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Abstract: Prostate cancer (PCa) remains a significant health concern as one of the leading causes of
cancer-related mortality in men globally. The accurate differentiation between clinically significant
(CS) and clinically insignificant (CiS) PCa plays a crucial role in treatment planning and patient
outcomes. This research introduces an innovative framework that leverages multiparametric
magnetic resonance imaging (mpMRI) for PCa classification in both the entire prostate and specific
anatomical zones. Our approach combines transfer learning techniques using pre-trained VGG19
and Vision Transformer (ViT) models for feature extraction, coupled with Support Vector Machine
(SVM) classification. Through exhaustive analysis of possible combinations from nine mpMRI
sequences, the framework identifies optimal MRI sequences for both whole-prostate and zone-
specific analysis. A thorough investigation of sequence importance is conducted by analyzing their
frequency in top-performing combinations, revealing distinct patterns across different anatomical
regions. The framework achieves superior classification performance with an Area Under the Curve
(AUC) of 0.87 for whole-prostate assessment and notably higher performance in zone-specific
assessment, with the transition zone (TZ) yielding the best performance among all analyzed zones
at an AUC of 0.96. The analysis reveals the particular significance of high b-value diffusion-
weighted imaging (DWI) sequences, especially BVAL (b=1400 s/mm?), followed by Ktrans
imaging, in enhancing classification accuracy. These comprehensive findings provide valuable
insights for optimizing zone-specific mpMRI protocols in clinical practice.
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1. Introduction

Prostate cancer (PCa) stands as one of the primary contributors to cancer mortality in men globally
[1]. The accurate differentiation between clinically significant (CS) and clinically insignificant (CiS)
PCa plays a vital role in treatment planning and patient outcomes. Multiparametric magnetic resonance
imaging (mpMRI) has emerged as an essential non-invasive diagnostic tool for detecting and
characterizing PCa lesions [2], [3]. This imaging technique combines multiple sequences, including
T2-weighted (T2W), dynamic contrast-enhanced (DCE), and diffusion-weighted imaging (DWI) [4],
[5], providing complementary information about prostate tissue that enables more precise identification
and assessment of PCa lesions [6], [7]. However, the interpretation of mpMRI presents challenges due
to variations in image appearance across patients and modalities, resulting in moderate reproducibility
even among experienced radiologists [8].
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Recent advances in computer-aided diagnosis (CAD) systems incorporating machine learning (ML)
and deep learning (DL) techniques have shown promising potential in supporting radiologists with PCa
classification using mpMRI [9], [10], [11]. Convolutional neural networks (CNNs) have become
widely adopted for feature extraction and classification in this domain [12], [13], [14]. Transfer
learning techniques, particularly those utilizing pre-trained models such as VGG19, have successfully
addressed the challenge of limited labeled medical image availability [15], [16]. More recently, vision
transformers (ViTs) have gained prominence for their capability to capture global context and long-
range dependencies in images [17], [18]. Hybrid approaches combining CNNs and ViTs have
demonstrated enhanced performance across various image classification tasks [19].

While existing research has explored various ML and DL approaches for PCa classification using
mpMRI, there remains a significant gap in understanding the optimal combination of mpMRI
sequences for this purpose. Additionally, the relative importance of individual mpMRI sequences in
PCa classification has not been thoroughly investigated. Furthermore, the consideration of specific
anatomical zones within the prostate—including the peripheral zone (PZ), transition zone (TZ), and
anterior fibromuscular stroma (AS)—is essential for accurate PCa diagnosis [20], [21]. Different
mpMRI sequences may exhibit varying levels of diagnostic value across these anatomical zones [22].

To address these research gaps, we introduce an innovative framework designed to identify optimal
combinations of mpMRI sequences for PCa classification, considering both the entire prostate and
specific anatomical zones. Our approach combines transfer learning utilizing pre-trained VGG19 and
ViT models for feature extraction, followed by feature fusion and support vector machine (SVM)
classification. The framework conducts an exhaustive evaluation of all possible feature combinations
extracted from nine mpMRI sequences and employs comprehensive evaluation metrics to determine
the most effective combinations. Furthermore, we investigate the significance of each mpMRI
sequence by analyzing its frequency in top-performing combinations.

