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Abstract

Background This study employed a convolutional neural network (CNN) to analyze computed tomography (CT)
scans with the aim of differentiating among renal tumors according to histologic sub-type.

Methods Contrast-enhanced CT images were collected from patients with renal tumors. The patient cohort was
randomly split to create a training dataset (90%) and a testing dataset (10%). Following image dataset augmentation,
Inception V3 and Resnet50 models were used to differentiate between renal tumors subtypes, including
angiomyolipoma (AML), oncocytoma, clear cell renal cell carcinoma (ccRCC), chromophobe renal cell carcinoma
(chRCQ), and papillary renal cell carcinoma (pRCC). 5-fold cross validation was then used to evaluate the models in
terms of classification performance.

Results The study cohort comprised 554 patients, including those with angiomyolipoma (n=67), oncocytoma
(n=34), clear cell renal cell carcinoma (n=246), chromophobe renal cell carcinoma (n=124), and papillary renal cell
carcinoma (n=83). Dataset augmentation of the training dataset included this to 4238 CT images for analysis. The
accuracy of the models was as follows: Inception V3 (0.830) and Resnet 50 (0.849).

Conclusion This study demonstrated the efficacy of using deep learning models for the classification of renal tumor
subtypes from contrast-enhanced CT images. While the models showed promising accuracy, further development is
necessary to improve their clinical applicability.
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Introduction

Renal Cell Carcinoma (RCC) is among the most common
forms of cancer in Taiwan, and the incidence appears to
be increasing. Computed tomography (CT) is the most
common approach to diagnosing and staging renal tumor
as well as differentiating between benign and malignant
tumors. Previous studies have demonstrated the effec-
tive use of CT scans for the detection and staging of renal
masses, achieving accuracy of 91% [1]. Nonetheless, the
interpretation of CT images relies heavily on the experi-
ence of radiologists. Inter- and intra-rater biases can have
a profound effect on the accuracy of diagnosis. In fact,
it has been determined that 6.4—40.4% of renal tumors
identified as malignant based on pre-operative CT
images and/or surgical resection were actually benign,
thereby skewing the corresponding treatment decisions
[2,3].

Renal tumor biopsy (RTB) can be used to differenti-
ate benign from malignant renal tumors; however, this
raises the possibility of surgical complications, includ-
ing tumor cell seeding along the biopsy tract, bleeding,
fistula formation, pseudoaneurysm, infection, and pneu-
mothorax [4]. Moreover, renal tumor biopsies (RTBs)
are nondiagnostic in approximately 11-14% of cases [5,
6], which limits their routine use for diagnosing renal
tumors. Surgery is no longer the only option for treating
kidney cancer. Other options include active surveillance,
targeted therapy, and immune therapy, etc. The ability to
distinguish kidney tumor cells without obtaining tissue
specimens would could be highly valuable in facilitating
diagnosis and ensuring timely treatment, greatly aiding
clinicians in treatment planning. In the current study, we
developed deep learning models to enhance the accuracy
of noninvasive (imaging-based) diagnostics and eliminat-
ing the risks of RTB.

Deep learning has been widely applied to the interpre-
tation of medical images; however, most existing models
are limited to binary classification (benign or malignant,
ccRCC vs. non-ccRCC, or fat-poor angiomyolipoma vs.
clear cell renal cell carcinoma). Moreover, most of these
studies have been constrained by a small patient cohort
(<200 patients) [7-16], and a focus on RCC subtypes has
limited the applicability of their findings to general renal
tumors [17-20].

