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Abstract

Objectives To use convolutional neural networks (CNNs) for the differentiation between benign and malignant renal
tumors using contrast-enhanced CT images of a multi-institutional, multi-vendor, and multicenter CT dataset.

Methods A total of 264 histologically confirmed renal tumors were included, from US and Swedish centers. Images
were augmented and divided randomly 709%:30% for algorithm training and testing. Three CNNs (InceptionV3,
Inception-ResNetV2, VGG-16) were pretrained with transfer learning and fine-tuned with our dataset to distinguish
between malignant and benign tumors. The ensemble consensus decision of the three networks was also recorded.
Performance of each network was assessed with receiver operating characteristics (ROC) curves and their area
under the curve (AUC-ROC). Saliency maps were created to demonstrate the attention of the highest performing
CNN.

Results Inception-ResNetV2 achieved the highest AUC of 0.918 (95% Cl 0.873-0.963), whereas VGG-16 achieved
an AUC of 0.813 (95% Cl 0.752-0.874). InceptionV3 and ensemble achieved the same performance with an AUC
of 0.894 (95% Cl 0.844-0.943). Saliency maps indicated that Inception-ResNetV2 decisions are based on the char-
acteristics of the tumor while in most tumors considering the characteristics of the interface between the tumor
and the surrounding renal parenchyma.

Conclusion Deep learning based on a diverse multicenter international dataset can enable accurate differentiation
between benign and malignant renal tumors.

Critical relevance statement Convolutional neural networks trained on a diverse CT dataset can accurately differen-
tiate between benign and malignant renal tumors.

Key points

- Differentiation between benign and malignant tumors based on CT is extremely challenging.

- Inception-ResNetV2 trained on a diverse dataset achieved excellent differentiation between tumor types.
- Deep learning can be used to distinguish between benign and malignant renal tumors.
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Introduction

Kidney cancer ranks in the 14th place as the most com-
mon cancer worldwide, and renal cell carcinoma (RCC)
accounts for almost 3% of all cancers, according to the
2022 update of the European Association of Urology
[1, 2]. RCC, a heterogenous tumor group, represents
85% of all renal neoplasia, with a hereditary predisposi-
tion accounting for 5% of all RCC cases [3]. Differences
between genders also exist since RCC contributes 5% of
all cancers in males and 3% in females [4]. Despite the
absence of screening programs, the increased accidental
early detection of renal masses on imaging radiological
methods is mainly responsible for the high RCC inci-
dence universally [5]. Mortality rates have lately stabilized
in developed countries but continue to rise in developing
nations [6]. Epidemiological models predict an increased
burden of kidney cancer in the near future [7] associated
mainly with risk factors such as chronic/end-stage kidney
disease, obesity, smoking, and hypertension [8].

Three primary subcategories of RCC exist, namely clear
cell RCC (ccRCC), papillary RCC (pRCC), and chro-
mophobe RCC (chRCC). These subcategories account
for approximately 70—80%, 14—17%, and 4—8% of cases,
respectively [9]. Regarding metastasis, ccRCC exhibits
the highest rate at 8.7%, followed by pRCC at 5.5% and

chRCC at 2.9% [10]. Advances in morphologic diagnos-
tic criteria and molecular analyses lead to continuous
re-evaluation of renal neoplasia, as reflected in the lat-
est edition (2022) of the World Health Organization
(WHO) classification of urogenital neoplasia [11-14].
Based on surgical specimens, renal oncocytoma (RO)
accounts for approximately 5% of all renal epithelial neo-
plasms [15]. As the second benign renal tumor category
after angiomyolipoma (AML), RO was falsely considered
a malignant tumor for 35 years since its first description
in the early 40s [16]. RO and AML lead to unnecessary
nephrectomies, as they may exhibit similar radiological
imaging characteristics to RCC, contributing to approxi-
mately 10% of such cases [17].

The clinical question of reducing the surgical overtreat-
ment of benign renal tumors remains challenging. Con-
ventional radiology cannot definitely differentiate between
benign and malignant renal neoplasia due to their similar
imaging characteristics [18]. Prominent efforts contrib-
uting to a more accurate differentiation of RO from RCC
have been reported from modern molecular examination
methods, namely **™Tc-sestamibi single-photon emission
computed tomography/computed tomography (SPECT/
CT) [19] and ¥Zr-girentuximab positron emission tomog-
raphy/computed tomography (PET/CT) [20]. A recent
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pilot study integrating **™Tc-sestamibi SPECT/CT and
radiomics via a machine-learning approach reports an
accuracy of 95% in detecting renal oncocytic tumors such
as RO, HOCT, and low-grade oncocytic tumor (LOT) [21].

Deep learning enables the automation of image recog-
nition without the need for a priori extraction of image
features from pre-specified regions of interest [22].
Deep learning has been utilized to study renal neopla-
sia, mainly focused on the distinction between RCC and
RO, disregarding the rest of the tumor subtypes [23].
Studies encompassing data from computed tomography
(CT) [23] or magnetic resonance imaging (MRI) [24]
report various accuracy rates in the detection of benign
renal neoplasia, ranging from 70 to 93.3%. These studies
mainly utilize datasets from a single institution with a
local patient population which hampers the generaliza-
tion capacity of the produced algorithms [23]. Xi et al.
used a multicenter dataset from a single country that
was based on MRI, which is not the first-in-line modal-
ity for the evaluation of renal tumors [24]. It is currently
widely accepted that single institution datasets cannot
capture the complexity of patient, image, and disease
patterns, leading to poor generalization capacity of the
resulting algorithms [25]. The construction of multi-
institutional datasets, including various patient popu-
lations that account for different imaging parameters,
is complicated due to data privacy issues. Approaches
such as federated learning can be used to train algo-
rithms with data from more than one institution, sig-
nificantly increasing the generalization capacity of the
models [26]. Alternatively, open-access data or data
from large reference centers that accumulate training
images from multiple centers can be utilized [27].