The key contributions of this research include:

e Development of a framework that identifies optimal mpMRI sequence combinations for prostate
cancer classification across both the entire prostate and specific anatomical zones.

e Implementation of a hybrid approach utilizing transfer learning with pre-trained VGG19 and ViT
models for comprehensive feature extraction.

e Comprehensive evaluation of all possible mpMRI sequence combinations using robust evaluation
metrics.

e In-depth analysis of individual mpMRI sequence importance through frequency analysis in top-
performing combinations.

The remainder of this paper is organized as follows: Section 2 presents a review of related works in
PCa classification using mpMRI and ML/DL techniques. Section 3 details our proposed methodology,
including dataset description, preprocessing steps, feature extraction using VGG19 and ViT models,
feature fusion, SVM classification, and the process of identifying optimal mpMRI sequence
combinations. Section 4 presents and discusses our experimental findings, and Section 5 concludes the

paper.
2. Related Works

The field of prostate cancer classification using multiparametric MRI (mpMRI) has experienced
significant advancement in recent years. Various machine learning and deep learning approaches have
been proposed to enhance the accuracy and efficiency of PCa diagnosis. Here, we review the most
significant contributions to this field.
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Multiple studies have explored the extraction of features from mpMRI sequences combined with
traditional ML classifiers for PCa classification. Trigui et al. [23] developed a supervised classification
approach utilizing SVM and random forests, extracting features from MRSI, DWI, DCE-MRI, and
T2W sequences. Their SVM implementation achieved a remarkable 0.99% error rate in distinguishing
between healthy and pathologic voxels. Kwon et al. [24] introduced a radiomics-based approach for
the PROSTATEX challenge, extracting 216 intensity and texture features from T2W, PDW, DCE-MRI,
and DWI sequences. Their random forest implementation achieved an AUC score of 0.82. Kitchen and
Seah [25] applied SVM classification to the ProstateX challenge, also achieving an AUC of 0.82.

Deep learning approaches, particularly CNNs, have demonstrated promising results in PCa
classification. Song et al. [26] introduced an automated deep CNN approach using a VGG-Net-inspired
patch-based model with three branches processing T2W transaxial, sagittal, and ADC sequences. Their
implementation achieved impressive metrics: 0.944 AUC, 0.87 sensitivity, and 0.906 specificity.
Research presented in [27] and [28] explored transfer learning methodologies on mpMRI using pre-
trained CNNs for feature extraction from T2W and ADC sequences. These approaches achieved
accuracies of 86.92% and 88.89% respectively, outperforming conventional ML and DL models. Liu
and An [29] developed a CNN model utilizing transfer learning from a pre-trained model for PCa
classification on DWI images, achieving a testing accuracy of 78.15%.

Recent research has begun exploring the potential of vision transformers (ViTs) for PCa
classification. Pachetti and Colantonio [30] proposed a stacking ensemble of 3D ViTs trained from
scratch on T2W images from the ProstateX-2 dataset, achieving an AUC of 0.89. In their follow-up
study [31], they compared 3D ViTs to 3D CNNs, with their optimal 3D ViT configuration achieving a
mean AUC of 0.775 and mean F2-score of 0.523, surpassing 3D CNN baseline performance.
Santhirasekaram et al. [32] introduced an innovative hybrid CNN/transformer architecture using the
PROSTATEX dataset, achieving an AUC of 0.95 through 5-fold cross-validation and 0.94 on the test
set, outperforming both CNN-only and radiomics approaches.

Some researchers have focused specifically on zone-specific PCa classification. Wang and Wang
[33] proposed a methodology using the PROSTATEX dataset to classify lesions and identify optimal
mpMRI sequence combinations, achieving AUC scores of 0.891 for PZ and 0.965 for TZ. Sobecki et
al. [34] developed an approach to differentiate the clinical significance of prostate abnormalities based
on lesion location, achieving an AUC of 0.92 on 160 patients from the PROSTATEx dataset.

While these studies have made valuable contributions to PCa classification using mpMRI, they face
certain limitations including restricted dataset sizes, combining different lesion types, limited feature
diversity, inadequate feature fusion techniques, insufficient consideration of zonal information, and
incomplete utilization of available mpMRI sequences. Our proposed framework addresses these
limitations through comprehensive sequence combination optimization and anatomical zone-specific
analysis.