Our aim in this study was to design a Convolutional
Neural Network (CNN) model for the analysis of CT
scans aimed at classifying renal tumors according to the
five most common subtypes, including angiomyolipoma
(AML), oncocytoma, clear cell renal cell carcinoma
(ccRCC), chromophobe renal cell carcinoma (chRCC),
and papillary renal cell carcinoma (pRCC).
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Materials and methods

Subjects

This retrospective study was approved by the Institu-
tional Review Board of Chang Gung Memorial Hospital,
Linkou Branch, Taipei Taiwan (IRB No. 201901321B0).
Between January 2008 and September 2018, this study
enrolled 691 patients who had been diagnosed with renal
tumor and undergone surgical resection. Patients were
excluded if they had not undergone preoperative CT
analysis or had undergone only non-enhanced CT. Other
exclusion criteria included renal cyst, polycystic kidney
disease, maintenance hemodialysis, renal tumor<1 cen-
timeter, and/or severe imaging artifacts. A total of 554
patients were included in the study, including the follow-
ing: angiomyolipoma (n=67), oncocytoma (n=34), clear
cell renal cell carcinoma (n=246), chromophobe renal
cell carcinoma (n=124), and papillary renal cell carci-
noma (n = 83). Figure 1 presents a flowchart of the patient
enrollment process.

Note that many of the patients were referred from
other hospitals. Our inclusion of contrast-enhanced
CT images from those institutions. The basic scanning
parameters for contrast-enhanced CT are as follows:
the slice thickness is 5 mm, the contrast agent injection
rate is 1-2 mL/sec, and the contrast dose is 1-2 mL/kg.
The scan extent covers the whole abdomen, and the scan
time includes two phases: a non-contrast scan followed
by an enhanced scan performed 80-120 s after injection.
For patients with bilateral renal tumors or multiple renal
tumors on one side, pathology reports were correlated
with CT images to confirm the nature of the target lesion.
In cases of disagreement between pathology and imaging
reports, the images were excluded from the data pool.

Image preprocessing and normalization

The outlines of renal tumors on axial and nephrographic
phase CT images underwent manual framing by two
urologists as region of interest (ROI) images. Following
the manual segmentation of tumors, the CT images were
converted to Portable Network Graphics (PNG) format
in accordance with the default abdominal imaging win-
dow of Chang Gung Medical Center, Linkou. Under this
protocol, Hounsfield Units (HUs) covering a range of
-115 to 227 (sufficient to image abdominal organs clearly)
were transformed into 8-bit PNG values (0 to 255). The
renal tumor was then cropped using a minimal rectangle.
Figure 2 presents a flowchart of image preprocessing.

Datasets and image augmentation

This study compiled a test dataset from 10% of the 554
patients selected at random with the following sub-group
distribution: AML (n=6), oncocytoma (n=3), ccRCC
(n=24), chRCC (n=12), and pRCC group (n=38). Data
from the remaining 90% patients were used to compile a



Kan et al. BMC Medical Imaging (2025) 25:66

Page 3 of 8
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Fig. 1 Flowchart showing patient inclusion and exclusion criteria
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Fig. 2 Image preprocessing and normalization process

Table 1 Image augmentation

Cohort AML oncocytoma ccRCC chRCC pRCC
Patients of train- 61 31 222 112 75

ing data

Images of training 483 215 1811 1087 642
data

Augmented im- 966 881 1811 1087 642
ages of training

data

AML: angiomyolipoma; ccRCC: clear cell renal cell carcinoma; chRCC:
chromophobe renal cell carcinoma; pRCC: papillary renal cell carcinoma

training dataset, which was split at a ratio of 8:2 for 5-fold
cross-validation.

Imbalances across renal tumor groups were mitigated
through image augmentation, which involved increas-
ing the number of images in groups with a small number

g AML

5 *E oncocytoma

2 e
ccRCC
chRCC
pRCC

of cases (AML and oncocytoma) to roughly 50% of the
number of images in the group with the largest number
of cases (ccRCC) (Table 1). Augmentations included hor-
izontal flipping, vertical flipping, and rotation [21].