This study aimed to train deep-learning (DL) mod-
els that distinguish between benign and malignant renal
tumors using contrast-enhanced CT images. Three
convoluted neural network (CNN) architectures were
trained and tested using a multi-institutional, multi-
vendor, and multicenter CT dataset to ensure population
diversity and adequate tumor type representation. Devel-
oping such a model could reduce the number of falsely
detected malignant lesions, thus reducing unnecessary
nephrectomies.

Materials and methods

Patients

A total of 260 patients were retrospectively included by
combining the open-access Kits-19 challenge (https://
kits19.grand-challenge.org) training dataset (n=210) col-
lected from a single US-based hospital and patients of the
MIDOR dataset (7 =>50) with examinations collected from
16 hospitals of central Sweden referred for cancer care at
Karolinska University Hospital, Huddinge (Stockholm,
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Sweden). Examinations of the MIDOR dataset were per-
formed in 6 Siemens, 7 Phillips, and 14 General Electric
scanners (Supplementary Table 2). This study was con-
ducted in accordance with the Declaration of Helsinki. The
MIDOR study was approved by the Karolinska Univer-
sity Hospital (Huddinge) Regional Ethical Review Board
and Radiation Safety Committee (2018/1626) [19]. All
patients had a histologically confirmed diagnosis either by
core biopsy or surgical excision. CT examinations without
late arterial images were excluded from the analysis. This
multicenter international cohort was used for the training
and testing of CNNs. Centers and scanners used for the
MIDOR cohort are presented in Supplementary Table 1.
The CLAIM checklist ensured that adequate reporting
standards were met [28, 29].

CT imaging and image preparation for deep learning

Late arterial CT images with a slice thickness of 3
mm were used for DL. In cases a 3-mm slice was not
available, this was reconstructed from the existing
data. A representative axial section of each tumor was
selected and cropped in a rectangular fashion around
the tumor, including the interface between the tumor,
the surrounding renal parenchyma, and the surround-
ing fat. Representative images were selected by a con-
sultant radiologist with>10 years of experience in
abdominal imaging. The images selected were usually
midsections of the tumors. In case that the tumor was
large or contained multiple features (necrotic parts,
cystic parts, solid parts, etc.), care was taken to select
a slice that included the majority of these features. All
images were resized to 150X 150 pixels for DL model
input. Image augmentation was performed using hori-
zontal flipping, 10° clockwise and anticlockwise rota-
tion to reach a total of 564 renal tumor images, which
were subsequently randomly split in a 70%:30% ratio
for training and testing, respectively, yielding a final
dataset of 394 training and 170 testing images (Fig. 1).
Data preprocessing and augmentation were performed
in Python v3.9.

Convolutional neural network training and testing

Transfer learning with the ImageNet dataset was used
to obtain the initial weights of a VGG-16, an Inception-
ResNetV2, and an InceptionvV3 CNN with fine-tuning
of final layers using our dataset. A consensus ensemble
decision of the three CNNs was also recorded as the
agreement of at least two out of three CNNs. CNNs were
set to be trained with a maximum of 100 epochs using
early stopping at =10 epochs to prevent overfitting.
Models were trained with a batch size of 1. Python v3.9


https://kits19.grand-challenge.org
https://kits19.grand-challenge.org

Klontzas et al. Insights into Imaging (2024) 15:26 Page 4 of 11
Multi-centre international dataset
\ g K
GRS >~ -
‘- - contrast = '58:"
) enhanced CT Biopsy/ Histologically
Excluded: <—J Rerg:l;lgT)ors Surgery proven renal
Cysts tumor CT
Cases with dataset
inadequate imaging
Data
USA Sweden augmentation
(n=210) (n=54) n=564 images
70%:30%
training:testing
N - - -
Benign A Mo T s
(aDE8E 2 - mn [ R | Deep learning

A x4, OII
SR g i 4 m
Ty
\ Concatenation. Cenclution
Malignant /

+RelU []

— 1 ] I
€y m
mmery W ol

Jtoxo )| Tmmmg 4 | x0
=~\"m 0]\ m

Residual 0 Bully CO"E?;ES

Softmax [[J

Average
Pooling m

Trainable
layers

Dropout Max Pooling
N/ wmm

&

il

ﬁ: c:ilgg ;n Mﬂw

\ o

=|

=

=

=

:E«",
gAuondaou|

i (ImageNet
transfer learning)

9L-99A

Test set
(n=170
images)

Training set
(n=394
images)

|

CA19NSaY
- uondaou|

J

Fig. 1 Flow chart demonstrating the data collection, preparation and deep learning process (created with BioRender.com)

was used for model development using the Keras frame-
work on a MacBook Pro M1 Max 64 GB.

Model evaluation and statistical analysis

Accuracy, sensitivity (recall), specificity, positive pre-
dictive value (PPV precision), negative predictive value
(NPV), and fl-scores were calculated to assess the per-
formance of individual CNNs and their consensus
ensemble. Receiver operating characteristics (ROC)
curves were created to calculate the respective area
under the curve (AUC). Two expert readers, one radiol-
ogy consultant with expertise in urogenital radiology and
one senior radiology fellow, evaluated the same images as
the models in an attempt to compare the performance of
expert readers to the performance of the most accurate of
the models presented herein.

