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Abstract
Objective To distinguish benign from malignant cystic renal lesions (CRL) using a contrast-enhanced CT-based radiomics 
model and a clinical decision algorithm.
Methods This dual-center retrospective study included patients over 18 years old with CRL between 2005 and 2018. The 
reference standard was histopathology or 4-year imaging follow-up. Training and testing datasets were acquired from two 
institutions. Quantitative 3D radiomics analyses were performed on nephrographic phase CT images. Ten-fold cross-validated 
LASSO regression was applied to the training dataset to identify the most discriminative features. A logistic regression 
model was trained to classify malignancy and tested on the independent dataset. Reported metrics included areas under the 
receiver operating characteristic curves (AUC) and balanced accuracy. Decision curve analysis for stratifying patients for 
surgery was performed in the testing dataset. A decision algorithm was built by combining consensus radiological readings 
of Bosniak categories and radiomics-based risks.
Results A total of 149 CRL (139 patients; 65 years [56–72]) were included in the training dataset—35 Bosniak(B)-IIF (8.6% 
malignancy), 23 B-III (43.5%), and 23 B-IV (87.0%)—and 50 CRL (46 patients; 61 years [51–68]) in the testing dataset—12 
B-IIF (8.3%), 10 B-III (60.0%), and 9 B-IV (100%). The machine learning model achieved high diagnostic performance 
in predicting malignancy in the testing dataset (AUC = 0.96; balanced accuracy = 94%). There was a net benefit across 
threshold probabilities in using the clinical decision algorithm over management guidelines based on Bosniak categories.
Conclusion CT-based radiomics modeling accurately distinguished benign from malignant CRL, outperforming the Bosniak 
classification. The decision algorithm best stratified lesions for surgery and active surveillance.
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Key Points  
• The radiomics model achieved excellent diagnostic performance in identifying malignant cystic renal lesions in an  
   independent testing dataset (AUC = 0.96).
• The machine learning–enhanced decision algorithm outperformed the management guidelines based on the Bosniak  
   classification for stratifying patients to surgical ablation or active surveillance.

Keywords Machine learning · Kidney neoplasms · Kidney diseases cystic · Algorithms · Tomography X-ray computed

were found to be malignant in a recent meta-analysis [7], 
underscoring the uncertainty in interpretation of the Bos-
niak III category which often includes benign lesions 
such as epithelial or fibrous cysts, cystic nephromas, and 
oncocytomas, all of which may share imaging features 
with malignant lesions based on the Bosniak classifica-
tion system. Thus, identifying the most predictive imag-
ing features of malignancy remains essential to improve 
the diagnostic performance of the Bosniak classification 
system and reduce unnecessary surgery [8]. In 2019, an 
update of the Bosniak criteria was introduced with more 
discriminative definitions and novel quantitative criteria 
with the goals to: (1) improve the specificity of higher risk 
categories in order to increase the proportion of masses 
that are followed rather than resected, or ignored rather 
than followed, and (2) to provide specific definitions for 
individual terms to improve inter-reader agreement and 
promote cross-study consistency [9]. Preliminary studies 
comparing versions 2005 and 2019 have not yet validated 
this proposal [10–13]. Indeed, inter-reader variability and 
diagnostic performances were not markedly increased. 
Instead, a significant number of 2005 Bosniak III lesions, 
including malignancies, were reclassified as 2019 Bosniak 
IIF resulting in decreased sensitivity, increased specificity, 
and similar accuracy.

To overcome some of the limitations of qualitative visual 
image interpretation, quantitative image analysis methods, 
known as radiomics, have gained increased importance in 
radiology in recent years [14, 15]. Radiomics analyses are 
based on mathematically defined quantitative descriptors, 
not typically part of the radiologists’ lexicon, which are 
computed automatically by image analysis algorithms. Only 
a few preliminary radiomics studies on renal cyst assessment 
based on diffusion-weighted MRI [16] and CE-CT [17] have 
been recently reported. These studies, however, have several 
important limitations including the absence of an independ-
ent testing dataset.

