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With an increasing use of sophisticated medical 
imaging techniques in the clinical and diagnostic 
fields incidental renal masses are regularly detected. 
However, differentiating benign from malignant 
kidney masses is not always easy as specified by the 
Bosniak classification [1]. Nevertheless, a clear 
distinction between benign and malignant masses in 
kidneys is needed to avoid unnecessary surgical 
procedures. In this paper we want to prove the 
advantage of using radiomics information to improve 
the distinction between benign and malignant 
masses. We also want to assess whether a deep 
learning model can benefit from the radiomics 
approach through a relabeling operation.

For this study, we used the publicly available KiTS19 
database [2]. We worked with 210 cases where 
kidney and tumor segmentation masks  were 
available. We manually added benign mass 
segmentations to these cases. The final masks were 
reviewed by an expert.
The work is organized in two phases (Fig.1).  
Phase 1. We wanted to create a radiomics based 
model able to distinguish benign from malignant 
masses. To do that, we extracted 105 features using 
the Pyradiomics module, ensuring their presence in 
the IBSI list [3].

The best performing RF model was the one trained 
with the features chosen by the RFE selection 
algorithm, reaching an accuracy of 0.974. The results 
are summarized in Table 1. Compared to the results 
obtained using only a CNN model, the relabeling 
operated by the best RF model improved the 
prediction performance, bringing the dice of benign 
and malignant masses from 0.55 �  39 to 0.80 �  0.13 
and from 0.74 �  0.23 to 0.79 �  0.15, respectively. 
The relabeling effects are shown in Fig. 2.
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In this study we showed the advantage of using 
radiomics to distinguish benign from malignant renal 
masses. We also proved that a deep learning model 
can benefit from the prediction accuracy of a model 
trained with a set of key features.

Fig.2 Mass prediction examples of benign (blue) and malignant (yellow) masses.
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Fig.1 Two phase work pipeline. 

Tab.1 Performance of the four RF classifiers.
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To select the best set of features we used four 
different selection algorithms:

• Recursive feature elimination (RFE)

• Linear support vector machine (l-SVM)

• Partial least square discriminant analysis (PLS-DA)

• Fisher score

A 5-fold cross validation was performed on each 
method and a correlation analysis (thd>0.90) was 
accomplished to further reduce the number of 
features.
Four random forest classifiers (RF) were then used to 
create machine learning models able to distinguish 
benign from malignant renal masses exploiting the 
different sets of features extracted.
Phase 2 . We verified if the best model from phase 1 
could improve the segmentation produced by a deep 
learning model, using a relabeling strategy. We 
trained a convolutional neural network model (CNN) 
previously used in the KiTS segmentation challenge 
to segment kidney and kidney tumors [4]. We 
included to the segmentation process the benign 
renal masses, separating them from the normal 
healthy tissue. We compared the segmentations 
produced by the deep learning model on its own to 
the ones produced by the same model with the 
added RF classifier using a dice similarity metric.

Selector Features  Accuracy Type Precision Recall F1 score

PLS-DA 8 0.895 malign.
benign

0.870
0.933

0.952
0.824

0.909
0.875

RFE 8 0.974 malign.
benign

0.976
0.971

0.976
0.971

0.976
0.971

Fisher 9 0.934 malign.
benign

0.930
0.939

0.952
0.919

0.941
0.925

l-SVM 7 0.908 malign.
benign

0.872
0.966

0.976
0.824

0.921
0.889