Retrospective sample size calculation was performed
to estimate the minimum sample required size to detect
any AUC-ROC>0.80 with a 95% CI width<0.2 given
the prevalence of malignant cases in our sample (85%), a
power of 80%, and a=0.05. Sample size calculation indi-
cated that a minimum of 103 tumors are needed for such
a study.

Integrated gradients saliency maps were produced for
tumors of the test group to assess the attention of the
CNN with the highest accuracy. Saliency maps indicate
the importance of image regions to model performance,
offering an important insight on the function of the mod-
els while contributing to the interpretability of CNNs.
Bootstrapping was used to estimate the 95% confidence
intervals AUC-ROC utilizing the pROC R package [30]
(R version 4.2.2, https://www.R-project.org/). DeLong’s
test [31] was used to compare the AUCs of various CNN
models. Statistical significance was defined with a p-value
less than alpha level =0.05.

Results

Dataset composition

A total of 37 benign (14%) and 227 malignant tumors
(86%) were included in the combined dataset. Clear cell
RCC comprised the majority of tumors (58.71%), fol-
lowed by papillary RCC (11.36%) and chromophobes
(10.23%) (Fig. 2a). RO comprised only 7.95% of the
dataset. The majority of malignant tumors (85%) were
included in the kits19 dataset, whereas benign tumors
were derived in approximately the same percentage
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Fig. 2 Analysis of the characteristics of our datasets. Pie charts demonstrate the distribution of malignant and benign tumor subtypes (a),

the distribution of benign and malignant tumors in each one of the sub-

datasets (b), and the gender of the patients across the MIDOR and kits19

data (d). A density plot demonstrates the distribution of patient ages in our data (c)

from the kits19 and the MIDOR dataset (45.9% vs 54.1%,
respectively) (Fig. 2b). The median age of patients was 62
years, and female and male patients comprised 40% and
60% of the dataset, respectively (Fig. 2c, d). Patient demo-
graphics are presented in Supplementary Table 2.

CNN performance assessment

Inception-ResNetV2 achieved the highest AUC of 0.918
(95% CI 0.873-0.963), whereas VGG-16 achieved an
AUC of 0.813 (95% CI 0.752-0.874). InceptionV3 and
ensemble achieved the same performance with an AUC
of 0.894 (95% CI 0.844-0.943) (Fig. 3 and Table 1). Sali-
ency maps of the most important tumor categories indi-
cated that Inception-ResNetV2 decisions were based on
the characteristics of the tumor while in most tumors
considering the characteristics of the interface between
the tumor and the surrounding renal parenchyma.

Importantly, saliency maps did not indicate involve-
ment of the peritumoral abdominal fat (Fig. 4). Com-
parison of saliency maps derived from all three models
in benign and malignant tumors indicated that Incep-
tion-ResNetV2 selectively focused more selectively on
the tumor and peritumoral area compared to Incep-
tionV3 which focused on a more wide area around the
tumor. VGG-16 focused weakly in a more wide area
of the image without clear concentration at a specific
site (Supplementary Fig. 1). It is important to note that
Inception-ResNetV2 did not falsely characterize any
malignant lesions as benign. Analysis of failed pre-
dictions where benign cases were falsely identified as
malignant indicated that features such as extracapsular
extension, perilesional fat with or without fat strand-
ing, or ill-defined borders of the lesion were areas where
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Table 1 CNN performance metrics

AUC Accuracy Sensitivity (recall) Specificity PPV (precision) NPV f1-score
Inception-ResNet-V2 91.8% (87.3-96.3%) 95.18% 90.35% 100% 100% 83.58% 96.6%
VGG-16 81.3% (75.2-87.4%) 80.86% 86% 75.71% 83.5% 79.1% 84.7%
InceptionV3 89.4% (84.4-94.3%) 90.86% 89.91% 91.8% 95.15% 83.58% 92.46%
Model ensemble 89.4% (84.4-94.3%) 90.86% 89.91% 91.8% 95.15% 83.58% 92.46%

AUC Area under the curve, PPV Positive predictive value, NPV Negative predictive value

Inception-ResNetV2 focused to produce the false-posi-
tive decision (Supplementary Fig. 2).

The results of the best-performing CNN were com-
pared to the performance of two radiologists, a radi-
ology consultant with experience in abdominal
imaging and a senior radiology resident specializing
into abdominal imaging. Both radiologists achieved a
poor performance with AUCs of 0.517 (95% CI 0.453—
0.582) and 41.7% (95% CI 0.351-0.481) for the consult-
ant and senior resident, respectively. The performance
of both radiologists was significantly lower than the
performance of Inception-ResnetV2 (p <0.001) (Fig. 5).
When the radiologists were asked to make the same
diagnosis but at this time with access to the prediction
of the CNN, both achieved higher performance than
without the use of AI (p<0.01) (Fig. 5). To assess the
clinical utility of Inception-ResNetV2, a decision curve

analysis was performed which showed higher net ben-
efit of the use of Inception-ResNetV2 than the treat-all
and treat-none cases at a wide spectrum of threshold
probabilities (Supplementary Fig. 3).

Discussion

Herein, DL was used to distinguish between malignant
and benign renal tumors. Three CNNs were trained using
a multi-institutional international dataset with Incep-
tion-ResNetV2 reaching an excellent performance in the
detection of benign renal neoplasia.