Model development

Model training involved using Python 3.8.5 and Tensor-
flow 2.5.0 to train Inception V3 [22] and Resnet 50 [23]
as differentiation models, while using ImageNet to train
the weights. Training was performed on specific numbers
of layers (i.e., trainable layers). Among the 311 layers in
Inception V3, the number of trainable layers was as fol-
lows: 0 layers (pure transfer learning) and 20, 40, 60, 80,
100, 120, 140, 160, 180, 200, 220, 240, 260, and 280 layers.
Among the 175 layers in Resnet 50, the number of train-
able layers was as follows: 0 layers (pure transfer learning)
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Table 2 Parameters of model setting

Model Parameters Trainable layers
Inception V3 Learning rate: 107° 0, 20, 40, 60, 80, 100,
Epoch: 30 120, 140, 160, 180, 200,
220, 240, 260, and 280
Resnet 50 Learning rate: 107° 0, 25,50, 75,100, 125,

Epoch: 30 and 150

and 25, 50, 75, 100, 125, and 150 layers. Table 2 lists the
model parameters.

Evaluation methods

The performance of the models was evaluated using test
data derived from 10% of the patients. Note that the data-
set included an arbitrary number of images for any given
patient. Model training was performed using multiple
2D images of each renal tumor. Thus, we multiplied the
classification result of each image by the number of pix-
els in renal tumor images cropped down to include only
the ROL We then summed the values to obtain the final
classification result for that patient. Consider an example
involving a patient with 3 tumor images with the follow-
ing model prediction results and number of pixels: Image
1[1, 0,0, 0, 0] (first-class; 300 px), Image 2 [0, 1, 0, 0, 0]
(second-class; 400 px), and Image 3 [1, 0, 0, 0, 0] (first-
class; 200 px). The corresponding multiplication results
were as follows: Image 1 [300, 0, 0, 0, 0], Image 2 [0, 400,
0, 0, 0], and Image 3 [200, 0, 0, 0, 0]. Summing up these
results, we obtain the following: [500, 400, O, 0, 0]. The
first-class prediction result exceeds the second-class
prediction result; therefore, the final classification of the
renal tumor is deemed first-class. From these results,
we calculated the accuracy, weighted precision (WP),
macro Fl-score, and weighted F1-score of each model.
The mean and standard deviation of the 5-fold cross-val-
idation results were recorded to enable comparisons of
model performance.

Statistical analysis

Statistical analysis was performed using one-way
ANOVA, Schefte’s post-hoc test, Dunnett’s T3 post-hoc
test, the Welch test, and the Chi-square test. All analysis
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was performed using IBM SPSS, version 22.0 (IBM Corp,
Armonk, NY, USA).

Results

Baseline clinical and demographic characteristics

The 554 patients included 328 males (59.2%) and 226
females (40.8%) with a median age of 56 years (inter-
quartile range (IQR): 47-66 years). Pathology reports
revealed the following classifications: AML (n=67;
12%), oncocytoma (1 =34; 6.1%) ccRCC (n=246; 44.4%),
chRCC (n=124; 22.4%), and pRCC (n=83; 15%). The
median size of the largest diameter renal tumors was
53.5 mm (IQR: 36—-74 mm). The baseline clinical and
demographic characteristics of the patients are listed in
Table 3.

Model performance

Figure 3 and Table S1 presents the accuracy, WP, macro
Fl-score, and weighted Fl-score of the Inception V3
model using various numbers of trainable layers. The
highest accuracy (0.83) was achieved using 220 train-
able layers, whereas the average accuracy using 5-fold
cross-validation was 0.804+0.019 (Fig. 3A). The high-
est WP (0.885) was achieved using 220 trainable layers,
whereas the average WP using 5-fold cross-validation
was 0.847+0.021 (Fig. 3B). The highest macro F1-score
(0.786) was achieved using 220 trainable layers, whereas
the average macro Fl-score using 5-fold cross-valida-
tion was 0.757+0.028 (Fig. 3C). The highest weighted
Fl-score (0.833) was achieved using 220 trainable lay-
ers, whereas the average weighted F1-score using 5-fold
cross-validation was 0.813+0.0176 (Fig. 3D).

