attention mechanisms, was the main framework
that we used for completing accurate annotation®!l, However,
due to insufficient low-level details, the positioning capabilities of
TransUNet may be limited. By implementing a two-pronged
approach that involves the incremental expansion of annotated
data through a train-while-annotation strategy and the applica-
tion of a post-processing technique centred on the maximum
connected domain, we successfully address the issues related to
the imprecise positioning of TranUNet. As demonstrated by our
results, model,p have achieved similar segmentation performance
as model, sp models that have integrated three-plane positioning
information. The segmentation method, which merges predictive
data from the automated segmentation model with manual cor-
rections, substantially enhances the accuracy and repeatability of
the final segmentation results that use for radiomics feature
extraction.

Our study innovatively confirmed the contribution of radio-
mics features from PRAT to the pathological grading of ccRCC.
VAT is considered to be an endocrine organ with abundant blood
vessels, innervation, and inflammatory cells that secrete a variety
of hormones and cytokines related to carcinogenesis and tumour
progression and up-regulate genes involved in tumour cell inva-
sion and metastasis?*~**!, Perinephric fat is VAT adjacent to the
kidney, but it originates from adipocyte precursors and mature
adipocytes and is active in metabolism and adipokine secretion,

which may play a special role in kidney disease!*>?%!, According
to the American Joint Committee on Cancer (AJCC) staging
manual (8th edition), perirenal fat invasion is an important basis
for pT3a category, indicating a higher degree of malignancy and a
worse prognosis. A related study showed that ccRCC induces the
browning of adjacent perirenal fat, which promotes tumour
growth, invasion and metastasis by secreting lactic acid*”!. Du
et al.”*®! showed that perirenal fat percentage was an independent
predictor of postoperative mortality risk in ccRCC. However,
current studies have focused on the thickness and area of peri-
renal fat, without exploring more advanced radiomics features.
Due to the difficulty in identifying Gerota fascia on CT images,
this study initially attempted to extract a reproducible method
with a 6-pixel perirenal range and to study its role in the grading
of ccRCC.

Radiomics analysis is a powerful tool for extracting a multi-
tude of quantitative features from medical images. The features
selected by LASSO regression are mainly focus on gradient,
wavelet, and LoG filter features, which shows that multiple image
filter feature extraction strategy enables us to capture subtle, yet
pathological relevant, information from the imaging data. Based
on the beeswarm diagram of the SHAP value of the five-fold data
in the training set, it can be seen that the first-order feature
(maximum diameter) of the tumour and the filter-based feature
(first-order range) contribute the most to the pathological grading
of ccRCC. This is consistent with the fact that diameter is an
important predictor of tumour pathological grade; on the other
hand, ccRCC with higher pathological grade are more prone to
necrosis?”%] resulting in a larger range of first-order features,
which may be more prominent in the filtered image. Additionally,
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we conducted further analysis to explore the performance of these
features in patients with varying Ki-67 indices. Our findings
revealed statistically significant differences among different Ki-67
groups, providing further validation of the viability of these
imaging signatures in predicting tumour biological behaviour
and demonstrating their robustness. This additional investigation
strengthens the overall confidence in the effectiveness of these
features as reliable indicators of tumour behaviour.

For the tumour prediction grading model, the prediction per-
formance of the external validation set is slightly lower than the
internal validation set, which may be related to the scanning
scheme of CT in different data sets. The data of our centre are
selected from the nephrographic phase, while the data of KiTS19
are from the late-arterial phase. On the other hand, this also
reflects the good generalization performance of the model. In the
prediction grading model of PRAT, the prediction performance
of the external validation set was significantly lower than the
internal validation set, which may be related to different races.
The patients in the KiTS19 data set had a significantly higher
BMI. Therefore, the predictive performance of the combination
model is lower, too.

In addition to shedding light on the significance of perirenal fat
segmentation for understanding tumour invasiveness, our study
also paves the way for exploring the value of perirenal fat within
different ranges. The complexity of perirenal fat’s role in kidney
disease and its potential impact on tumour biology warrant fur-
ther investigation. Moreover, our research sets a new paradigm
for studying the influence of peritumoral fat on the behaviour of
other cancers, such as pancreatic and colorectal cancer. This
work not only contributes to our understanding of renal cell
carcinoma but also opens doors for more comprehensive research
into the role of peritumoral fat in various cancer types, ultimately
advancing our knowledge of tumour biology and clinical
decision-making.

Our study acknowledges certain limitations. First, our data
primarily consisted of data from our local hospital and an open-
source dataset, which may introduce selection bias. Second,
multicenter data with consistent scanning protocols are lacking,
and external validation using different datasets is crucial to verify
the robustness and applicability of our proposed method in real-
life clinical settings. Third, there is sample imbalance, which can
be unavoidable, but we effectively utilize all the data for model
building through ensemble learning. Fourth, although an auto-
matic segmentation model was used, manual annotation and
correction by experienced radiologists are still required in the
study. The experience of the radiologists may introduce bias to
the results. Finally, this study initially defined a certain range of
perinephric fat based on automatic segmentation but performed
further exploration and comparison of the differences in adipose
tissue characteristics surrounding the kidneys in different voxel
ranges. Therefore, further large-sample multicenter studies are
warranted to investigate the predictive performance of PRAT
with different ranges.

In conclusion, our study proposes a novel method to predict
the pathological grade of ccRCC using automated segmentation
and radiomics analysis. The results showed that perirenal fat has
incremental value for the prediction of ccRCC pathological
grade. To advance our study, we recommend multicenter vali-
dation with a larger sample size to acquire high-level evidence for
clinical applications.
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