Our results are in accordance with a previously pub-
lished study from Pedersen et al. reporting 90-97.7%
accuracy in the detection of RO on CT-derived images
[23]. Nonetheless, in their study, only RO was considered
a tumor subtype in the benign group. As shown by the
distribution of tumors in our dataset, RO is the dominant
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benign subtype. Still, other benign tumors exist in con-
siderable percentages, possibly hampering the diagnosis.
The benign dataset has included the spectrum of available
benign tumors. This is also important given that, accord-
ing to the literature, the percentage of RO and other
benign tumors is significantly lower than their malignant
counterparts. The ratio benign:malignant tumors in our
cohort is similar to the ratio described in other studies
and accurately represents the real-world scenario [32].
This group imbalance could cause statistical problems if
not accounted during the data preparation and training
phase of the DL [22]. In our work, we have mitigated this
risk by augmenting the dataset to equalize the number of
images between the two groups, a widely used regulariza-
tion method [33]. Alzubi et al. also used an augmentation
process in a dataset of 60 patients with renal malignancy
out of 120 patients examined with contrast-enhanced or
without contrast-enhanced CT examination from a sin-
gle-center study reporting an accuracy of 92% in the dif-
ferentiation of healthy versus tumoral renal parenchyma
[34]. In another single-center study by Garner et al. with
a dataset of 132 renal lesions examined under the same
CT apparat, an accuracy of 87% was reported in a histo-
pathologically verified material [35]. Our study collected
histopathologically verified kidney tumors examined in
different centra under various CT apparats.

The accurate characterization of renal oncocytic neo-
plasia is problematic not only in radiological [36] but also
on histopathological grounds, especially when obtained
from specimens from core biopsies [37]. Patel and col-
leagues showcased that 25% of RO cases were incor-
rectly diagnosed, leading to 12.5% and 6.3% of tumors
being reclassified as chRCC or HOCT, respectively, after
excision [37]. In that aspect, the excellent performance
of Inception-ResNetV2 could assist other examination
methods that detect renal oncocytic neoplasia, such as
9mTe_sestamibi SPECT/CT [38], to verify or improve
their performance.

DL has been previously used to assist in various
diagnostic dilemmas related to renal neoplasia. Han
et al. achieved an accuracy of 85% in distinguishing
between types of malignant tumors, including ccRCC,
pRCC, and chRCC [39]. Differentiation between pRCC
and chRCC has also been attempted by Zuo et al. [40]
achieving an accuracy of ~96%. Zheng et al. achieved
60.4% accuracy in differentiating between ccRCC,
c¢hRCC, pRCC, and AML [41]. Most studies dealing
with benign tumors attempted the distinction between
RCC and RO [23, 24, 42, 43]. This distinction disre-
gards the presence of important tumors such as AML
and chRCC that can complicate the diagnosis. Obe-
rai et al. focused on the distinction between benign
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and malignant lipid-poor renal tumors, including
lipid-poor angiomyolipoma [44], based on CT with an
accuracy of 78%, alas, from a single institution. In our
case, Inception-ResNetV2 achieved an accuracy >90%,
an excellent performance, and at the upper limit of
performances reporting in literature while examin-
ing all available tumor types from a diverse patient
population.

The renal parenchyma surrounding the tumor is
of utmost importance during tumor resection in
the sense that healthy resection margins are always
desired. The advent of partial nephrectomy, cur-
rently considered the gold standard for early-stage
(T1) tumors, has increased the importance of allow-
ing a safe zone around the tumors [45]. Salience maps
produced based on our best-performing CNN dem-
onstrated that network attention was focused mainly
on the tumor. Some cases also extended marginally
to “visually” healthy renal parenchyma. This signi-
fies the current practice of establishing a minimum
(at least 4 mm) margins of resection for T1lb tumors
[46]. In our results, the absence of network attention
at the peritumoral abdominal fat potentially indicates
that the involvement of the fat is less important than

the involvement of the surrounding renal parenchyma
in differentiating malignant from benign lesions. The
attention of the network at the tumor-renal paren-
chyma interface may indicate imaging features invisi-
ble to the human eye that could be further studied with
advanced image analysis methods such as radiomics.
Interestingly, assessment of false-positive model pre-
dictions (benign cases falsely predicted as malignant)
indicated that the model was confused by features
which can deceive even experience radiologists, such
as ill-defined borders with the normal parenchyma,
extracapsular extension, or perilesional fat stranding.
Comparison of our best-performing model to human
readers indicated superior performance of the CNN.
This is expected given the known inability of human
readers to accurately distinguish between benign and
malignant renal tumors based on CT. Studies have
reported similar results to ours, with specificity of dif-
ferentiation between benign and malignant tumors
around 50% on multiphasic CT [47]. Human read-
ers can use CT to detect the presence of a renal tumor
with very high accuracy, approximating 100%. However,
distinguishing between benign and malignant lesions
is difficult even in cases where MRI is also employed,
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necessitating biopsy for most of the cases [48]. Impor-
tantly, when our readers were asked to make the same
diagnosis but with the assistance of Al, their perfor-
mance was significantly increased, indicating that our
CNN can have an important value in everyday clinical
practice. Nonetheless, even with the assistance of Al,
the performance of humans did not increase higher
than 72% which is still not an acceptable diagnostic
accuracy for a tumor.