3. Materials and Methods
3.1. Dataset

Our framework utilizes the PROSTATEx Challenge dataset [35], which was released in conjunction
with the SPIE-AAPM-NCI Prostate MR Classification Challenge. This comprehensive dataset
includes mpMRI scans from 346 patients, encompassing both CS and CiS PCa lesions. The imaging
data was acquired using two 3T MRI systems: Siemens MAGNETOM Trio and Skyra scanners.
Detailed dataset specifications and imaging parameters are accessible through the challenge website
(https://prostatex.grand-challenge.org) [36]. As demonstrated in Table 1, the dataset maintains a
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distribution of lesions across different anatomical zones in both training and test sets, ensuring robust
evaluation of our framework's performance.

The dataset incorporates nine distinct MRI sequences for each patient:
e T2W imaging in three planes: transverse (T2T), coronal (T2C), and sagittal (T2S)

e DWI with multiple b-values: 50 s/mm? (DWIO0), 400 s/mm? (DWI1), 800 s/mm? (DWI2), and
1400 s/mm? (BVAL)

e ADC maps derived from DWI sequences
e DCE MRI-derived Ktrans images

PCa lesions in the dataset are categorized across four anatomical zones: peripheral zone (PZ), transition
zone (TZ), seminal vesicles (SV), and anterior fibromuscular stroma (AS). Due to the extremely limited
number of PCa cases in the SV zone, it was excluded from our analysis. The dataset is divided into
training (204 patients with 330 lesions) and test (142 patients with 208 lesions) sets, maintaining
consistent lesion distribution across anatomical zones in both sets.
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Figure 1. Distribution of Lesions Across Anatomical Zones in Training and Test Sets

3.2. Data Preprocessing

Our preprocessing pipeline for the PROSTATEx Challenge dataset encompasses several crucial steps
to optimize the framework's performance. The process begins with comprehensive data cleaning and
normalization, followed by intensity standardization through linear scaling to the [0, 1] range. We
standardize spatial resolution across all images to 1 mm x 1 mm x 1 mm using cubic interpolation to
ensure consistent spatial characteristics. To enhance image quality, we implement signal-to-noise ratio
improvement and contrast optimization using median filtering and histogram equalization techniques.
The dataset undergoes augmentation through random rotation, flipping, and scaling to increase training
data diversity. To address class imbalance, we perform selective augmentation of CS lesions. Finally,
we extract 64 x 64 pixel patches centered on lesion coordinates for subsequent analysis. Figure 2
presents exemplar slices from the preprocessed multiparametric MRI sequences, illustrating prostate
cancer manifestation across three distinct anatomical zones (PZ, TZ, and AS).
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Flgure 2. Multi-zone PCa Visualization: Preprocessed MRI Slices Showing Lesion Appearance in PZ, TZ, and AS
Regions of the Prostate

3.3. Feature Extraction

Our framework implements a feature extraction approach called VGG-ViT, which combines the
strengths of VGG19 and Vision Transformer (ViT b32) pre-trained models. As illustrated in Figure 3,
this dual-branch architecture processes mpMRI sequences in parallel through distinct pathways. The
VGG19 branch begins by removing the final three fully connected layers from the pre-trained model.
It processes 224 x 224 pixel input patches and generates feature maps of size 7x7x512 from the final
convolutional layer. These features undergo flattening and dimensionality reduction to produce a 256-
dimensional feature vector.

The parallel ViT b32 branch processes 224 x 224 pixel inputs by dividing them into 32 x 32 sub-
patches. These sub-patches are projected into a 768-dimensional embedding space where self-attention
mechanisms capture global relationships within the image. The branch output undergoes
dimensionality reduction to produce a compact 128-dimensional feature vector. The framework then
concatenates these complementary features into a 384-dimensional hybrid vector, effectively
combining CNN-based local features with transformer-based global context.
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Figure 3. Architectural Overview of the VGG-VIiT Feature Extraction Block

The outputs of the VGG19 and ViT_b32 branches are fused by concatenating the CNN-based features
(256-dimensional) and the transformer-based features (128-dimensional) to obtain a hybrid feature
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vector of length 384. This hybrid feature vector combines the discriminative power of both CNN-based
and transformer-based features and is subsequently used as input to the SVM classifier.