In this study, we hypothesized that quantitative image 
analysis using state-of-the-art radiomics extracted from 
CE-CT images of complex cystic renal lesions (CRL) could 
accurately and reproducibly predict malignancy. Therefore, 
our aim was to retrospectively build and determine the diag-
nostic performance of a radiomics-based logistic regression 

Abbreviations
3D  Three dimensional
AUC   Area under the receiver operating characteristic 

curve
CE-CT  Contrast-enhanced computed tomography
CI  Confidence interval
CRL  Cystic renal lesion
CT  Computed tomography
IBSI  Image Biomarker Standardization Initiative
ICC  Intra-class correlation coefficients
LASSO  Least absolute shrinkage and selection operator
MRI  Magnetic resonance imaging
RCC   Renal cell carcinoma
RQS  Radiomics quality score
VOI  Volume of interest

Introduction

Renal cysts have become a frequent finding on cross-sec-
tional imaging due to the increased use of imaging in the 
work-up of suspected abdominal pathology and their high 
prevalence in elderly patients, approximately 50% of patients 
over 50 years of age [1]. Management and long-term imag-
ing follow-up of renal cysts are an important burden on the 
healthcare system in terms of cost and utilization of imaging 
resources [2]. In addition, unnecessary surgical procedures 
performed on cysts that are ultimately proven to be benign 
may result in decreased renal function or morbidity [3–5]. 
Although most renal cysts are benign, up to 20% of com-
plex cystic lesions may harbor a malignancy [6]. Conversely, 
complex cysts may result from complications such as hemor-
rhage or infection.

The standard radiological criterion for risk stratifica-
tion of cystic renal lesions, known as the Bosniak clas-
sification system, was introduced in 1986 in an attempt to 
standardize the description of complex renal cysts and to 
provide classification guidelines for distinguishing nonsur-
gical from surgical cystic lesions. A fundamental limita-
tion of the Bosniak classification system is the subopti-
mal grading of lesion complexity by visual assessment of 
cyst morphology including septal and wall thickness and 
irregularity. For instance, 55.1% of 887 Bosniak III lesions 
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model for the differentiation of benign from malignant com-
plex renal cysts. The secondary objective was to propose a 
clinical decision algorithm combining the Bosniak classifi-
cation system with the radiomics model.

Material and methods

The research project and access to retrospective health 
records without individual consent were approved by 
both research ethics boards (Institution 1, McGill Univer-
sity Health Centre, Research Ethics Board n°2020–5797; 
and Institution 2, Necker-Enfants Malades Hospital 
n°20191124194334).

Study participants and radiological assessment

This retrospective study was international and bi-insti-
tutional providing two independent datasets for training 
and testing. Patients with a renal cyst larger than at least 
1 cm with no history of surgery or conditions associated 
with multiple renal cysts (e.g., autosomal dominant poly-
cystic disease, Von Hippel-Lindau) were included. More 
than one cystic lesion could be included for each patient 
and lesions were then treated as independent. To ensure the 
generation of an optimal machine learning model applica-
ble to daily clinical practice, the inclusion of patients was 
balanced to the Bosniak categories allowing us to provide 
the system with the full variability of imaging appearance 
while preventing fatal class imbalance between benign and 
malignant cases. Considering that the number of Bosniak 
III and IV lesions was the limiting factor given their lower 
prevalence, all patients with Bosniak III and IV CRL were 
first included to estimate the number of cases to be included 
for the remaining Bosniak categories. The estimated num-
ber of Bosniak I, II, and IIF cystic lesions was included in 
reverse-chronological order in a consecutive fashion. The 
testing dataset included approximately one-third of the num-
ber of cases included in the training dataset. Dedicated renal 
CT scans, including unenhanced scanning and enhanced 
imaging of corticomedullary (40–45  s), nephrographic 
(100–120 s), and excretory (approximately 8 min) phases, 
were extracted from each institution’s radiological picture 
archiving communication system (IntelePACS, Intelerad 
Medical Systems Inc. and Vue PACS, Carestream Health 
Inc.). Qualitative visual assessment of renal cysts was per-
formed by two trained abdominal radiologists blinded to 
pathology results and imaging follow-up in each dataset. 
Readers assigned Bosniak categories according to the clas-
sification system published in 2005 [18]. In case of disa-
greement, consensus was obtained between the two readers. 
The reference standard was the histopathological analysis of 
surgical specimens or follow-up over 4 years, extended to 

5 years for multilocular CRL, by renal dedicated CE-CT or 
MRI without classification upgrade. All Bosniak III and IV 
lesions of the testing dataset had a histological diagnosis as 
the reference standard.