Our study has certain strengths and limitations.
Strengths include the diversity of the dataset, the
large dataset size relative to other published studies,
the pathological confirmation of all cases, and the use
of CT images, the most commonly used modality for
evaluating such patients. Limitations of our method
include its retrospective nature and the lack of tumors
that did not undergo resection or biopsy based on
their imaging appearance such as renal cysts. The lat-
ter could potentially alter the prevalence of benign
tumors in our dataset. Nonetheless, the inclusion of
pathologically unconfirmed cases would also ham-
per the trust in our results. Another limitation of our
study could be the use only single-phase images. How-
ever, despite the use of a single phase, our algorithms
exhibited excellent performance. This is in line with
previous publications demonstrating that disregarding
contrast phase information does not affect the perfor-
mance of deep learning algorithms in the evaluation of
renal tumors [23]. The fact that the developed models
were not evaluated on their ability in distinguishing
different sub-types of benign or malignant masses is
another potential limitation. Nonetheless, this could
not be possible given the very small number of certain
tumor subtypes. Additionally, the lack of external vali-
dation presents one more limitation of this work. The
selection of representative images for the model could
be a limitation since it could be affected by the experi-
ence of the reader. However, identifying the main fea-
tures of the lesion (e.g., necrosis, cystic components,
extracapsular extension) that should also be included
in the representative image should be routinely done
in any report. It is, therefore, important that readers
that are not experienced to report such exams should
not be involved in the selection of images. Finally, mis-
classified cases still exist despite our method’s high
performance, which could be potentially reduced by
obtaining an even larger dataset.

In conclusion, we demonstrated that CNNs have a
high performance in differentiating between benign and
malignant renal tumors. The multicenter international
dataset used herein ensures the diversity of our training
data and represents an important step toward the repro-
ducibility of our algorithms.

Page 9 of 11

Abbreviations
AML Angiomyolipoma

AUC Area under the curve

ccRCC  Clear cell RCC

chRCC  Chromophobe RCC

CNN Convolutional neural network
HOCT  Hybrid oncocytic tumor

LOT Low-grade oncocytic tumor
pRCC Papillary RCC

RCC Renal cell carcinoma

RO Renal oncocytoma

ROC Receiver operating characteristics
WHO World Health Organization

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513244-023-01601-8.

Additional file 1: Supplementary Fig. 1. Representative saliency maps
comparing the attention of Inception-ResNetV2, InceptionV3 and VGG-16.
Supplementary Fig. 2. Indicative failed predictions of the Inception-
ResNetV2 model. All failed cases represent benign tumors falsely labelled
as malignant. No malignant tumors of our test set were falsely labelled as
benign. Images represent CT appearances of tumors and the respective
saliency maps. In the first case (A, B) the algorithm has focused on the
extension of the tumor to the surrounding fat (arrows) and has mistaken
the fat between the exophytic lesion and the normal parenchuma as part
of the tumor (arrowheads). In the second case (C, D) the algorithm has
focused on the collecting system and the normal parenchyma (arrows).
In the final case (E, F) the arrow has focused on either clear perirenal

fat (arrowheads) or at places where lines of fat stranding can be noted
(arrows). Supplementary Fig. 3. Decision curve analysis demonstrating
the clinical value of the best performing model. The standardized net
benefit of Inception-ResNetV2 (blue line) is compared to the treat-all (red
line) and treat-none (green line) scenarios over the range of threshold
probabilities. Supplementary Table 1. Centers and equipment used in
the MIDOR dataset. Supplementary Table 2. Demographics from 50
patients with 54 renal tumors included in the MIDOR study*.

Authors’ contributions

Conceptualization, MEK and AT, methodology, MEK and AT; software, MEK; vali-
dation, MEK, EK, GK, AHK, and AT; formal analysis, MEK, EK, GK, TP, AHK, and AT;
resources, AT; data curation, MEK, EK, GK, TP, AHK, and AT; writing—original draft
preparation, MEK and AT; writing—review and editing, MEK, EK, GK, TP, AHK, and
AT; and supervision, AT. All authors read and approved the final manuscript.

Funding

Open access funding provided by Karolinska Institute. This research was
funded by Sweden’s innovation agency, VINNOVA, as part of the MIDOR
Project (Reference number 2015-0180).

Availability of data and materials

Kits19 data are available on a CC BY-NC-SA license from https://github.com/
neheller/kits19. The rest of the data are available from the corresponding
author upon reasonable request.

Declarations

Ethics approval and consent to participate

Ethics approval has been received for the MIDOR study by the Karolinska
University Hospital (Huddinge) Regional Ethical Review Board and Radia-
tion Safety Committee (2018/1626), and all MIDOR patients have signed an
informed consent for their participation.

Consent for publication
Not applicable.



https://doi.org/10.1186/s13244-023-01601-8
https://doi.org/10.1186/s13244-023-01601-8
https://github.com/neheller/kits19
https://github.com/neheller/kits19

Klontzas et al. Insights into Imaging (2024) 15:26

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Medical Imaging, University Hospital of Heraklion, Heraklion,
Crete, Greece. “Computational BioMedicine Laboratory, Institute of Computer
Science, Foundation for Research and Technology (FORTH), Heraklion, Crete,
Greece. >Department of Radiology, School of Medicine, University of Crete,
Voutes Campus, Heraklion, Greece. *Department of Diagnostic Radiology,
Karolinska University Hospital, Stockholm, Sweden. > Division of Radiology,
Department for Clinical Science, Intervention and Technology (CLINTEC), Karo-
linska Institutet, Stockholm, Sweden. éInstitute of Metabolism and Systems
Research, University of Birmingham, Birmingham, UK.’ Department of Clinical
Pathology, Vestre Viken Hospital Trust, Drammen, Norway. *Medical Radiation
Physics and Nuclear Medicine, Section for Nuclear Medicine, Karolinska Uni-
versity Hospital, 14 186, Huddinge, Stockholm, Sweden.

