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Abstract
Accurate classification of clinically significant prostate cancer remains a major challenge. While multiparametric MRI 
(mpMRI) has improved lesion detection, effective categorization in accordance to the Prostate Imaging Reporting and 
Data System (PI-RADS) remains complex. In this study, we propose and evaluate three complementary approaches 
for automated PI-RADS classification differing in the way in which the features are extracted from the mpMRI imag-
ing sequences. The first approach extracts hand-crafted radiomic features from manually segmented lesions using the 
PyRadiomics library. The second approach extends this by integrating fully automated lesion and zonal segmentation to 
simulate a real-world, manual-free pipeline. The third approach utilizes a custom convolutional neural network (CNN) to 
learn high-level features images and lesion masks directly. The images come from Apparent diffusion coefficient (ADC), 
diffusion-weighted imaging (DWI), and T2-weighted (T2W) imaging. The features issued by the three methods were 
used to train a set of machine learning models for multi-class PI-RADS classification, specifically targeting the clinically 
relevant categories 3, 4, and 5. Results show that ADC-derived features consistently yield superior performance, with one 
of the ensemble models reaching an AUC of 0.83. Combining features across all sequences further improved robustness 
(AUC = 0.84). PI-RADS 5 classification was most reliable (AUC ≥ 0.94), whereas PI-RADS 3 remained the most difficult 
to distinguish. Our findings highlight the effectiveness of ADC features and the advantage of combining automated and 
deep learning-based strategies for robust prostate cancer risk stratification.
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Pyradiomics · Automated lesion segmentation
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Introduction

 One of the most pressing challenges in prostate cancer care 
today is not just detecting cancer, but identifying which can-
cers matter. Many prostate tumors grow so slowly that they 
would never cause harm during a man’s lifetime, while oth-
ers are aggressive and potentially life-threatening. Yet the 
approaches traditionally used for diagnosis, mainly based 
on prostate-specific antigen (PSA) testing, and on trans-rec-
tal ultrasound (TRUS)-guided biopsy, often fail to make this 
distinction, leading to missing diagnosis or overtreatment of 
indolent cancers [1].

Over the last decade, multiparametric magnetic reso-
nance imaging (mpMRI) has emerged as a powerful solu-
tion to this diagnostic gap. It provides detailed anatomical 
and functional information using a combination of imaging 
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sequences. T2W imaging highlights the prostate’s internal 
architecture, diffusion-weighted imaging (DWI) assesses 
tissue cellularity, and dynamic contrast-enhanced (DCE) 
imaging evaluates vascular properties [2, 3]. Understanding 
the prostate’s internal structure is key to interpreting MRI 
correctly. The gland is structured into a peripheral zone (PZ) 
and a central gland (CG), which includes the transition zone 
(TZ) and central zone (CZ), and can be more challenging to 
evaluate because of its complex and variable appearance on 
MRI [4]. The majority of prostate cancers (approximately 
70% to 75%) arise in the PZ. The TZ is the second most fre-
quently affected region, accounting for about 20% to 25% 
of cases. In contrast, the CZ is rarely involved.

To bring structure and consistency to MRI interpreta-
tion, the Prostate Imaging Reporting and Data System (PI-
RADS) was introduced. Now in its second major revision 
(PI-RADS v2.1), the system assigns a score from 1 to 5 to 
describe the likelihood that a lesion is a clinically signifi-
cant cancer, based on findings across T2W, DWI, and DCE 
sequences [5]. This classification helps radiologists commu-
nicate findings clearly and supports urologists in deciding 
whether to perform a biopsy or proceed with surveillance 
[6].

While PI-RADS has greatly improved communication 
and diagnostic consistency among radiologists, its interpre-
tation still depends heavily on expert visual analysis, which 
may be subjective and variable. As a result, there has been 
growing interest in developing computer-aided diagnostic 
(CAD) tools and AI-based models that can automate or 
assist in PI-RADS classification, using quantitative features 
extracted from mpMRI [7].

In this study, we explore three automated approaches for 
feature extraction aimed at PI-RADS classification, leverag-
ing the individual and combined contributions of the fol-
lowing key sequences:

 

	●   T2W images, which provide high-resolution anatomi-
cal detail, are especially useful in assessing structural 
distortion in the transition zone.

	●    DWI, which captures the diffusion of water molecules 
in tissue and is highly sensitive to cancer-related chang-
es in cell density.

	●    ADC maps, derived from DWI, offering a quantitative 
measure of diffusion restriction, a hallmark of aggres-
sive prostate cancer in the peripheral zone [8].  

 
By analyzing these sequences both independently and 

in combination, our goal is to develop and evaluate models 
capable of accurately predicting PI-RADS scores. To this 
end, we apply a range of Machine Learning (ML)/Deep 

Learning (DL) techniques, which have shown growing 
promise in automating radiological assessment and reduc-
ing inter-reader variability [9]. We aim to contribute toward 
more objective, reproducible, and potentially real-time PI-
RADS classification tools that support clinical decision-
making and improve the consistency of prostate cancer 
diagnosis.

Related Work

Several studies have investigated the application of radiomic 
and other computational features for assessing prostate can-
cer and PI-RADS classification. Many works employed 
Pyradiomic features extracted from multiparametric MRI 
to characterize lesions, while others incorporated advanced 
ML or DL approaches. The classification tasks varied among 
studies: some focused on differentiating between benign 
and malignant lesions, others aimed to discriminate between 
specific PI-RADS categories, such as PI-RADS 4 versus 
PI-RADS 5, and a few attempted to classify all PI-RADS 
classes. These studies highlight the potential of radiomic 
analysis in supporting clinical decision-making, although 
differences in datasets, feature sets, and classification strat-
egies make direct comparisons challenging. Collectively, 
they demonstrate the growing interest in leveraging quan-
titative imaging features for prostate lesion characterization 
and risk stratification.

The study [10] developed a DL model to classify prostate 
lesions into PI-RADS categories 2 to 5 using multiparamet-
ric MRI sequences (T2W, DWI, ADC) from 687 scans. On 
a slice basis, the AI agreed with radiologist scores with 58% 
accuracy, and lesion-based agreement was also 58%, show-
ing moderate agreement (kappa = 0.40). Agreement was 
highest for PI-RADS 5 (80%) and lowest for PI-RADS 2 
(6%). The model tended to upgrade lesions, especially in 
PI-RADS 3 cases. When allowing a ± 1 category margin, 
accuracy improved to 86%, indicating the model’s potential 
to assist but not fully replace radiologist assessment.

The study by Winkel et al. [11] proposed a DL algorithm 
(DLA) for automated PI-RADS classification (1–5) of focal 
prostate lesions using bi-parametric MRI (T2W and DWI 
with ADC maps). A total of 121 patients who underwent 
mpMRI and biopsy were included. The DLA was compared 
with five radiologists of varying experience. For detecting 
clinically significant prostate cancer (Gleason ≥ 7), the DLA 
achieved an AUROC of 0.83, outperforming less experi-
enced radiologists but underperforming compared to an 
expert (AUROC 0.91). At PI-RADS ≥ 4, the DLA showed 
76.7% sensitivity and 85.9% specificity. While the DLA 
matched average clinical performance, it did not improve 
inter-reader variability.
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In [12], the authors evaluated 252 PI-RADS 1–5 lesions 
from 188 patients using bi-parametric MRI (T2W and ADC 
maps). The goal was to improve PI-RADS-based classifi-
cation by incorporating mean ADC (mADC) values and 
radiomic features. Lesions initially rated PI-RADS 3–5 
were selectively downgraded, and PI-RADS 1–2 lesions 
were upgraded based on quantitative thresholds. The 
“Down (ADC)” method improved specificity (from 39.2% 
to 56.7%) with a slight decrease in sensitivity. Radiomic-
based classification achieved similar performance. These 
methods helped refine PI-RADS assessment without need-
ing full ML models.