Quantitative methods

The quantitative radiomics analysis pipeline, trained and 
validated on the Institution 1 dataset, consisted of two 
main steps: (i) CRL segmentation and (ii) radiomics-
based machine learning analysis, consisting of feature 
computation and selection, model building, and classifi-
cation. In the development of the pipeline for 3D radiom-
ics feature extraction and classification, we followed the 
recommendations from the Image Biomarker Standardi-
zation Initiative (IBSI) [19]. First, renal cysts were seg-
mented semi-automatically on de-identified CE-CT images 
(nephrographic phase) using a commercial research soft-
ware (Myrian®, Intrasense) with an implemented algo-
rithm developed at Institution 1. After initial automatic 
segmentations, volumes of interest (VOIs) were manu-
ally corrected around the gross cystic volume by a junior 
radiologist (J.D.) with a 3-year experience in interpret-
ing dedicated renal CT scans. An assessment of radiom-
ics feature reproducibility was conducted. Copies of the 
original image data were created and subjected to variation 
in imaging parameters, i.e., changes in voxel size resam-
pling and image gray-level discretization. Furthermore, 
VOIs were subjected to size changes (i.e., erosion and 
dilation) to assess the robustness of radiomics features to 
contour changes. Radiomics features were extracted with 
the PyRadiomics package [20] for each combination of 
image preprocessing parameters, and intra-class correla-
tion coefficients (ICC) [21] were then used to determine 
the set of image preprocessing parameters leading to the 
highest features’ reproducibility and robustness as a func-
tion of VOI changes. The image analyst performing radi-
omics feature extraction was blinded to pathology results 
and imaging follow-up in each dataset.

For the subsequent analysis, a single choice of imaging 
parameters (voxel size and image gray-level discretization) 
leading to features with the highest ICC values was retained, 
and only radiomics features with ICC > 0.8 were included. 
Finally, from these selected features, only the most discrimi-
nating ones were kept for the final model, as determined with 
a least absolute shrinkage and selection operator (LASSO) 
regression. LASSO feature selection was employed for its 
ability to reduce the dimension of high-dimensional radi-
omics data while selecting few uncorrelated features [22]. 
Stratified ten-fold cross-validated training of a L1-regular-
ized logistic regression model was performed on balanced 
samples of the training dataset using the selected radiomics 
features.
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This final model was then tested on an independent 
testing dataset (Institution 2) to assess its diagnostic per-
formance for distinguishing benign from malignant CRL. 
Diagnostic performance metrics, reported in the training and 
testing datasets, included areas under the receiver operat-
ing characteristic (AUC), sensitivity, specificity, balanced 
accuracy, positive predictive value, and negative predic-
tive value for the threshold maximizing Youden’s index to 
maximize balanced discrimination of cysts and prevent both 
the under-diagnosis of malignant lesions and unnecessary 
surgeries of benign lesions [23]. Loess calibration curves 
for binary outcomes were plotted with 95% bootstrapped 

confidence intervals to assess the agreement between the 
radiomics-predicted risk of malignancy and the reference 
standard–confirmed malignancy status in the training and 
testing datasets. Calibration was either mean, weak, moder-
ate, or strong [24]. The integrated calibration index (ICI) 
for binary logistic regression models was evaluated as the 
difference between observed and predicted risks weighted 
by the probability density function of predicted risks [25].

All logistic regression modeling was conducted in Python 
3.7.4 using the Scikit-learn machine learning package 
[26]. The radiomics quality score (RQS) of this study was 
assessed based on published criteria [27].