Received: 22 July 2023 Accepted: 17 December 2023
Published online: 25 January 2024

References

1. Ljungberg B, Bensalah K, Canfield S et al (2023) EAU guidelines on renal
cell carcinoma: 2014 update. Eur Assoc Urol 67:913-924. https://doi.org/
10.1016/j.eururo.2015.01.005

2. Ljungberg B, Albiges L, Abu-Ghanem Y et al (2022) European Association
of Urology guidelines on renal cell carcinoma: the 2022 update. Eur Urol
82:399-410. https://doi.org/10.1016/j.eururo.2022.03.006

3. Carlo MI, Hakimi AA, Stewart GD et al (2019) Familial kidney cancer: impli-
cations of new syndromes and molecular insights. Eur Urol 76:754-764.
https://doi.org/10.1016/j.eururo.2019.06.015

4. Capitanio U, Bensalah K, Bex A et al (2019) Epidemiology of renal cell
carcinoma. Eur Urol 75:74-84. https://doi.org/10.1016/j.eururo.2018.08.036

5. Herts BR, Silverman SG, Hindman NM et al (2018) Management of the
incidental renal mass on CT: a white paper of the ACR Incidental Findings
Committee. J Am Coll Radiol 15:264-273. https://doi.org/10.1016/jjacr.
2017.04.028

6. McIntosh AG, Ristau BT, Ruth K et al (2018) Active surveillance for local-
ized renal masses: tumor growth, delayed intervention rates, and >5-yr
clinical outcomes. Eur Urol 74:157-164. https://doi.org/10.1016/j.eururo.
2018.03.011

7. XuQ,ZhangT, XiaT et al (2023) Epidemiological trends of kidney cancer
along with attributable risk factors in China from 1990 to 2019 and its
projections until 2030: an analysis of the Global Burden of Disease Study
2019. Clin Epidemiol 15:421-433. https://doi.org/10.2147/CLEPS400646

8. Bukavina L, Bensalah K, Bray F et al (2022) Epidemiology of renal cell
carcinoma: 2022 update. Eur Urol 82:529-542. https://doi.org/10.1016/j.
eururo.2022.08.019

9. Nabi§, Kessler ER, Bernard B, et al (2018) Renal cell carcinoma: a review of
biology and pathophysiology. F1000Research 7:307. https://doi.org/10.
12688/f1000research.13179.1

10. Daugherty M, Sedaghatpour D, Shapiro O et al (2017) The metastatic
potential of renal tumors: Influence of histologic subtypes on definition
of small renal masses, risk stratification, and future active surveillance
protocols. Urol Oncol 35:153.e15-153.e20. https://doi.org/10.1016/j.urolo
nc.2016.11.009

11. Moch H, Amin MB, Berney DM et al (2022) The 2022 World Health Organi-
zation Classification of Tumors of the Urinary System and Male Genital
Organs—part a: renal, penile, and testicular tumors. Eur Urol 82:458-468.
https://doi.org/10.1016/j.eururo.2022.06.016

12. Tretiakova M (2022) What's new in kidney tumor pathology 2022: WHO
5th edition updates. J Pathol Transl Med 56:383-384. https://doi.org/10.
4132/jptm.2022.08.16

13. Ruiz-Cordero R, Rao P, Li L et al (2019) Hybrid oncocytic/chromophobe
renal tumors are molecularly distinct from oncocytoma and chromo-
phobe renal cell carcinoma. Mod Pathol 32:1698-1707. https://doi.org/
10.1038/541379-019-0304-y

14. Trpkov K, Williamson SR, Gill AJ et al (2021) Novel, emerging and
provisional renal entities: the Genitourinary Pathology Society (GUPS)

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

Page 10 of 11

update on renal neoplasia. Mod Pathol. https://doi.org/10.1038/
$41379-021-00737-6

Amin J, Xu B, Badkhshan S et al (2018) Identification and validation

of radiographic enhancement for reliable differentiation of CD117(p)
benign renal oncocytoma and chromophobe renal cell carcinoma.

Clin Cancer Res 24:3898-3907. https://doi.org/10.1158/1078-0432.
CCR-18-0252

Abualjadayel MH, Safdar OY, Banjari MA et al (2018) A rare benign tumor
in a 14-year-old girl. Case Reports Nephrol 2018:1-4. https://doi.org/10.
1155/2018/1548283

Vogel C, Ziegelmdiller B, Ljungberg B et al (2019) Imaging in suspected
renal-cell carcinoma: systematic review. Clin Genitourin Cancer 17:e345-
e355. https://doi.org/10.1016/j.clgc.2018.07.024

Abou Elkassem AM, Lo SS, Gunn AJ et al (2021) Role of imaging in renal
cell carcinoma: a multidisciplinary perspective. Radiographics 41:1387-
1407. https://doi.org/10.1148/rg.2021200202

Tzortzakakis A, Papathomas T, Gustafsson O et al (2022) 99mTc-sestamibi
SPECT/CT and histopathological features of oncocytic renal neoplasia.
Scand J Urol 56:375-382. https://doi.org/10.1080/21681805.2022.2119273
Roussel E, Capitanio U, Kutikov A et al (2022) Novel imaging methods for
renal mass characterization: a collaborative review. Eur Urol 81:476-488.
https://doi.org/10.1016/j.eururo.2022.01.040