Radiomic features extracted using PyRadiomics from 
T2W and ADC MRI sequences, combined with clinical 
data, were employed to improve the detection of clinically 
significant prostate cancer (Gleason score ≥ 7) in PI-RADS 
4 and 5 lesions. ML models trained on 111 lesions from 99 
patients, with 71% confirmed as significant, achieved an 
overall accuracy of 79%, with sensitivities and specificities 
of approximately 79% and 80%, respectively. When focus-
ing on peripheral zone lesions, the accuracy increased to 
84%, and sensitivity reached 86%, indicating that integrat-
ing radiomic and clinical information enhances classifica-
tion performance in high PI-RADS categories [13].

The study [14] investigated a ML-based analysis of MRI 
radiomics to improve the diagnostic performance of PI-
RADS v2 in identifying clinically significant prostate can-
cer. The dataset included MRI scans from several patients 
(exact number depending on the specific study) using mul-
tiparametric MRI sequences such as T2W, DWI, and ADC 
maps. The model classified prostate lesions between clini-
cally significant prostate cancer (PI-RADS categories 4 and 
5) and non-clinically significant or benign cases (PI-RADS 
categories 1 to 3). The combined model achieved an AUC 
of 0.85, sensitivity of 83%, and specificity of 78%, outper-
forming PI-RADS v2 alone and improving diagnostic accu-
racy for clinically relevant prostate cancer.

In a retrospective study of 203 patients (141 training, 62 
validation), radiomic features were extracted from T2W, 
DWI, ADC, and DCE MRI using PyRadiomics [15]. A 
ML–based Rad-score was developed and combined with PI-
RADS v2.1. The combined model outperformed PI-RADS 
alone in detecting prostate cancer: AUC 0.99 vs. 0.90 (train-
ing) and 0.931 vs. 0.845 (validation). It also improved sen-
sitivity (from 92.3% to 79.4%) and specificity (from 98.4% 
to 96.4%), particularly for PI-RADS 3 and peripheral 
zone lesions. Adding PSA did not improve performance. 
Radiomics helped address the limitations of PI-RADS in 
terms of specificity and lesion stratification.

In a multicenter study, Zhu et al. [9] analyzed 1,186 
lesions from 927 patients to predict clinically significant 
prostate cancer using radiomics. Lesions were classified 

between PI-RADS 3, 4, and 5 using a logistic regression 
model. The radiomics model achieved AUCs of 0.85 (train-
ing), 0.87 (internal test), and 0.83–0.85 (external valida-
tion cohorts). Accuracy ranged from 75.5% to 81.4%, with 
sensitivities up to 89.2%. Feature selection was performed 
using Least Absolute Shrinkage and Selection Operator 
(LASSO), and the model combined radiomics features 
with radiologist-assigned PI-RADS scores. Results showed 
improved detection of clinically significant cancer, espe-
cially for PI-RADS 3 lesions, supporting its potential for 
real-world clinical use.

In the study [16], 615 patients were classified into clini-
cally significant (grade group ≥ 2) and non-significant/
benign lesions using a deep radiomics pipeline that com-
bined nnU-Net segmentation and an XGBoost classifier. 
The model achieved a patient-level AUROC of 0.91, with 
90% sensitivity and 73% specificity, comparable to PI-
RADS ≥ 3 (AUROC 0.94). However, lesion-level sensitiv-
ity was lower (68% vs. 84% for PI-RADS). Results suggest 
deep radiomics may complement PI-RADS but not replace 
it in clinical practice.

A multiparametric MRI radiomic approach was evaluated 
on 102 patients with PI-RADS 3 and upgraded PI-RADS 
4 lesions. Radiomic features from T2W and ADC images 
were analyzed using a random forest classifier to distin-
guish clinically significant prostate cancer (Gleason score ≥ 
7) from non-significant cases. The model achieved an AUC 
of 0.82, demonstrating improved stratification compared to 
PI-RADS alone. Feature selection and image preprocessing 
were applied to enhance performance. This method focused 
on refining classification within the PI-RADS 3 and 4 cat-
egories [17].

A radiomics study on 90 subjects performed multiclass 
classification of prostate tumors using PI-RADS 2, 3, 4, and 
5 lesions on multiparametric MRI. From each lesion, 609 
texture features were extracted, and eight classifiers were 
evaluated; the Naïve Bayes model using 120 selected fea-
tures achieved the highest mean AUC of 0.744 ± 0.088, 
while a Random Forest classifier with 52 features achieved 
an AUC of 0.739 ± 0.096. Although detailed accuracy, sen-
sitivity, and specificity were not reported, the performance 
indicates moderate discrimination across all four PI-RADS 
classes [18].

The study [19] developed a semi-automated ML system 
for PI-RADS v2.1 scoring using multiparametric MRI data 
from 59 patients (PI-RADS 2:18, 3:10, 4:16, 5:15). Two 
classification approaches were evaluated: a multiclass clas-
sification across four PI-RADS categories (2, 3, 4, 5) and 
a binary classification grouping low-risk (PI-RADS 2 + 3) 
versus high-risk (PI-RADS 4 + 5) lesions. The system com-
bined prostate segmentation, 3D co-registration, and lesion 
ROI extraction with classifiers including LDA, linear SVM, 
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and Gaussian SVM. For multiclass classification, the best 
model achieved 88.0% ± 0.98% accuracy and an AUC of 
0.94. The binary classifier performed even better, reaching 
93.2% ± 2.1% accuracy with an AUC of 0.99.

The study [20] used data from 91 patients across three 
centers to evaluate a commercially available DL–based 
AI algorithm for automated PI-RADS v2.1 score assign-
ment and lesion detection on multiparametric MRI. The AI 
achieved lesion-level sensitivity of 81% and specificity of 
78% for clinically significant prostate cancer (PI-RADS ≥ 
4), comparable to radiologists (sensitivity 90%, specific-
ity 70%). The method employed convolutional neural net-
works trained on large datasets for lesion segmentation and 
classification.

Multiparametric MRI data from 346 patients were used 
to develop a DL ensemble model combining ResNet and 
DenseNet architectures for classifying clinically significant 
prostate cancer (csPCa, PI-RADS ≥ 4) versus non-signif-
icant cases (PI-RADS ≤ 3). ResNet al.one achieved 87% 
accuracy, DenseNet 85%, while the ensemble improved 
performance to 89% accuracy, with 91% sensitivity and 
87% specificity [21].

The study [22] Involving 453 patients with PSA levels 
between 4 and 10 ng/mL, this study evaluated the diagnostic 
performance of combining PI-RADS v2.1 scores and pros-
tate-specific antigen density (PSAD) for detecting clinically 
significant prostate cancer (csPCa). The analysis revealed 
that both PI-RADS v2.1 and PSAD were independent pre-
dictors of csPCa. A logistic regression model incorporating 
both factors achieved an area under the ROC AUC of 0.935, 
indicating excellent diagnostic accuracy. The model dem-
onstrated improved sensitivity and specificity compared to 
using either PI-RADS or PSAD alone. Notably, patients 
with a PI-RADS score ≤ 2 or a PI-RADS score = 3 com-
bined with a PSAD value ≤ 0.33 ng/mL/mL had low detec-
tion rates for csPCa, suggesting that biopsies in these cases 
may be unnecessary.

Using 287 PI-RADS 3 lesions, logistic regression, SVM, 
XGBoost, and random forest classifiers were evaluated to 
distinguish clinically significant prostate cancer (csPCa) 
from non-significant or benign lesions. Random forest 
showed superior performance with an AUC of 0.832 (inter-
nal) and 0.688 (external), sensitivity of 87%, and specificity 
of 50%. Clinical and radiological features were combined to 
reduce unnecessary biopsies [23].

A radiomics-based ML model using 107 features from 
T2W MRI was developed to classify clinically significant 
prostate cancer (csPCa) versus non-significant lesions 
within equivocal PI-RADS 3 cases. A random forest classi-
fier achieved an AUC of 0.76, outperforming clinical param-
eters like PSA density (AUC 0.61) and prostate volume 

(AUC 0.62). This approach improves diagnostic accuracy, 
specifically for stratifying csPCa in PI-RADS 3 lesions [24].

 Materials and methods

In this study, we utilized a prostate MRI dataset comprising 
three key sequences: ADC, T2W, and DWI. To ensure con-
sistency and enhance the quality of the data, we applied a 
comprehensive preprocessing pipeline, which included nor-
malization, registration, resizing, and other standard steps. 
For PI-RADS classification, we implemented three distinct 
approaches, each leveraging different aspects of the imaging 
data to differentiate between PI-RADS categories.