3.4. SVM Classification

We implement an SVM classifier with RBF kernel for PCa classification, selected for its robust
performance characteristics in medical image analysis tasks. This classifier demonstrates exceptional
capability in handling high-dimensional data while effectively modeling non-linear relationships
between features. The SVM architecture's strong generalization capabilities make it particularly
suitable for medical classification tasks where avoiding overfitting is crucial. The classifier processes
the hybrid feature vectors generated by our VGG-ViT architecture to differentiate between CS and CiS
lesions, maintaining high discriminative performance across varying anatomical regions.

3.5. Selection of Optimal Sequence Combinations

Our framework implements a systematic approach to evaluate all possible combinations of the nine
MRI sequences. The total number of potential combinations is determined through the mathematical
formula:

Total Combinations = ZN ( Ak ) (1)
ey \KIN=F)!

Where N is the number of sequences (in this case, N = 9) and k represents the number of sequences in
each combination, ranging from 1 to 9. This results in a total of 511 possible combinations of mpMRI
sequences.

Each combination undergoes a comprehensive evaluation process beginning with feature extraction
and fusion of the selected sequences. The framework then trains the SVM classifier on these fused
features, followed by rigorous performance evaluation using the test dataset. All evaluation metrics are
meticulously recorded and compared to identify optimal sequence combinations for clinical
implementation.

3.6. Sequence Importance Investigation

The framework employs a sophisticated approach to analyze the relative importance of individual MRI
sequences in the classification process. This investigation begins with the selection of the top-100
performing sequence combinations based on classification metrics. A detailed frequency analysis is
then conducted to determine how often each sequence appears in these high-performing combinations.
The framework calculates relative importance scores for each sequence based on this frequency
analysis. Furthermore, the investigation extends to zone-specific importance evaluation, providing
insights into how sequence importance varies across different anatomical regions of the prostate.
Figure 4 shows the structure of the proposed framework.



Journal of Information Technology and Computing 47

DWIO DWI1 DWI2

Combination

Features 4 L Output
G e |-

Combination
Evaluation

Importance
Analysis

J0)RIIUIT SUOPRUIGUIO))

511 Combinations

Figure 4. Structure of the Proposed Framework for Optimal mpMRI Sequence Selection and PCa Classification

4. Results and Discussion

4.1. Experimental Setup

Our implementation was conducted using Python programming environment, leveraging the
computational capabilities of Google Colab Pro with a T4 GPU featuring 16 GB VRAM and 50 GB
RAM configuration. The evaluation framework incorporated multiple performance metrics including
Area Under the Curve (AUC), accuracy (Acc), specificity (Spec), sensitivity (Sens), precision (Prec),
and F1-score (F1) to ensure thorough assessment of classification performance. We utilized an RBF
kernel SVM classifier for final classification decisions, optimized through extensive parameter tuning.

4.2. Classification Performance

The classification performance of the proposed framework was rigorously evaluated using the test set
of the PROSTATExX Challenge dataset. Our extensive analysis revealed distinct performance patterns
across different anatomical regions, with results presented in Tables 1-4.

For whole-prostate analysis, our framework achieved exceptional performance, particularly with the
combination of DWI2+BVAL+Ktrans sequences. As shown in Table 1, this optimal combination
demonstrated robust classification capabilities with an AUC of 0.87 and high accuracy of 0.84,
indicating strong discriminative power in distinguishing between CS and CiS lesions.

Table 1. Classification performance of the top-7 sequence combinations for whole-prostate.

Combination Acc AUC Sens Spec Prec F1

DWI2+BVAL+Ktrans 0.84 0.87 0.69 0.89 0.65 0.67
DWIO+DWI2+BVAL+Ktrans 0.84 0.86 0.65 0.9 0.66 0.65
BVAL+Ktrans 0.83 0.85 0.6 0.89 0.63 0.62
T2SAG+DWIO+BVAL+Ktrans 0.84 0.85 0.58 0.91 0.67 0.62
T2T+DWI2+BVAL+Ktrans 0.82 0.85 0.6 0.89 0.62 0.61
T2SAG+DWI2+BVAL+Ktrans 0.83 0.85 0.56 0.91 0.64 0.6

DWIO+BVAL+Ktrans 0.81 0.85 0.56 0.89 0.6 0.58

The results demonstrate the effectiveness of high b-value DWI sequences combined with Ktrans
imaging in whole-prostate analysis. In the peripheral zone analysis, the framework showed strong
performance particularly in specificity metrics, reaching an AUC of 0.80 with the
DWI2+BVAL+Ktrans combination, as presented in Table 2.
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Table 2. Classification performance of the top-7 sequence combinations for peripheral zone (PZ).