Klontzas ME, Koltsakis E, Kalarakis G et al (2023) Machine learning
integrating 99m Tc sestamibi SPECT / CT and oncocytic tumors. Cancers
(Basel). 15(14):3553

Cheng PM, Montagnon E, Yamashita R et al (2021) Deep learning: an
update for radiologists. Radiographics 41:1427-1445. https://doi.org/10.
1148/rg.2021200210

Pedersen M, Andersen MB, Christiansen H, Azawi NH (2020) Classification
of renal tumor using convolutional neural networks to detect oncocy-
toma. Eur J Radiol 133:109343. https://doi.org/10.1016/j.ejrad.2020.109343
XilL, ZhaoY, Wang R et al (2020) Deep learning to distinguish benign
from malignant renal lesions based on routine MR imaging. Clin Cancer
Res 26:1944-1952. https://doi.org/10.1158/1078-0432.CCR-19-0374
Sheller MJ, Edwards B, Reina GA et al (2020) Federated learning in medi-
cine: facilitating multi-institutional collaborations without sharing patient
data. Sci Rep 10:1-12. https://doi.org/10.1038/541598-020-69250-1
Darzidehkalani E, Ghasemi-rad M, van Ooijen PMA (2022) Federated learn-
ing in medical imaging: Part Il: methods, challenges, and considerations. J
Am Coll Radiol 19:975-982. https://doi.org/10.1016/jjacr.2022.03.016
Darzidehkalani E, Ghasemi-rad M, van Ooijen PMA (2022) Federated learn-
ing in medical imaging: Part I: toward multicentral health care ecosystems.
J Am Coll Radiol 19:969-974. https://doi.org/10.1016/jjacr.2022.03.015
Mongan J, Moy L, Kahn CE (2020) Checklist for artificial intelligence and
medical imaging (claim). Radiol Artif Intell. 2(2):e200029

Klontzas ME, Gatti AA, Tejani AS, Kahn CE (2023) Al reporting guidelines:
how to select the best one for your research. Radiol Artif Intell 5:2230055.
https://doi.org/10.1148/ryai.230055

Turck N, Vutskits L, Sanchez-Pena P et al (2011) pROC: an open-source
package for R and S+ to analyze and compare ROC curves. BMC Bioinfor-
matics 8:12-77

Delong ER, DeLong DM, Clarke-Pearson DL (1988) Comparing the areas
under two or more correlated receiver operating characteristic curves: a
nonparametric approach. Biometrics 44:837-845

Vijay V, Vokshi FH, Smigelski M et al (2023) Incidence of benign renal
masses in a contemporary cohort of patients receiving partial nephrec-
tomy for presumed renal cell carcinoma. Clin Genitourin Cancer 21:e114-
e118. https//doi.org/10.1016/j.clgc.2022.11.006

Candemir S, Nguyen XV, Folio LR, Prevedello LM (2021) Training strate-
gies for radiology deep learning models in data-limited scenarios. Radiol
Artif Intell 3. https://doi.org/10.1148/ryai.2021210014

Alzu'Bi D, Abdullah M, Hmeidi |, et al (2022) Kidney tumor detection and
classification based on deep learning approaches: a new dataset in CT
scans. J Healthc Eng 2022.. https://doi.org/10.1155/2022/3861161
Garnier C, Ferrer L, Vargas J, et al (2023) A CT-based clinical, radiological
and radiomic machine learning model for predicting malignancy of solid
renal tumors (UroCCR-75). Diagnostics 13:. https://doi.org/10.3390/diagn
ostics13152548

Morshid A, Duran ES, Choi WJ, Duran C (2021) A concise review of the
multimodality imaging features of renal cell carcinoma. Cureus 13..
https://doi.org/10.7759/cureus.13231


https://doi.org/10.1016/j.eururo.2015.01.005
https://doi.org/10.1016/j.eururo.2015.01.005
https://doi.org/10.1016/j.eururo.2022.03.006
https://doi.org/10.1016/j.eururo.2019.06.015
https://doi.org/10.1016/j.eururo.2018.08.036
https://doi.org/10.1016/j.jacr.2017.04.028
https://doi.org/10.1016/j.jacr.2017.04.028
https://doi.org/10.1016/j.eururo.2018.03.011
https://doi.org/10.1016/j.eururo.2018.03.011
https://doi.org/10.2147/CLEP.S400646
https://doi.org/10.1016/j.eururo.2022.08.019
https://doi.org/10.1016/j.eururo.2022.08.019
https://doi.org/10.12688/f1000research.13179.1
https://doi.org/10.12688/f1000research.13179.1
https://doi.org/10.1016/j.urolonc.2016.11.009
https://doi.org/10.1016/j.urolonc.2016.11.009
https://doi.org/10.1016/j.eururo.2022.06.016
https://doi.org/10.4132/jptm.2022.08.16
https://doi.org/10.4132/jptm.2022.08.16
https://doi.org/10.1038/s41379-019-0304-y
https://doi.org/10.1038/s41379-019-0304-y
https://doi.org/10.1038/s41379-021-00737-6
https://doi.org/10.1038/s41379-021-00737-6
https://doi.org/10.1158/1078-0432.CCR-18-0252
https://doi.org/10.1158/1078-0432.CCR-18-0252
https://doi.org/10.1155/2018/1548283
https://doi.org/10.1155/2018/1548283
https://doi.org/10.1016/j.clgc.2018.07.024
https://doi.org/10.1148/rg.2021200202
https://doi.org/10.1080/21681805.2022.2119273
https://doi.org/10.1016/j.eururo.2022.01.040
https://doi.org/10.1148/rg.2021200210
https://doi.org/10.1148/rg.2021200210
https://doi.org/10.1016/j.ejrad.2020.109343
https://doi.org/10.1158/1078-0432.CCR-19-0374
https://doi.org/10.1038/s41598-020-69250-1
https://doi.org/10.1016/j.jacr.2022.03.016
https://doi.org/10.1016/j.jacr.2022.03.015
https://doi.org/10.1148/ryai.230055
https://doi.org/10.1016/j.clgc.2022.11.006
https://doi.org/10.1148/ryai.2021210014
https://doi.org/10.1155/2022/3861161
https://doi.org/10.3390/diagnostics13152548
https://doi.org/10.3390/diagnostics13152548
https://doi.org/10.7759/cureus.13231