Fig. 1  Clinical decision algo-
rithm applied on the testing 
dataset (Bosniak categories IIF 
and III). The algorithm starts 
by taking as an input the 2005 
Bosniak category determined 
by the radiologist. Lesions 
categorized as Bosniak I and II 
are deemed benign and assessed 
as not requiring any follow-
up. The radiomics-based risk 
threshold maximizing Youden’s 
index for the differentiation of 
benign from malignant cysts in 
the training dataset is employed 
for prescribing surgical ablation 
to Bosniak IIF and III lesions 
exceeding this risk threshold 
(risk threshold 1). Another 
radiomics-based risk threshold 
defined by the average risk 
plus a standard deviation of the 
radiomics risk calculated for 
Bosniak I and II lesions in the 
training dataset is used to iden-
tify benign Bosniak IIF lesions 
requiring no follow-up from 
those “likely” benign but requir-
ing active surveillance (risk 
threshold 2). Finally, Bosniak 
IV are all considered malignant 
by the decision algorithm and 
assessed as requiring surgery. 
When applied to the testing 
dataset, the clinical decision 
algorithm improved the man-
agement of Bosniak IIF and III 
lesions
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Radiomics and clinical decision algorithm

To assist physicians in better stratifying patients for 
serial imaging follow-up or ablative therapies, a clini-
cal decision algorithm was built on the training dataset 
(Fig. 1).

Decision curve analysis was then conducted to deter-
mine the clinical usefulness of the radiomics model, the 

management guidelines based on the Bosniak classification, 
and the decision algorithm combining both in the stratifi-
cation of Bosniak IIF and III lesions for surgery or active 
surveillance [28].

Clinical impact of the decision algorithm was assessed in 
the external testing dataset.

Full details of the materials and methods are provided in 
the online supplement.

Fig. 2  Flowchart of patient 
selection. Renal cysts at each 
center were included consecu-
tively in reverse-chronological 
order for categories I, II, and 
IIF considering the number of 
included Bosniak III and IV 
lesions to balance the number of 
cysts in each category. ADPKD, 
autosomal dominant polycys-
tic kidney disease; VHL, Von 
Hippel-Lindau)
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Results

Population

From 2005 to 2018, we included 149 CRL in the training 
set and 50 CRL in the testing set (Fig. 2; Table 1). In the 

training dataset, the median age was 65 years (inter-quar-
tile range, 56–72 years) and 67% (n = 93) of patients were 
men. In the independent testing dataset, the median age 
was 61 years (inter-quartile range, 51–68 years) and 67% 
(n = 31) of patients were men. Twenty-two percent (n = 33) 
of the lesions were malignant in the training dataset, and 

Table 2  Estimates of diagnostic performance of the logistic regression model using 4 radiomics features and the Bosniak classification system 
for distinguishing benign from malignant renal cysts with inter-reader agreement. 95% bootstrapped confidence intervals are in parentheses

AUC Sensitivity
(%)

Specificity
(%)

Accuracy
(%)

PPV
(%)

NPV
(%)

Radiomics model Training 0.96 (0.91–0.98) 100 (95–100) 88 (81–93) 93 (86–97) 70 (60–83) 100 (98–100)
Testing 0.96 (0.89–1.00) 88 (65–100) 97 (84–100) 94 (84–98) 93 (72–100) 94 (80–100)

Bosniak classification 2005 Training – 90 (77–98) 86 (78–92) 87 (80–92) 65 (51–78) 97 (91–100)
Testing – 93 (61–100) 87 (73–97) 88 (78–96) 72 (55–94) 97 (81–100)

Fig. 3  Bar charts of radiomics-
based risks in the (a) training 
and (b) testing datasets (blue 
bars are benign cases and purple 
bars are malignant cases)

Fig. 4  Bosniak IIF complex cystic renal lesions (testing dataset) 
on nephrographic phase contrast-enhanced computed tomography 
assessed with radiological Bosniak classification version 2005, and 
the radiomics model. a Benign cystic renal lesion correctly predicted 
benign by the radiomics model with a radiomics risk of 7.2% and not 
requiring follow-up. Axial contrast-enhanced CT scan (nephrographic 
phase) demonstrates a few thin septa (no measurable enhancement) 
with thick calcifications (arrow). b Benign cystic renal lesion cor-
rectly predicted benign by the radiomics model with a radiomics risk 