Figure 4 and Table S2 presents the accuracy, WP,
macro Fl-score, and weighted Fl-score of the Resnet
50 model using various numbers of trainable layers. The
highest accuracy (0.849) was achieved using 50 train-
able layers, whereas the average accuracy using 5-fold
cross-validation was 0.811+0.027 (Fig. 4A). The high-
est WP (0.887) was achieved using 150 trainable layers,
whereas the average WP using 5-fold cross-validation
was 0.865+0.015 (Fig. 4B). The highest macro F1-score
(0.813) was achieved using 75 trainable layers, whereas
the average macro F1-score using 5-fold cross-validation

Table 3 Baseline clinical and demographic characteristics of patients

Parameter AML oncocytoma ccRCC chRCC pRCC Pvalue
Patient number (n%) 67(12%) 34(6.1%) 246(44.4%) 124(22.4%) 83(15%)
Gender P<0.05%
Male (n%) 13(4%) 16(5%) 171(52.8%) 60(18.5%) 64(19.8%)
Female (n%) 54(23.5%) 18(7.8%) 75(32.6%) 64(27.8%) 19(8.3%)
Age (mean+SD) 511117 596+11.1 57.8+14 548+13 59.2+145 P<0.05
Tumor size (mean+SD) 6.4+45 45+23 59+28 64+36 53+29 P<0.05*

n: number; SD: standard deviation; AML: angiomyolipoma; ccRCC: clear cell renal cell carcinoma; chRCC: chromophobe renal cell carcinoma;

pRCC: papillary renal cell carcinoma
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Fig. 3 Results of Inception V3: (A) Accuracy; (B) Weighted precision; (C) Macro F1-score; (D) Weighted F1-score. The highest accuracy (0.804+0.019), the
highest precision (0.847 +£0.021), and the highest F1-score (0.813+0.0176) were all achieved using 220 trainable layers

was 0.753+0.040 (Fig. 4C). The highest weighted
Fl-score (0.852) was achieved using 50 trainable lay-
ers, whereas the average weighted F1-score using 5-fold
cross-validation was 0.838 + 0.027 (Fig. 4D).

Discussion

This study developed a deep-learning model to differen-
tiate among renal tumors in terms of histologic type to
assist clinicians in the identification of malignant renal
tumors.

Lee et al. [24] developed a deep learning model that
achieved accuracy of 76.6% in differentiating between
AML and c¢cRCC in abdominal contrast-enhanced CT
images. Using machine learning-based quantitative tex-
ture analysis of CT images, Feng et al. [9] achieved accu-
racy of 93.9% in differentiating between angiomyolipoma
without visible fat and renal cell carcinoma. Using a CNN
model, Baghdadi et al. [18] achieved accuracy of 95% in
identifying oncocytoma and chromophobe renal cell
carcinoma in CT images. Using a nomogram, Elsayed
Sharaf et al. [19] achieved an area under the curve (AUC)
of 0.90 in differentiating oncocytoma from chromo-
phobe renal cell carcinoma on multi-phasic CT scans.
Using radiomic-based machine learning algorithm to

discriminate benign from malignant renal masses, Nas-
siri et al. [25] achieved accuracy of 93.4% and Erdim et
al. [26] achieved accuracy of 90.5%. Note however that all
the above studies were intended only for binary classifi-
cation. Our objective in the current study was to identify
the five most common renal tumor subtypes, including
AML, oncocytoma, ccRCC, chRCC, and pRCC, which
more closely resembles the scenarios typically encoun-
tered in a clinical setting.

Raman et al. [27] combined computed tomography
texture analysis (CTTA) with random forest modeling
for the characterization of renal tumors. Uhlig et al. [28]
used radiomic features and classifiers to predict renal
tumor subtypes, including the five classes in the cur-
rent study. In that study, the largest area under the curve
(AUC) =0.72 was achieved using extreme gradient boost-
ing (xgboost). In the current study, we achieved accuracy
of (0.83) using Inception V3 and (0.849) using Resnet 50.
These findings indicate that deep learning models are
more powerful than classifiers in identifying renal tumor
subtypes.