Klontzas et al. Insights into Imaging (2024) 15:26

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Patel HD, Druskin SC, Rowe SP et al (2017) Surgical histopathology for
suspected oncocytoma on renal mass biopsy: a systematic review and
meta-analysis. BJU Int 119:661-666. https://doi.org/10.1111/bju.13763
Wilson MP, Katlariwala P, Abele J, Low G (2022) A review of 99mTc-sesta-
mibi SPECT/CT for renal oncocytomas: a modified diagnostic algorithm.
Intractable Rare Dis Res 11:46-51. https://doi.org/10.5582/irdr.2022.01027
Han S, I HS, Lee HJ (2019) The classification of renal cancer in 3-phase

CT images using a deep learning method. J Digit Imaging 32:638-643.
https://doi.org/10.1007/510278-019-00230-2

ZuoT, Zheng Y, He L et al (2021) Automated classification of papillary
renal cell carcinoma and chromophobe renal cell carcinoma based on a
small computed tomography imaging dataset using deep learning. Front
Oncol 11:1-10. https://doi.org/10.3389/fonc.2021.746750

ZhengY,Wang S, Chen Y, Du H, gian, (2021) Deep learning with a convo-
lutional neural network model to differentiate renal parenchymal tumors:
a preliminary study. Abdom Radiol (NY) 46:3260-3268. https://doi.org/10.
1007/500261-021-02981-5

Nikpanah M, Xu Z, Jin D et al (2021) A deep-learning based artificial intel-
ligence (Al) approach for differentiation of clear cell renal cell carcinoma
from oncocytoma on multi-phasic MRI. Clin Imaging 77:291-298. https://
doi.org/10.1016/j.clinimag.2021.06.016

Baghdadi A, Aldhaam NA, Elsayed AS et al (2020) Automated differentia-
tion of benign renal oncocytoma and chromophobe renal cell carcinoma
on computed tomography using deep learning. BJU Int 125:553-560.
https://doi.org/10.1111/bju.14985

Oberai A, Varghese B, Cen S, et al (2020) Deep learning based classifica-
tion of solid lipid-poor contrast enhancing renal masses using contrast
enhanced CT. Br J Radiol 93:. https://doi.org/10.1259/bjr.20200002

Picken MM, Wang L, Gupta GN (2015) Positive surgical margins in renal
cell carcinoma: translating tumor biology into clinical outcomes. Am J
Clin Pathol 143:620-622. https://doi.org/10.1309/AJCPIKVHIRXF6DBZ
Chen XS, Zhang ZT, Du J et al (2012) Optimal surgical margin in nephron-
sparing surgery for T1b renal cell carcinoma. Urology 79:836-839. https://
doi.org/10.1016/j.urology.2011.11.023

Mazzei FG, Mazzei MA, Cioffi Squitieri N et al (2014) CT perfusion in

the characterisation of renal lesions: an added value to multiphasic CT.
Biomed Res Int 2014:135013. https://doi.org/10.1155/2014/135013
Gharaibeh M, Alzu'bi D, Abdullah M et al (2022) Radiology imaging scans
for early diagnosis of kidney tumors: a review of data analytics-based
machine learning and deep learning approaches. Big Data Cogn Comput
6(1):29. https://doi.org/10.3390/bdcc6010029

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 11 of 11


https://doi.org/10.1111/bju.13763
https://doi.org/10.5582/irdr.2022.01027
https://doi.org/10.1007/s10278-019-00230-2
https://doi.org/10.3389/fonc.2021.746750
https://doi.org/10.1007/s00261-021-02981-5
https://doi.org/10.1007/s00261-021-02981-5
https://doi.org/10.1016/j.clinimag.2021.06.016
https://doi.org/10.1016/j.clinimag.2021.06.016
https://doi.org/10.1111/bju.14985
https://doi.org/10.1259/bjr.20200002
https://doi.org/10.1309/AJCP9KVHJRXF6DBZ
https://doi.org/10.1016/j.urology.2011.11.023
https://doi.org/10.1016/j.urology.2011.11.023
https://doi.org/10.1155/2014/135013
https://doi.org/10.3390/bdcc6010029

	Convolutional neural networks for the differentiation between benign and malignant renal tumors with a multicenter international computed tomography dataset
	Abstract 
	Objectives 
	Methods 
	Results 
	Conclusion 
	Critical relevance statement 
	Key points 

	Introduction
	Materials and methods
	Patients
	CT imaging and image preparation for deep learning
	Convolutional neural network training and testing
	Model evaluation and statistical analysis

	Results
	Dataset composition
	CNN performance assessment

	Discussion
	References