of 34.8% but classified as requiring imaging follow-up  by the deci-
sion algorithm. Coronal contrast-enhanced CT scan (nephrographic 
phase) demonstrates a few thin septa (arrow) with no measurable 
enhancement. c Multilocular cystic renal neoplasm of low malignant 
potential wrongly predicted benign by the radiomics model but with 
an increased malignancy risk (23.6%) compared to the average risk 
of all benign 2005 Bosniak IIF lesions (9.6% in the testing set). Axial 
contrast-enhanced CT scan (nephrographic phase) demonstrated a 
few thin septa with no measurable enhancement (arrow)
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32% (n = 16) in the testing dataset. The median lesion size 
was 32 mm (inter-quartile range, 19–55 mm) in the training 
dataset and 43 mm (23–66) in the testing dataset.

Bosniak classification

The Bosniak classification system achieved good diagnos-
tic performance in the training cohort with a sensitivity of 
90% and a specificity of 86%; and also in the testing cohort 
with a sensitivity of 93% and a specificity of 87% (Table 2). 
Malignancy rates in each Bosniak category are summarized 
in Table 1.

Radiomics analysis

Ten-fold cross-validated LASSO feature selection led to a 
final model consisting of the 4 most discriminative radi-
omics features. These radiomics features included 2 first-
order histogram statistics, the 10th percentile and the range 
of voxel intensities; 1 shape feature, surface-volume ratio; 
and 1 texture feature, dependence entropy from gray-level 
dependence matrices (GLDM).

Training of the regularized logistic regressor resulted in 
high diagnostic performance for predicting malignancy of 
CRL. The training of the logistic regressor resulted in the 
following model expressing the risk of malignancy as:

Fig. 5  Bosniak III and IV complex cystic renal lesions (testing data-
set) on nephrographic phase contrast-enhanced computed tomography 
assessed with radiological Bosniak classification version 2005, and 
the radiomics model. a Cystic nephroma, classified as 2005 Bosniak 
III, correctly predicted as benign with a radiomics risk of 9.3%. Axial 
contrast-enhanced CT scan (nephrographic phase) demonstrated a 
multilocular cystic mass with multiple smooth minimally thickened 
enhancing septa and a coarse calcification (arrow). b Clear cell renal 
cell carcinoma Fuhrman II/IV, classified as 2005 Bosniak III, cor-
rectly predicted malignant with a radiomics risk of 79.3%. Coronal 
contrast-enhanced CT scan (nephrographic phase) demonstrates mul-
tiple thickened irregular enhancing septa (arrow). c Clear cell renal 
cell carcinoma Fuhrman II/IV, classified as 2005 Bosniak III, cor-
rectly predicted malignant with a radiomics risk of 86.4%. Axial con-
trast-enhanced CT scan (nephrographic phase) demonstrates multiple 

thickened irregular enhancing septa and wall (arrow). d Clear cell 
renal cell carcinoma Fuhrman III/IV, classified as 2005 Bosniak IV, 
correctly predicted malignant with a radiomics risk of 99.5%. Axial 
contrast-enhanced CT scan (nephrographic phase) demonstrates mul-
tiple thickened enhancing septa and wall with a nodular soft tissue 
component (arrow). e Clear cell renal cell carcinoma Fuhrman III/IV, 
classified as 2005 Bosniak IV, correctly predicted malignant with a 
radiomics risk of 97.3%. Coronal contrast-enhanced CT scan (nephro-
graphic phase) demonstrates multiple minimally thickened irregular 
enhancing septa and a nodular soft tissue component (arrow). f Clear 
cell renal cell carcinoma Fuhrman II/IV, classified as 2005 Bosniak 
IV, correctly predicted with a radiomics risk of 98%. Axial contrast-
enhanced CT scan (nephrographic phase) demonstrated a nodular 
thickening of the wall (arrow)
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l o g ( risk

1−risk
)  =   −  1 . 4 4  +  1 . 8 7  ×  D e p e n d e n c e E n -

tropy − 1.58 × SurfaceVolumeRatio + 1.28 × 10Percen-
tile − 0.86 × Range.

When applied to the external testing dataset, this classi-
fier performed robustly (Table 2). Radiomics-based risks 
in the training and testing datasets are shown in bar charts 
in Fig. 3.