Subsequently, we employed a set of ML models to per-
form the classification tasks, allowing us to evaluate the 
effectiveness of the proposed approaches and compare their 
performance across different models.

In the following sections, we provide a detailed descrip-
tion of the dataset and preprocessing steps, followed by 
an explanation of the three classification approaches, and 
finally outline the ML models used along with the evalua-
tion strategy applied to assess their performance.

 Dataset Description

In this study, a dedicated prostate MRI dataset was devel-
oped by systematically collecting and processing raw mul-
tiparametric scans. The scans were originally acquired at 
the Department of Diagnostic Imaging and Stereotactic 
Radiosurgery, Centro Diagnostico Italiano (CDI), located in 
Milan, Italy.

MRI data were acquired using a 3T Philips Achieva 
dStream scanner, with a slice thickness of 3.3 mm and an 
in-plane resolution of 0.2557 × 0.2557 mm².

To comply with privacy standards, all DICOM files were 
anonymized. Using customized Python scripts, we extracted 
the three key MRI sequences: T2W, ADC, and DWI. During 
this step, DWI sequences with a b-value of 1600 were spe-
cifically selected, as higher b-values are known to enhance 
lesion visibility and improve contrast between malignant 
and benign tissue [25, 26]. The corresponding ADC maps 
were also extracted for these sequences. All images were 
converted from DICOM to NIfTI format using the dicom-
2nifti Python package.

Some cases included multiple lesions (2, 3, or 4 per 
patient). For PI-RADS classification and model training, 
each lesion was handled separately, and we trained the mod-
els only on images containing a single lesion, allowing for 
more focused and controlled learning.
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Lesion segmentation was initially performed using 3D 
Slicer [27] by a trained operator, under the supervision of a 
certified radiologist. Lesions were manually annotated on all 
three sequences (T2W, ADC, and DWI) to ensure complete 
lesion characterization. Two experienced radiologists then 
independently reviewed and refined these annotations. The 
final segmentations served as the ground truth for evaluat-
ing lesion segmentation models, ensuring high consistency 
and expert-level accuracy.

Our dataset consists of 412 MRI images, each containing 
one lesion, with 363 used for training and 49 for testing. In 
the training set, there are 91 MRIs with PI-RADS 3, 196 
with PI-RADS 4, and 76 with PI-RADS 5. Regarding lesion 
location, 283 lesions are located in the PZ, 60 in the CG, 
and 20 in either the intermediate or both regions. In the test 
set, there are 12 MRIs with PI-RADS 3, 22 with PI-RADS 
4, and 15 with PI-RADS 5. Concerning lesion location, 35 
lesions are in the PZ, 9 in the CG, and 5 in either the inter-
mediate or both regions.

A summary of these details is provided in Table 1.

 Dataset Preprocessing Pipeline

Figure 1 demonstrates the process of the dataset preprocess-
ing pipeline. Initially, MRI images were downloaded and 
underwent anonymization, during which all patient-iden-
tifiable information (e.g., names, IDs, and metadata) was 
removed to ensure privacy and compliance with data pro-
tection standards. Then, given the differences in resolution, 
orientation, and field of view between MRI sequences and 
potential artifacts due to patient motion, careful preprocess-
ing and alignment were required before model training [28].

We used the SimpleITK [29] Python library for rigid 
and affine registration of the ADC and DWI images to the 
T2W sequence, which was selected as the fixed reference. 
Mutual information was used as the similarity metric during 
the optimization process. A multi-resolution strategy was 
applied to improve robustness by refining alignment across 
multiple image scales [30]. After registration, all sequences 
were resampled to match the T2W image dimensions and 
resolution, ensuring spatial consistency across modalities.

Table 1  Summary of MRI Dataset by PI-RADS Score and Lesion Location
Number of PI-RADS 3 PI-RADS 4 PI-RADS 5 Located in

PZ
Located in
CG

Located in
Both

Training Set 91 196 76 283 60 20
Test Set 12 22 15 35 9 5

Fig. 1  Overview of the MRI dataset preprocessing pipeline
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Before registration, the images were normalized and 
standardized [31]. All were converted to a common format, 
and their intensity values were adjusted for consistency. 
After registration and alignment, all images were resized to 
256 × 256 pixels to meet the input size requirements of the 
neural networks.

To address differences in intensity distributions across 
modalities and scanners, modality-specific normalization 
techniques were applied [32]:

	● T2W and ADC images were normalized using Min-Max 
scaling, rescaling intensities to the [0, 1] range.

	● DWI images were processed using Z-score normal-
ization, where each voxel intensity was standardized 
by subtracting the mean and dividing by the standard 
deviation.

These preprocessing steps helped improve both training sta-
bility and overall model performance in multi-modal medi-
cal image analysis.

 PI-RADS Classification Approaches

For PI-RADS classification, we implemented three com-
plementary approaches, each leveraging different strate-
gies to extract informative features from multiparametric 
MRI scans. In the first approach, we extracted hand-crafted 
radiomic features from manually segmented lesions using 
the PyRadiomics library, capturing intensity, shape, and 
texture patterns from multiple MRI sequences. The second 
approach extended this pipeline by incorporating fully auto-
mated lesion and prostate zone segmentations, enabling a 
more clinically realistic workflow without manual input. In 
the third approach, we employed a custom CNN to auto-
matically learn and extract high-level features from ADC 
images and their corresponding lesion masks.

Features obtained from each approach were then used to 
train ML models for multi-class classification of PI-RADS 
scores, allowing us to compare the effectiveness of man-
ual, automated, and deep-learning-based feature extraction 
strategies.

 Approach 1: Extracting Features using PyRadiomics

In this study, radiomic features were extracted from mul-
tiparametric MRI scans using the PyRadiomics library, an 
open-source Python package designed for standardized 
and reproducible radiomics analysis [33]. Radiomics is a 
computational method that transforms medical images into 
high-dimensional, mineable data by quantifying patterns, 

textures, shapes, and intensities within defined regions of 
interest (ROIs) [34]. This allows for the extraction of hun-
dreds to thousands of features that can capture subtle tissue 
heterogeneity, which may not be visible to the human eye 
[3].

Using the PyRadiomics package [33], we extracted fea-
tures from clinically relevant MRI sequences, T2W, ADC, 
and DWI, for each lesion.

In the first examination, we extracted features from the 
following filtered image types: Original, LoG (Laplacian 
of Gaussian, with sigma values of 2.0, 3.0, 4.0, and 5.0), 
Wavelet, Square, SquareRoot, and Logarithm. From each 
image type, we computed a comprehensive set of features, 
including first-order statistics, shape-based features, and 
texture features such as those from the Gray Level Co-
occurrence Matrix (GLCM), Gray Level Run Length Matrix 
(GLRLM), Gray Level Size Zone Matrix (GLSZM), Gray 
Level Dependence Matrix (GLDM), and Neighboring Gray 
Tone Difference Matrix (NGTDM). The extraction set-
tings were: binWidth = 25, resampledPixelSpacing= [1], 
interpolator=’sitkBSpline’, normalize=True, removeOutli-
ers = 3, label = 1, correctMask=True, force2D=False, and 
preCrop=True, we refer to these as Feature Set 1. Feature 
Set 1 initially consisted of 49 features, which were reduced 
to 38 features after applying LASSO feature selection, 
improving the relevance and effectiveness of the selected 
features.

In the second examination, we expanded the feature set 
by including more image filters: Exponential, Gradient, 
LBP2D, and LBP3D, in addition to the previously used 
filters (Original, LoG with an extended range from 1.0 to 
5.0, Wavelet, Square, SquareRoot, and Logarithm). This 
enhanced configuration allowed the extraction of a broader 
spectrum of intensity, shape, and texture patterns. The same 
core feature classes were calculated, first-order, shape, 
GLCM, GLRLM, GLSZM, GLDM, and NGTDM, but on 
a more diverse set of filtered images. Additional prepro-
cessing settings included normalizeScale = 100, providing a 
uniform scale across different modalities and scanners, and 
we refer to these as Feature Set 2. Feature Set 2 originally 
included 110 features, which were refined to 63 after apply-
ing LASSO feature selection, resulting in a more compact 
and informative feature set.