Zhou et al. [16] used Inception V3 to investigate the
effects of transfer learning on the classification of benign
and malignant renal tumors in CT scans. Despite their
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Fig. 4 Results of Resnet 50: (A) Accuracy; (B) Weighted precision; (C) Macro F1-score; (D) Weighted F1-score. The highest average accuracy (0.811+0.027)
was achieved using 50 trainable layers. The highest average weighted precision (0.865+0.015) was achieved using 150 trainable layers. The highest aver-
age macro F1-score (0.753 +£0.040) was achieved using 75 trainable layers. The highest average weighted F1-score (0.838 +0.027) was achieved using 50

trainable layers

outstanding accuracy (0.97), it is important to consider
that binary classification is not particularly useful in most
clinical applications. Rather, clinicians need to differen-
tiate among renal tumor subtypes. In many instances,
renal tumors are discovered accidentally in CT images
intended for other purposes, such that the CT protocol
is not configured specifically for this kind of analysis. In
the current study, we included all contrast-enhanced CT
images, irrespective of the CT machine or protocol used,
to better represent real-world clinical scenarios.

One challenge in the current study was a notable imbal-
ance in the distribution of each tumor subtype. The least
common subtypes were oncocytoma (n=34) and angio-
myolipoma (#=67). Oncocytoma typically accounts for
3-7% of solid renal tumors [29], while angiomyolipoma
accounts for 10% [30]; however, both of these subgroups
were underrepresented in the current study. To prevent
overfitting, we sought to resolve this data imbalance by
augmenting the image datasets for angiomyolipoma and
oncocytoma [21]. Note that only the training data under-
went augmentation, while the original test data was used
to confirm model performance.

The model weights used in this study were trained
using ImageNet; however, neither Inception V3 nor
Resnet 50 achieved good results when using these values
without modification. When using zero trainable layers,
Inception V3 achieved average accuracy of 0.689 and
weighted precision of 0.727. When using 220 trainable
layers, Inception V3 achieved average accuracy of 0.804
and weighted precision of 0.847. When using zero train-
able layers, Resnet 50 achieved average accuracy of 0.717
and weighted precision of 0.760. Resnet 50 achieved the
highest accuracy (0.811) using 50 trainable layers and the
highest weighted precision (0.865) using 150 trainable
layers. Taken together, it appears that even when using
transfer learning to build a deep learning model, it is
important to allow the subsequent training of some lay-
ers to improve model performance.

This study was subject to a number of limitations,
which should be considered in the interpretation of our
results. First, the patients in this study were from a single
tertiary center, such that the generalizability of the results
to a broader population is uncertain. Second, we selected
a Hounsfield Unit (HU) between — 115 and 227, such that
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the models were unable to learn important features out-
side this range. Third, our efforts to augment the dataset
were insufficient to eliminate the influence of data imbal-
ance. Finally, we included only five renal tumor subtypes
and manual segmentation is not generalizable. Thus, our
model will require further refinement to make it appli-
cable to clinical settings. Moreover, the validity of our
findings will have to be validated in subsequent research
based on an expanded dataset, preferably from multiple
medical centers.

This study achieved good accuracy when using deep
learning models for the classification of renal tumor sub-
types. We determined that transfer learning was insuf-
ficient for either of the models, which necessitated the
adjustment of weights for a large proportion of the model
layers to achieve optimal results. For Inception V3, the
highest average accuracy in 5-fold cross-validation was
0.804:+0.019 when using 220 trainable layers. For Resnet
50, the highest average accuracy was 0.811+0.027 when
using 50 layers. Dataset expansion and model optimiza-
tion will be required to improve model performance in
the future.
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