Based on the final radiomics-based machine learning 
model applied to the testing dataset, misclassifications were 
only observed in Bosniak categories IIF (1 malignant lesion; 
Fig. 4) and III (1 benign and 1 malignant lesion; Fig. 5). 
Calibration curves of the radiomics model estimating the 
risk of malignancy demonstrated moderate calibration in 
both training and testing datasets, associated with flexible 
risk prediction and success in avoiding overfitting. They 
showed overall good agreement with a small departure from 
the ideal fit in the training (ICI = 0.084) and testing cohorts 

(ICI = 0.033) (Fig. 6). The RQS of the radiomics analysis of 
this study was 18.

Clinical impact of decision algorithm

Applied to the testing dataset, the decision algorithm com-
bining the discriminative power of radiomics risks with the 
current radiological Bosniak assessment (version 2005) pro-
vided higher net benefit across all threshold probabilities in 
terms of correctly stratifying patients to surgical ablation or 
active surveillance than the management guidelines based on 
the Bosniak classification only or treat-all scheme in Bosniak 
IIF and III lesions (Fig. 6). Figure 1 illustrates the impact of 
the decision algorithm on Bosniak IIF and III lesions. This is 
consistent with the higher specificity observed for radiomics 
modeling compared to that of Bosniak classification only, 
suggesting an improved decision support when using this 
algorithm combining both methods. One of the malignant 

Fig. 6  Calibration curves of radiomics-based machine learning mode-
ling for identifying malignant complex cystic renal lesions on nephro-
graphic phase contrast-enhanced computed tomography images in (a) 
the training dataset and (b) the testing dataset. Decision curves of 
radiomics modeling, management guidelines based on the Bosniak 
classification, decision algorithm, and treat-all scheme on the external 
testing dataset (c) for the prescription of surgery and (d) for the indi-
cation of active surveillance in Bosniak IIF and III lesions. In calibra-
tion curves (a, b), gray areas represent 95% bootstrapped confidence 
intervals and dashed blue lines represent the ideal calibration. In the 

decision curve analysis, the net benefit was calculated as the propor-
tion of true positive malignant lesions subject to undergoing surgery 
minus the proportion of false positive lesions weighted by the relative 
harm of no surgery compared with the negative consequences of an 
unnecessary surgery pt

1−pt
 . In the decision curves, the dashed black line 

corresponds to the absence of net benefits of a treat-none scheme, 
shown for reference. The net benefit was quantified at different 
threshold probabilities in the testing dataset, up to 0.5 and 0.1 regard-
ing (c) surgery and (d) active surveillance, respectively, as it would 
otherwise be unreasonable to forgo the indicated management
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Bosniak III lesions was wrongly predicted as benign using 
only the radiomics model with a very low risk (0.08) but 
still assigned to active surveillance by the dual decision 
algorithm demonstrating its usefulness. Further details are 
reported in the online supplementary material.

Discussion

Although the Bosniak classification system correlates well 
with the risk of malignancy [29], it remains limited for grad-
ing lesion complexity within the IIF and III categories [7], 
resulting in unnecessary surgeries or serial follow-ups. In 
this retrospective dual-center study, the developed radiom-
ics-based machine learning model achieved excellent diag-
nostic performance in distinguishing benign from malignant 
CRL, outperforming the Bosniak classification system. The 
inclusion of only 4 reproducible and discriminating radi-
omics features in a regularized logistic regression model 
resulted in robust and consistent performance between train-
ing and testing datasets from different institutions, with 
moderate calibration. If prospectively validated, the pro-
posed decision algorithm, combining radiological readings 
of Bosniak categories with radiomics-based risk analysis, 
has the potential to decrease the current burden of CRL on 
the healthcare system by identifying low-risk Bosniak IIF 
lesions requiring no follow-up and redefining them as Bos-
niak II lesions while high-risk Bosniak III lesions would be 
subject to surgical resection. Bosniak IIF and III lesions of 
intermediate risk would be subject to active surveillance. 
We propose an annual follow-up over a 4-year period as time 
to progression of Bosniak IIF lesions was demonstrated to 
range from 6 months to 3.2 years (average 19.2 months) by 
Hindman et al. [30]. Active surveillance is considered a rea-
sonable option as cystic renal cell carcinomas grow slowly, 
rarely presenting with metastases [31–33]. As the Bosniak 
classification has been proven highly effective for category 
I, II, and IV lesions in both academic and community hospi-
tals, the radiomics risk should not alter patient management 
in these categories, although the machine learning model 
accurately predicted the pathologic (benign versus malig-
nant) outcome in all these categories. Nevertheless, equiva-
lent diagnostic performance of the machine learning model 
compared to the Bosniak classification cannot be definitely 
established in this small cohort. Hence, the proposed algo-
rithm represents a safe strategy and may prevent unnecessary 
invasive therapies in the clinical setting.