These radiomic features were then used to classify 
lesions into PI-RADS categories 3, 4, and 5, aiming to sup-
port the radiological scoring system with quantitative data. 
In addition to the image-derived radiomic features, we also 
included the anatomical location of each lesion as an addi-
tional input feature. Specifically, we considered whether the 
lesion was located in the PZ, CG, or between both zones 
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simultaneously. To incorporate this information into the 
model, we assigned numerical labels: 1 for PZ, 2 for CG, 
and 3 for lesions located across both zones. This spatial con-
text helped enrich the feature set with anatomical relevance, 
potentially improving the classification of PI-RADS scores. 
Zone-specific characteristics can significantly influence 
lesion appearance and are relevant to PI-RADS scoring [35].

By comparing the results from both extractions, we 
aimed to assess whether the inclusion of more advanced fil-
ters and descriptors improves the classification of PI-RADS 
scores. Notably, the second configuration allowed us to 
capture more complex patterns, especially from texture fea-
tures like LBP (Local Binary Patterns) and Gradient, which 
are known to enhance performance in certain classification 
tasks [36].

Finally, all extracted features were used to train various 
ML models for multi-class classification of PI-RADS scores 
(3, 4, and 5). The models were evaluated on an indepen-
dent test set, consisting of data that had not been seen during 
training. Hyperparameter tuning was conducted exclusively 
on the training data using cross-validation. The test set was 
not involved in any stage of model training or tuning and 
was reserved only for the final performance assessment. To 
address class imbalance, class weights were applied during 
model training, assigning higher importance to underrepre-
sented classes.

For each test sample, both the lesion masks and the ana-
tomical images in which the lesion was located were avail-
able, allowing for the accurate extraction and validation of 
region-specific radiomic features.

Approach 2: Feature Extraction from Automated Zone and 
Lesion Segmentations

In the first approach, radiomic features were extracted from 
manually segmented lesions, and the lesion’s zone was 

incorporated as an additional feature to enhance PI-RADS 
classification. This method depended on the availability of 
ground-truth lesion masks and zone labels in the test data-
set, which were used both for feature extraction and model 
evaluation.

In the second approach, designed to better replicate a real 
clinical workflow, the test dataset was processed through a 
fully automated pipeline utilizing previously developed seg-
mentation models [37]. Specifically, the zonal segmentation 
model, published earlier [38, 39], was applied to automati-
cally identify prostate zones on T2W images. Following 
this, the lesion segmentation model, trained on the same 
dataset and utilizing ADC images, was used to segment 
lesions automatically [40, 41]. To assign the zonal label to 
each lesion in an objective and reproducible manner, a cus-
tom Python script was implemented to calculate the spatial 
intersection between the automatically segmented lesion 
masks and zone masks. This procedure enabled automated, 
precise determination of the lesion’s prostate zone without 
manual intervention.

Radiomic feature extraction was then performed in the 
same way as in the first approach, but now based on fully 
automated lesion and zone segmentations. Finally, the 
PI-RADS classification model was evaluated using this 
end-to-end automated pipeline, allowing assessment of 
classification performance in a realistic clinical scenario 
where both segmentation and zone assignment are per-
formed without manual input.

Figure 2 depicts the step-by-step process of Approach 2 
used for PI-RADS classification.

Feature Extraction Using Proposed CNN (Approach 3)

In another approach, we extracted features using a pur-
posely trained Convolutional Neural Network (CNN) and 
then applied our ML models for PI-RADS classification. 

Fig. 2  Workflow of the fully automated pipeline (approach 2) for PI-RADS classification
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For training the CNN, we used ADC images together with 
their corresponding masks as input, meaning each image 
and its mask were passed to the network simultaneously. 
This paired-input strategy allowed the network to learn both 
visual and spatial context, focusing more effectively on 
lesion regions [42, 43].

The CNN architecture consisted of three convolutional 
layers with dropout layers to mitigate overfitting. Before 
training, we resized both images and masks to 256 × 256 
pixels, applied center cropping to retain only the pros-
tate region, and then resized them to 128 × 128 pixels. To 
improve generalization, we applied data augmentation dur-
ing training, including image rotations at various angles, 
horizontal and vertical flips, and small translations to simu-
late variations in patient positioning and acquisition.

The network was trained for 200 epochs using a learning 
rate of 1e-4 and a batch size of 32. The convolutional layers 
used a kernel size of 3 with ReLU activation functions, and 
the model was optimized using categorical cross-entropy 
loss. After training, features were extracted from the last 
dense layer and used as inputs to the ML classifiers for PI-
RADS classification.

Our CNN-based approach is intended as a lightweight 
baseline for learned features rather than a full deep learn-
ing alternative to radiomics. We focused on ADC images, 
which consistently showed the highest performance in pre-
vious studies, and used relatively small, cropped images 
(128 × 128), which limited the effectiveness of very deep 
architectures. While deeper networks such as ResNet-50 
were tested, they did not outperform our simple CNN. 
Additionally, to ensure a fair comparison with previous 
approaches, the same classical machine learning classifiers 
were used. This design allows our CNN to provide mean-
ingful learned features while maintaining a consistent and 
comparable evaluation framework.

Machine Learning Classifiers

In all three approaches for PI-RADS classification, we 
evaluated multiple ML classifiers, including Random Forest 
(RF) [44], Support Vector Machine (SVM) [45], Extreme 
Gradient Boosting (XGBoost) [46], AdaBoost [47], Gra-
dient Boosting [48], and LightGBM [49]. We also devel-
oped four ensemble models. Ensemble 1 utilized logistic 
regression as a meta-learner, combining the outputs of 
XGBoost and k-Nearest Neighbors (KNN). Ensemble 2 
replaced the meta-learner with XGBClassifier, again com-
bining XGBoost and KNN. Ensemble 3 implemented a vot-
ing strategy with XGBoost and KNN, while Ensemble 4 

applied voting with XGBoost and RF. These combinations 
were selected after testing several model pairings and were 
found to achieve the best classification performance in our 
experiments.

All classifiers were trained using 5-fold cross-validation 
[50] to ensure robust performance estimation. Before train-
ing, feature values were standardized using StandardScaler 
[51] to remove the mean and scale variance to unit standard 
deviation, which is essential for distance-based methods 
like SVM and KNN. We also applied the LASSO feature 
selection [52] to reduce dimensionality by penalizing less 
informative features. Classifiers were trained both with and 
without feature selection; better results were obtained when 
LASSO was applied.

Briefly, RF is an ensemble of decision trees that reduces 
overfitting through bootstrap aggregation; SVM is a kernel-
based classifier that maximizes the margin between classes; 
XGBoost, LightGBM, AdaBoost, and Gradient Boost-
ing are gradient-boosting algorithms that iteratively build 
ensembles of weak learners to minimize prediction error, 
with XGBoost and LightGBM optimized for speed and reg-
ularization; and KNN is a distance-based method that clas-
sifies based on the majority class of the nearest neighbors. 
Logistic Regression was used in Ensemble 1 as a linear 
meta-learner to combine base classifier predictions, while 
XGBClassifier in Ensemble 2 provided a nonlinear combi-
nation. The voting ensembles (Ensemble 3 and Ensemble 
4) aggregated classifier outputs through majority voting to 
improve generalization.

Results

In the following, we present the results obtained for all three 
proposed approaches. For Approach 1, radiomic features 
were extracted from all three MRI sequences (T2W, ADC, 
and DWI), and the features from these sequences were 
subsequently combined. This process yielded four sets of 
results. The extracted features were then used to train ML 
models for PI-RADS classification into three classes: PI-
RADS 3, PI-RADS 4, and PI-RADS 5.

As described in detail in Approach 1, two distinct cat-
egories of features were extracted, and the results obtained 
using each feature category are reported separately. Model 
performance was evaluated using precision, recall, and AUC 
for each PI-RADS class. Additionally, the average accuracy 
and average AUC across all classes are reported.

For clarity, results for each approach are presented in 
separate sections.
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 Results of Approach 1 Using PyRadiomics Feature 
Set 1

The results obtained using Feature Set 1 for different input 
configurations are reported in Appendix A (Tables 8, 9, 10 
and 11). As these results were lower than those obtained 
with Feature Set 2, they are presented in the appendix for 
completeness. For each configuration, performance is 
reported in terms of precision, recall, and AUC for each PI-
RADS class, as well as average accuracy and average AUC 
across all classes.

According to the obtained results, the following trends 
were observed. Overall, models trained on ADC features 
achieved higher classification performance compared to 
those trained solely on DWI or T2W, with the highest accu-
racy observed for Ensemble 1 on ADC (0.77), accompanied 
by an AUC of 0.83. In contrast, DWI- and T2W-based mod-
els showed lower accuracy values, generally in the range of 
0.49–0.63, although certain configurations achieved com-
petitive AUC values above 0.80 (e.g., AdaBoost on DWI 
with 0.81).

Combining features from all sequences provided bal-
anced performance, with several ensemble methods and 

gradient boosting models achieving accuracies above 0.65 
and AUCs above 0.81. Notably, Ensemble 3 with com-
bined features reached an accuracy of 0.69 and maintained 
strong per-class AUC values, particularly for PI-RADS 5 
(AUC ≥ 0.94 in most cases).

Across all configurations, classification for PI-RADS 5 
tended to be the most accurate and consistent (AUCs often 
above 0.94), whereas PI-RADS 3 classification was more 
challenging, with lower precision and recall, especially 
for DWI and T2W inputs. These trends highlight both the 
strength of ADC-derived features and the benefits of com-
bining multi-sequence information for more robust PI-
RADS classification.

Results of Approach 1 Using PyRadiomics Feature 
Set 2

Tables  2, 3, 4 and 5 summarize the results obtained with 
Feature Set 2 across different input configurations: ADC 
(Table 2), DWI (Table 3), T2W (Table 4), and the combi-
nation of all sequences (Table 5). For each configuration, 
model performance is reported in terms of precision, recall, 

Table 2  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 2 Across ADC Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.65 0.84 0.42 0.50 0.77 0.62 0.68 0.774 1.00 0.73 0.97
XGBoost 0.71 0.86 0.53 0.66 0.80 0.70 0.63 0.79 0.92 0.86 0.98
AdaBoost 0.69 0.82 0.55 0.83 0.79 0.66 0.63 0.69 1.00 0.66 0.98
Gradient Boosting 0.71 0.83 0.53 0.58 0.76 0.68 0.77 0.75 1.00 0.73 0.97
LightGBM 0.71 0.84 0.58 0.58 0.79 0.66 0.72 0.74 0.92 0.80 0.97
SVM 0.67 0.83 0.50 0.41 0.75 0.63 0.86 0.77 1.00 0.60 0.96
Ensemble 1 0.73 0.87 0.57 0.66 0.83 0.69 0.72 0.81 1.00 0.80 0.98
Ensemble 2 0.71 0.85 0.46 0.58 0.78 0.71 0.68 0.77 1.00 0.86 0.99
Ensemble 3 0.75 0.86 0.57 0.66 0.79 0.72 0.72 0.80 1.00 0.86 0.98
Ensemble 4 0.71 0.85 0.53 0.66 0.80 0.70 0.63 0.77 0.92 0.86 0.97

Table 3  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 2 Across DWI Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.63 0.77 0.37 0.25 0.69 0.58 0.77 0.67 0.91 0.73 0.95
XGBoost 0.65 0.73 0.50 0.41 0.64 0.60 0.77 0.62 0.90 0.66 0.92
AdaBoost 0.49 0.72 0.26 0.41 0.62 0.44 0.36 0.56 0.91 0.73 0.97
Gradient Boosting 0.59 0.73 0.33 0.25 0.61 0.55 0.72 0.63 0.90 0.66 0.95
LightGBM 0.63 0.72 0.45 0.41 0.62 0.59 0.72 0.63 0.90 0.66 0.92
SVM 0.61 0.74 0.00 0.00 0.62 0.55 0.90 0.65 0.90 0.66 0.95
Ensemble 1 0.59 0.75 0.00 0.00 0.60 0.54 0.86 0.70 0.90 0.66 0.94
Ensemble 2 0.44 0.64 0.26 0.33 0.54 0.45 0.50 0.52 0.70 0.46 0.86
Ensemble 3 0.57 0.68 0.33 0.25 0.55 0.55 0.72 0.58 0.81 0.60 0.92
Ensemble 4 0.57 0.74 0.30 0.25 0.64 0.53 0.68 0.63 0.90 0.66 0.95
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and AUC for each PI-RADS class, along with the average 
accuracy and average AUC across all classes.

Evaluation of PyRadiomics Feature Set 2 across different 
input configurations revealed that ADC-based models gen-
erally outperformed those trained solely on DWI or T2W 
images. Among the ADC configurations, the highest overall 
accuracy was obtained with Ensemble 3 (0.75, AUC = 0.86), 
closely followed by Ensemble 1 and several gradient boost-
ing variants. For these models, PI-RADS 5 classification 
remained consistently strong (AUC ≥ 0.97), while PI-RADS 
3 continued to be the most challenging category, showing 
notably lower precision and recall.

DWI-based models showed moderate performance, 
with accuracy values often in the 0.57–0.65 range and 
fewer configurations exceeding an AUC of 0.75. AdaBoost 
and Ensemble 2 performed the weakest for this modality, 
whereas XGBoost and RF achieved relatively more bal-
anced results. Similarly, T2W-based models tended to 
underperform compared to ADC and combined configura-
tions, with most accuracies between 0.57 and 0.65, although 
certain ensemble methods maintained reasonable AUC val-
ues for PI-RADS 5.

When combining features from ADC, DWI, and T2W, 
performance improved over single-sequence DWI or T2W 

models and approached that of ADC-only configurations. 
Notably, Ensemble 2 on combined features achieved an 
accuracy of 0.71 with an AUC of 0.83, indicating the ben-
efit of multi-sequence information for robust classification. 
Across all modalities and configurations, classification of 
PI-RADS 5 was consistently reliable, whereas PI-RADS 3 
remained less accurately predicted, reflecting the inherent 
difficulty of differentiating intermediate cases.

Results of Approach 2 Using PyRadiomics Features

In the second approach, the entire workflow, from zonal 
and lesion segmentation to zone assignment, was performed 
automatically using previously developed segmentation 
models and a custom spatial overlap algorithm. Radiomic 
features were then extracted from the automated segmenta-
tions, and PI-RADS classification was carried out as in the 
first approach.

For Feature Set 1 in Approach 2, the results obtained 
using ADC images are reported in Appendix B (Table 12), 
as they are less relevant compared to the main results, 
while Table 6 shows the corresponding results for Feature 
Set 2.

Table 4  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 2 Across T2W Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.63 0.71 0.40 0.16 0.55 0.56 0.77 0.62 0.85 0.80 0.96
XGBoost 0.63 0.68 0.42 0.25 0.50 0.57 0.72 0.58 0.85 0.80 0.95
AdaBoost 0.63 0.77 0.40 0.16 0.67 0.56 0.77 0.66 0.85 0.80 0.97
Gradient Boosting 0.61 0.67 0.28 0.16 0.47 0.55 0.72 0.58 0.92 0.80 0.98
LightGBM 0.57 0.68 0.25 0.16 0.51 0.51 0.63 0.56 0.85 0.80 0.96
SVM 0.61 0.70 0.00 0.00 0.61 0.53 0.95 0.59 0.90 0.60 0.89
Ensemble 1 0.65 0.71 0.00 0.00 0.62 0.57 0.90 0.63 0.92 0.80 0.88
Ensemble 2 0.53 0.76 0.00 0.00 0.66 0.50 0.72 0.67 0.90 0.66 0.95
Ensemble 3 0.63 0.70 0.33 0.16 0.54 0.56 0.77 0.59 0.92 0.80 0.95
Ensemble 4 0.55 0.71 0.22 0.16 0.55 0.50 0.59 0.60 0.85 0.80 0.97

Table 5  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 2 Across Combined Features of ADC, 
DWI, and T2W Images

Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5
Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.69 0.83 0.50 0.66 0.76 0.68 0.59 0.75 0.92 0.86 0.98
XGBoost 0.67 0.80 0.47 0.66 0.73 0.66 0.54 0.72 0.92 0.86 0.95
AdaBoost 0.67 0.81 0.50 0.75 0.77 0.65 0.59 0.68 1.00 0.73 0.98
Gradient Boosting 0.67 0.78 0.46 0.58 0.71 0.65 0.59 0.70 0.92 0.86 0.94
LightGBM 0.67 0.79 0.50 0.50 0.71 0.62 0.68 0.70 0.92 0.80 0.95
SVM 0.59 0.78 0.50 0.25 0.73 0.52 0.86 0.65 1.00 0.46 0.97
Ensemble 1 0.69 0.84 0.54 0.50 0.80 0.64 0.72 0.75 0.92 0.80 0.98
Ensemble 2 0.71 0.83 0.53 0.58 0.79 0.68 0.68 0.73 0.92 0.86 0.97
Ensemble 3 0.69 0.83 0.54 0.50 0.79 0.64 0.72 0.74 0.92 0.80 0.98
Ensemble 4 0.67 0.82 0.46 0.58 0.75 0.65 0.59 0.73 0.92 0.86 0.97
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For Feature Set 1 (Table 12), the highest accuracy (0.69) 
was achieved by XGBoost, LightGBM, and Ensemble 3, 
while Gradient Boosting obtained the highest overall AUC 
(0.84). XGBoost also showed strong class-specific per-
formance, particularly for PI-RADS 4 (precision = 0.66, 
recall = 0.57, AUC = 0.78) and PI-RADS 5 (precision = 0.85, 
recall = 0.92, AUC = 0.98).

For Feature Set 2 (Table  6), AdaBoost achieved the 
highest accuracy (0.72) and a competitive AUC (0.81). 
LightGBM and XGBoost also performed consistently well, 
especially for PI-RADS 5 (AUC = 0.92 and 0.93, respec-
tively). However, Ensemble 2 had the weakest perfor-
mance, with both accuracy (0.48) and AUC (0.64) being 
the lowest.

Overall, switching from Feature Set 1 to Feature Set 2 led 
to improved accuracy in some models (e.g., AdaBoost) but 
not universally. XGBoost and LightGBM were consistently 
strong performers across both feature sets, while SVM and 
Ensemble 2 tended to lag in this fully automated pipeline.

 Results of Approach 3

In Approach 3, we took a completely different direction 
by not using PyRadiomic features. Instead, we extracted 
features using the proposed CNN, trained on paired ADC 

images and masks, and then used these features as input to 
ML models for PI-RADS classification. Table 7 presents the 
results of this approach.

According to Table  7, Ensemble 4 achieved the best 
performance, with an accuracy of 0.73 and an AUC of 
0.84, showing particularly strong results for PI-RADS 4 
and PI-RADS 5. Other models, such as LightGBM and 
Ensemble 3, also performed competitively, although per-
formance for PI-RADS 3 remained consistently lower 
across all models, indicating this class as the most chal-
lenging to classify.

Discussion

Multiparametric MRI enhances prostate tumor detection by 
combining anatomical information from T2W images with 
quantitative data from DWI and dynamic contrast-enhanced 
sequences [4].

PI-RADS v2, and its updated version PI-RADS v2.1, 
provide a standardized framework for assessing the risk of 
clinically significant prostate cancer based on lesion mor-
phology and imaging appearance, enabling consistency 
across institutions [2]. However, assigning a PI-RADS score 
still depends on subjective evaluations of qualitative lesion 

Table 6  Performance of PI-RADS Classification Models of Approach 2, Using PyRadiomics Feature Set 2 Across ADC Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.60 0.81 0.16 0.16 0.71 0.63 0.50 0.81 0.75 0.92 0.91
XGBoost 0.66 0.82 0.37 0.50 0.74 0.70 0.50 0.78 0.80 0.92 0.93
AdaBoost 0.72 0.81 0.33 0.16 0.73 0.64 0.78 0.76 0.92 0.92 0.93
Gradient Boosting 0.63 0.80 0.28 0.33 0.72 0.77 0.50 0.74 0.70 0.92 0.92
LightGBM 0.69 0.81 0.37 0.50 0.72 0.80 0.57 0.77 0.80 0.92 0.92
SVM 0.57 0.78 0.16 0.16 0.66 0.57 0.57 0.77 0.76 0.76 0.91
Ensemble 1 0.63 0.82 0.33 0.16 0.76 0.55 0.71 0.79 0.83 0.76 0.91
Ensemble 2 0.48 0.64 0.00 0.00 0.58 0.46 0.50 0.58 0.64 0.69 0.76
Ensemble 3 0.60 0.81 0.28 0.33 0.74 0.53 0.50 0.77 0.84 0.84 0.92
Ensemble 4 0.66 0.81 0.33 0.50 0.71 0.77 0.50 0.79 0.80 0.92 0.91

Table 7  Performance of PI-RADS Classification Models of Approach 3, Using Extracted Features by Proposed CNN Across ADC Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.65 0.84 0.37 0.25 0.78 0.60 0.77 0.77 0.92 0.80 0.96
XGBoost 0.67 0.84 0.42 0.25 0.77 0.61 0.86 0.78 1.00 0.73 0.96
AdaBoost 0.53 0.82 1.00 0.08 0.76 0.48 1.00 0.74 1.00 0.20 0.96
Gradient Boosting 0.63 0.81 0.37 0.25 0.73 0.60 0.77 0.77 0.84 0.73 0.94
LightGBM 0.69 0.82 0.42 0.25 0.73 0.63 0.86 0.79 1.00 0.80 0.94
SVM 0.63 0.72 0.50 0.33 0.58 0.58 0.63 0.67 0.76 0.86 0.92
Ensemble 1 0.59 0.72 0.26 0.16 0.55 0.53 0.63 0.67 0.81 0.86 0.92
Ensemble 2 0.67 0.80 0.46 0.50 0.76 0.66 0.72 0.74 0.91 0.73 0.91
Ensemble 3 0.69 0.79 0.57 0.33 0.70 0.62 0.90 0.74 1.00 0.66 0.94
Ensemble 4 0.73 0.84 0.66 0.33 0.77 0.65 0.95 0.79 1.00 0.73 0.96
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characteristics, such as distinguishing heterogeneous T2W 
lesions (PI-RADS 3) from homogeneous ones (PI-RADS 
4). This reliance on visual interpretation introduces vari-
ability and potential disagreement among clinicians [7, 53].

In this study, we evaluated multiple ML approaches for 
automated PI-RADS classification using radiomic features 

extracted from multiparametric MRI sequences, including 
T2W, DWI, and ADC maps. Across the three approaches, 
our results consistently highlighted the superior perfor-
mance of ADC-based models compared to DWI or T2W 
alone, with Ensemble and gradient boosting variants achiev-
ing the highest overall accuracy and AUC values.

Fig. 4  Comparison of the AUCs achieved by all models in Approach 1 using Feature Set 2 for PI-RADS classification

 

Fig. 3  Comparison of the AUCs achieved by all models in Approach 1 using Feature Set 1 for PI-RADS classification
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Notably, PI-RADS 5 lesions were classified reliably 
across all models, whereas PI-RADS 3 remained the most 
challenging category, reflecting the inherent difficulty in 
distinguishing intermediate-risk lesions.

Figure 3 compares AUCs of ML models for PI-RADS 
classification using Feature Set 1. ADC features consis-
tently achieve the highest AUC across most models, while 

T2W features generally perform the worst. Merged features 
improve performance over individual sequences, particu-
larly for XGBoost, GradientBoosting, and the ensemble 
models. Ensemble models show competitive AUCs, often 
surpassing single classifiers when using merged features.