The robustness of the radiomics model developed in this 
study relies on many factors: (1) the reproducibility of radi-
omics features was assessed without any regards to their 
diagnostic capacities to remove selection bias and to improve 
the reliability of the final modeling; (2) this pipeline com-
plied with recommendations from the IBSI; (3) a logistic 

regressor was chosen among all machine learning models 
to favor interpretability and simplicity over complexity of 
other methods prone to overfitting on the training dataset, 
thus facilitating the translation and the repeatability of the 
modeling; (4) the use of histopathology or long-term follow-
up as the reference standard, which is the clinical standard-
of-care for identifying malignancy of CRL, thus confirming 
the clinical relevance of the findings of this study; and (5) 
the use of an external independent testing dataset assured 
the translatability and robustness of the developed model 
as shown by the consistently high diagnostic performance 
seen on both the training and testing datasets. In fact, the 
radiomics quality score (RQS) of this study was high com-
pared to the average RQS reported in a recent meta-analysis 
on radiomics in renal cancer CT/MR imaging (RQS, 18 
vs. 3.4) [34]. It is also interesting to note that the final 4 
selected radiomics features reflect quantitative visual pat-
terns important in assessing malignancy in cystic renal 
lesions by trained radiologists.

The main study limitation was the imperfect reference 
standard. Indeed, although a 4-year follow-up is sufficient to 
conclude benignity in the majority of complex cystic renal 
lesions of low risk, some rare CRL of low malignant poten-
tial may present changes after 4-year follow-up. To reduce 
the risk of biases, we extended the follow-up to 5 years for 
multilocular CRL. It is also important to highlight that all 
Bosniak III and IV lesions of the testing dataset underwent 
pathologic examination. Infra-centimetric lesions were 
excluded as they are too small to be characterized on CT 
scan [35]. We acknowledge that the integration of the Bos-
niak classification system in the decision algorithm implies 
inter-reader variability. However, the potential benefits of 
combining the machine learning model with the radiologi-
cal reading outweigh these limitations. The updated 2019 
version of the Bosniak classification aims to address the 
issue of inter-reader variability and improve the diagnostic 
performance of predicting malignancy [9]. The proposed 
classification has yet to be validated and, eventually, uni-
formly implemented [10–13]. If validated, it could replace 
the 2005 classification in a next version of the decision algo-
rithm. Another limitation lies in the retrospective collection 
of data and the relatively small sample size of the training 
dataset. Nevertheless, testing the model on an independent 
dataset demonstrated its strong diagnostic performance. 
Finally, assignment of Bosniak category of renal cysts in 
the training and testing datasets was performed by two dif-
ferent pairs of subspecialty-trained abdominal radiologists. 
However, rather than being a limitation of the study results, 
it reinforces the value and generalizability of the proposed 
radiomics model and decision algorithm given that despite 
the inter-reader variability of the Bosniak classification [6], 
the decision algorithm demonstrated strong and consistent 
performance across the training and testing datasets.
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This decision algorithm must be prospectively validated 
in a multicenter study including Bosniak IIF and III lesions. 
This study demonstrates that combining visual assessment 
by trained radiologists based upon standard guidelines 
with a robust machine learning pipeline potentiates mutual 
strengths. The strength of our proposed decision algorithm 
relies on an optimized association of quantitative biomarkers 
and the subjective but valuable experience of radiologists.
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