According to Fig.  4, which shows the comparison of 
AUCs achieved by all models in Approach 1 using Feature 

Fig. 6  Comparison of the AUCs achieved by all models in Approach 2 using Feature Set 2 for PI-RADS classification

 

Fig. 5  Comparison of the AUCs achieved by all models in Approach 2 using Feature Set 1 for PI-RADS classification
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Set 2 for PI-RADS classification, ADC consistently deliv-
ers the highest performance across most models. Merged 
features also perform well, particularly in ensemble mod-
els like Ensemble 1 and Ensemble 4. DWI and T2W exhibit 
lower and more variable AUCs, indicating weaker dis-
criminative power. Ensemble approaches tend to improve 
model robustness and classification accuracy. Overall, 
ADC derived features turn out to be the most important.

Figures 5 and 6 present the AUCs achieved by all mod-
els in Approach 2 using Feature Set 1 and Feature Set 2, 
respectively. Across both feature sets, model performance 
is relatively stable, with most AUCs clustering around the 
0.80 mark. In Fig. 5 (Feature Set 1), GradientBoosting and 
Ensemble 4 deliver the highest AUCs, whereas in Fig.  6 
(Feature Set 2), the performance is more uniform across 
models, though Ensemble 2 shows a noticeable drop. SVM 
underperforms in both cases, suggesting limited compatibil-
ity with ADC-based input. Overall, the results indicate that 
while both feature sets are effective, Feature Set 1 slightly 
enhances model separation and peak performance, particu-
larly for ensemble and boosting methods.

Figure 7 compares the AUCs achieved by various models 
in Approach 3 using ADC features for PI-RADS classifi-
cation. Tree-based models like RF and XGBoost maintain 
strong performance, with AUCs above 0.83. Ensemble 4 
achieved the better results, indicating the strength of its 
model combination in this approach. In contrast, SVM and 
Ensemble 1 show the weakest performance, both dropping 
below 0.74. These results suggest that while some ensemble 

strategies may fail to generalize, others (like Ensemble 4) 
can significantly boost predictive power.

To gain insights into feature contributions and model 
interpretability, SHAP (SHapley Additive exPlanations) 
was employed. SHAP is a unified framework for interpret-
ing predictions, grounded in cooperative game theory, that 
assigns each feature an importance value for a particular 
prediction [54]. It has become a standard method for model 
explainability due to its consistency and local accuracy. 
However, applying SHAP to complex ensemble models, 
especially stacked ensembles, is often computationally 
intensive or infeasible due to their structural complexity and 
lack of direct SHAP integration [55]. Therefore, XGBoost, 
which consistently achieved high AUCs across experiments 
and was a core component in the ensemble models, was 
selected for SHAP analysis.

Figures 8 and 9 illustrate the SHAP-based interpretabil-
ity results obtained from XGBoost using ADC features in 
Approach 1. Figure 8 presents the feature importance plots 
based on the mean absolute SHAP values for both Feature 
Set 1 and Feature Set 2, highlighting which features con-
tribute most on average to the model’s predictions. Figure 9 
shows the mean SHAP value plots, capturing the average 
impact (both direction and magnitude) of each feature on 
the model output across all classes for the same two feature 
sets.

These visualizations display the average impact of each 
feature on the model output across all classes, based on the 
mean absolute SHAP values, effectively summarizing over-
all feature importance in the classification task.

Fig. 7  Comparison of the AUCs achieved by all models in Approach 3
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Fig. 8  Feature importance plots based on the mean absolute SHAP values, in a approach 1 using feature set 1, and b approach 1 using feature set 2
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Based on Fig. 9. a, for Class 0 (PI-RADS 3), MeshVol-
ume and Range have the highest positive impact, indicat-
ing their strong role in identifying this class. For Class 1 
(PI-RADS 4), features like Skewness, Sphericity, and Elon-
gation show notable influence, suggesting the model uses 
shape irregularities to differentiate this group.

In Class 2 (PI-RADS 5), Skewness and Mean contrib-
ute most, reflecting intensity-related characteristics as key 
indicators. Some features, such as Skewness and Range, 
contribute meaningfully across all classes but with varying 
magnitudes. Overall, the model leverages both shape and 
intensity-based features differently across classes to support 
PI-RADS classification.

According to Fig. 9 b, features related to Class 2 (PI-
RADS 5) have the highest SHAP impact, with texture 
metrics like ZoneEntropy and Coarseness being most influ-
ential. Class 1 (PI-RADS 4) features, including first-order 
and small area emphasis metrics, show moderate impor-
tance. Class 0 (PI-RADS 3) features have lower but consis-
tent effects across variables. Overall, texture features from 
ADC images dominate model predictions, while shape and 
first-order features contribute less. This highlights the key 
role of texture heterogeneity in class differentiation.

When compared with prior research, our results reveal 
both agreement with established trends and meaningful 

improvements in certain aspects of PI-RADS classification 
performance.

Zhu et al. [9] conducted one of the largest studies on 
automated PI-RADS scoring using a multicenter dataset 
of 927 patients and 1,186 lesions, reporting AUCs between 
0.85 and 0.87 for PI-RADS 3–5 classification. Our best-per-
forming ADC-based ensemble models achieved comparable 
overall discrimination (AUC = 0.83–0.86) despite being 
trained on a smaller dataset, suggesting that well-optimized 
radiomic and ensemble learning frameworks can generalize 
effectively even in limited-data settings. Similarly, Winkel 
et al. [11] achieved an AUROC of 0.828 using bi-paramet-
ric MRI and a DL model, with sensitivity and specificity 
of 76.7% and 85.9%, respectively; our ensemble models 
demonstrated comparable performance, particularly in dis-
tinguishing high-risk lesions (PI-RADS 5).

Study [10] reported an overall accuracy of 58% for direct 
PI-RADS category prediction using DL, which increased to 
86% when allowing ± 1 score flexibility. In contrast, our 
best ensemble model achieved accuracies up to 0.77 with-
out any tolerance margin, highlighting a higher precision 
in strict category prediction, particularly for ADC-derived 
features.

Radiomic studies focusing on ADC maps [12–15] con-
sistently demonstrated that ADC-based features yield 

Fig. 9  Feature importance plots based on the mean SHAP value based on the classes (Class 0: PI-RADS 3, Class 1: PI-RADS 4, and Class 3: PI-
RADS 5), in a approach 1 using feature set 1, and b approach 1 using feature set 2
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superior classification accuracy compared to DWI or T2W. 
For example, reference [13] achieved 79% overall accuracy 
(AUC ≈ 0.85), and [14] reported AUC = 0.85, sensitivity = 
83%, and specificity = 78%. Our results corroborate these 
findings, with ADC-based ensemble models achieving the 
highest accuracy (up to 0.77) and AUC values exceeding 
0.83. These consistent outcomes reaffirm the pivotal role of 
ADC radiomics in characterizing tumor cellularity and dis-
criminating between benign and malignant prostate tissue.

Several studies demonstrated that combining multipara-
metric MRI sequences enhances classification robustness. 
In [15], integrating T2W, DWI, ADC, and DCE features 
achieved a validation AUC = 0.931. Likewise, our com-
bined-sequence models reached AUC = 0.83 and accuracy 
= 0.71, approaching the performance of larger multicenter 
datasets, thus confirming the added value of feature fusion. 
Similarly [13], reported 86% sensitivity for peripheral zone 
lesions using combined T2W and ADC features, which 
aligns with our observation that multi-sequence integration 
improves lesion-level stability across zones.

Deep radiomics and ensemble-based methods have also 
shown competitive performance across the literature. For 
example [16], combined nnU-Net and XGBoost, achiev-
ing a patient-level AUROC of 0.91, while [21] reported 
up to 88% accuracy and an AUROC of 0.94 using a deep 
ensemble model. Although our dataset was more limited, 
our ensemble configurations (e.g., Ensemble 3 and Ensem-
ble 4) achieved accuracies between 0.71 and 0.77 and AUCs 
up to 0.86, which are within the range of these advanced 
architectures. This suggests that ensemble learning applied 
to handcrafted radiomic features remains a powerful and 
computationally efficient alternative to deep end-to-end 
frameworks, especially for smaller datasets.

A persistent challenge across nearly all studies, includ-
ing [12, 17, 18], is the accurate classification of PI-RADS 3 
lesions. These intermediate cases exhibit overlapping imag-
ing and radiomic characteristics between benign and malig-
nant tissue, leading to reduced sensitivity and precision. Our 
results confirmed this difficulty, as PI-RADS 3 classification 
consistently showed the lowest recall and precision values 
across all feature sets and MRI modalities. Conversely, 
high-risk lesions (PI-RADS 5) maintained high AUCs (≥ 
0.94), consistent with prior literature.

Finally, several studies [19–22] have emphasized the 
value of incorporating clinical parameters such as PSA 
density and patient age to enhance classification reliability. 
Although our work focused exclusively on imaging-based 
radiomics, the comparable performance achieved suggests 
that radiomic signatures can effectively capture much of 
the underlying biological variability represented by these 
clinical indicators. Nonetheless, future research that inte-
grates clinical, molecular, and imaging data could further 

strengthen diagnostic precision and bring model perfor-
mance closer to expert-level assessment.

A consistent challenge across both prior studies and our 
own results lies in the differentiation of PI-RADS 3 lesions. 
Their inherently ambiguous imaging characteristics, which 
overlap with both lower and higher-grade categories, con-
tinue to limit classification accuracy even in advanced 
models. Addressing this issue will require improved feature 
extraction methods, more sophisticated model training strat-
egies, and the inclusion of relevant clinical or biochemical 
markers to better capture subtle disease patterns.

Furthermore, dataset size and heterogeneity remain key 
factors affecting model generalizability. Many existing 
studies, and to some extent, ours, are constrained by lim-
ited sample sizes, which restrict external validity and fail to 
encompass the full variability encountered in clinical prac-
tice. Future research should therefore prioritize multicenter 
collaborations and standardized imaging protocols to build 
more diverse and representative datasets.

In summary, our findings are consistent with and, in 
several respects, extend existing literature. ADC-based 
radiomic features and ensemble learning approaches dem-
onstrated robust and stable performance, achieving results 
comparable to those reported in larger deep learning studies. 
While PI-RADS 5 lesions are classified with high reliability, 
the persistent difficulty of accurately identifying PI-RADS 
3 cases underscores the ongoing need for refined feature 
design, multi-sequence fusion, and broader, standardized 
datasets to achieve clinically reliable and generalizable AI-
driven PI-RADS assessment.

 Conclusions

This study highlights the value of multiparametric MRI, 
particularly ADC imaging, for automated PI-RADS classifi-
cation of prostate lesions. Among the evaluated approaches, 
combining radiomics and deep learning features provided 
the most robust performance, with consistent improvements 
when integrating multiple MRI sequences. While classifi-
cation of intermediate-risk lesions (PI-RADS 3) remains 
challenging, the proposed framework supports more objec-
tive and reproducible assessment. Overall, these findings 
reinforce the potential of AI-assisted analysis to enhance 
risk stratification and clinical decision-making in prostate 
cancer.

Appendix A

See Tables 8, 9, 10 and 11.
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Table 8  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 1 Across ADC Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.65 0.84 0.46 0.58 0.79 0.60 0.63 0.76 1.00 0.73 0.97
XGBoost 0.67 0.83 0.50 0.66 0.79 0.63 0.63 0.75 1.00 0.73 0.94
AdaBoost 0.67 0.84 0.57 0.66 0.75 0.63 0.77 0.81 1.00 0.53 0.97
Gradient Boosting 0.67 0.84 0.50 0.58 0.79 0.62 0.68 0.76 1.00 0.73 0.96
LightGBM 0.65 0.83 0.47 0.66 0.78 0.65 0.68 0.77 1.00 0.60 0.94
SVM 0.61 0.77 0.46 0.58 0.72 0.59 0.72 0.65 1.00 0.46 0.94
Ensemble 1 0.77 0.83 0.66 0.66 0.77 0.72 0.81 0.77 1.00 0.80 0.96
Ensemble 2 0.65 0.82 0.50 0.66 0.78 0.63 0.63 0.75 0.90 0.66 0.93
Ensemble 3 0.69 0.81 0.50 0.66 0.75 0.66 0.63 0.75 1.00 0.80 0.94
Ensemble 4 0.67 0.83 0.50 0.66 0.78 0.63 0.63 0.75 1.00 0.73 0.96

Table 9  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 1 Across DWI Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.63 0.78 0.37 0.25 0.70 0.58 0.77 0.67 0.91 0.73 0.97
XGBoost 0.59 0.72 0.37 0.25 0.63 0.54 0.77 0.63 0.90 0.60 0.89
AdaBoost 0.59 0.81 0.38 0.41 0.71 0.56 0.63 0.73 0.90 0.66 0.97
Gradient Boosting 0.57 0.74 0.30 0.25 0.61 0.53 0.68 0.63 0.90 0.66 0.97
LightGBM 0.49 0.70 0.20 0.16 0.59 0.46 0.63 0.59 0.88 0.53 0.93
SVM 0.63 0.72 0.00 0.00 0.61 0.56 0.95 0.61 0.90 0.66 0.95
Ensemble 1 0.59 0.77 0.00 0.00 0.66 0.54 0.90 0.70 0.90 0.60 0.93
Ensemble 2 0.63 0.75 0.66 0.16 0.67 0.56 0.95 0.64 0.88 0.53 0.93
Ensemble 3 0.61 0.74 0.44 0.33 0.65 0.56 0.77 0.66 0.90 0.60 0.91
Ensemble 4 0.63 0.78 0.45 0.41 0.71 0.59 0.72 0.67 0.90 0.66 0.96

Table 10  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 1 Across T2W Images
Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC
RF 0.61 0.73 0.00 0.00 0.61 0.54 0.77 0.61 0.86 0.86 0.96
XGBoost 0.57 0.68 0.16 0.20 0.50 0.51 0.63 0.60 0.85 0.80 0.93
AdaBoost 0.61 0.80 0.37 0.25 0.71 0.57 0.72 0.73 0.84 0.73 0.93
Gradient Boosting 0.59 0.67 0.16 0.08 0.47 0.53 0.68 0.59 0.86 0.86 0.96
LightGBM 0.61 0.67 0.33 0.16 0.48 0.55 0.72 0.57 0.85 0.80 0.96
SVM 0.63 0.73 0.00 0.00 0.63 0.55 0.95 0.60 0.90 0.66 0.96
Ensemble 1 0.63 0.72 0.00 0.00 0.58 0.55 0.90 0.65 0.84 0.73 0.93
Ensemble 2 0.46 0.70 0.23 0.33 0.53 0.47 0.50 0.63 0.88 0.53 0.95
Ensemble 3 0.57 0.69 0.00 0.00 0.53 0.51 0.77 0.58 0.84 0.73 0.96
Ensemble 4 0.63 0.72 0.33 0.16 0.61 0.57 0.72 0.61 0.86 0.86 0.96

Table 11  Performance of PI-RADS Classification Models of Approach 1, Using PyRadiomics Feature Set 1 Across Combined Features of ADC, 
DWI, and T2W Images

Acc. AUC. PI-RADS 3 PI-RADS 4 PI-RADS 5
Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.65 0.83 0.47 0.66 0.76 0.63 0.54 0.74 0.92 0.80 0.98
XGBoost 0.65 0.81 0.47 0.66 0.74 0.63 0.54 0.71 0.92 0.80 0.97
AdaBoost 0.59 0.80 0.35 0.41 0.74 0.56 0.63 0.67 1.00 0.66 0.98
Gradient Boosting 0.65 0.81 0.47 0.66 0.76 0.63 0.54 0.70 0.92 0.80 0.98
LightGBM 0.59 0.78 0.43 0.58 0.72 0.54 0.54 0.67 0.90 0.66 0.95
SVM 0.53 0.74 0.14 0.08 0.70 0.48 0.72 0.58 1.00 0.60 0.95
Ensemble 1 0.65 0.84 0.53 0.66 0.81 0.60 0.63 0.73 0.90 0.66 0.97
Ensemble 2 0.51 0.73 0.28 0.33 0.67 0.48 0.54 0.58 0.90 0.60 0.93
Ensemble 3 0.69 0.81 0.53 0.66 0.79 0.66 0.63 0.70 0.92 0.80 0.94
Ensemble 4 0.63 0.83 0.44 0.66 0.78 0.61 0.50 0.73 0.92 0.80 0.97
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Appendix B

See Table 12,
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