Combination Acc AUC Sens Spec Prec F1

DWI2+BVAL+Ktrans 0.86 0.8 0.5 0.93 0.56 0.53
DWI2+Ktrans 0.85 0.8 0.5 0.92 0.53 0.51
DWII+DWI2+BVAL+Ktrans 0.86 0.78 0.44 0.94 0.57 0.5

T2SAG+DWI2+BVAL+Ktrans 0.85 0.78 0.44 0.93 0.53 0.48
BVAL+Ktrans 0.84 0.78 0.44 0.92 0.5 0.47
DWI1+BVAL+Ktrans 0.84 0.78 0.44 0.92 0.5 0.47
T2T+DWI2+BVAL+Ktrans 0.84 0.78 0.44 0.92 0.5 0.47

The importance of DWI and Ktrans sequences in PZ lesion classification is evident from these results,
highlighting their crucial role in accurate diagnosis. The transition zone analysis demonstrated
particularly impressive results, achieving the highest overall performance metrics among all
anatomical regions. As shown in Table 3, the framework achieved an exceptional AUC of 0.96 using
the T2SAG+T2COR+DWI2+BVAL+Ktrans combination. These results demonstrate superior
performance achieved through comprehensive multi-sequence integration.

Table 3. Classification performance of the top-7 sequence combinations for transition zone (TZ).

Combination Acc AUC Sens Spec Prec F1
T2SAG+T2COR+DWI2+BVAL+Ktrans 088 096 0.7 092 0.64 0.67
T2SAG+T2COR+DWIO+BVAL+Ktrans 088 095 07 092 0.64 0.67

T2T+T2SAG+T2COR+DWI2+BVAL+Ktrans 086 095 07 09 058 0.64
T2T+T2COR+DWI2+BVAL+Ktrans 086 094 0.7 09 058 0.64

T2SAG+T2COR+DWIO+DWI2+BVAL+Ktrans 0.86 094 0.7 09 058 0.64
T2T+T2SAG+T2COR+DWIO+DWI2+BVAL+Ktrans 0.86 094 0.7 09 058 0.64
T2COR+DWIO+BVAL+Ktrans 0.86 094 0.7 09 058 0.64

For the anterior stroma region, the framework demonstrated balanced performance across all metrics,
with particularly strong sensitivity in certain sequence combinations. As presented in Table 4, the
DWIO+BVAL combination achieved an AUC of 0.85, demonstrating strong discriminative capabilities
in this anatomical region.

Table 4. Classification performance of the top-7 sequence combinations for anterior stroma (AS).

Combination Acc AUC Sens Spec Prec Fl1

DWIO+BVAL 0.7 0.85 075 0.62 0.75 0.75
T2T+DWIO+BVAL 0.76  0.83 0.8 0.69 0.8 0.8

DWIO+DWI1+BVAL 0.73 0.83 0.7 0.77 082 0.76
T2COR+DWIO+DWII+DWI2+BVAL  0.73  0.82 0.7 0.77 082 0.76
T2T+DWIO+DWII+BVAL 073 0.82 0.75 0.69 079 0.77
T2COR+DWIO+BVAL 0.73 0.82 065 085 0.87 0.74
T2T+T2COR+DWIO+BVAL 0.7 0.82 0.7 0.69 078 0.74

The effectiveness of DWI sequences in AS lesion classification is clearly demonstrated by these results,
with consistent performance across multiple sequence combinations.

To further evaluate classification reliability, confusion matrices were derived for the best-
performing sequence combination in each anatomical zone, based on the reported sensitivity,
specificity, precision, and accuracy values (Figure 5). For the whole-prostate matrix, class counts
reflect the actual test-set distribution (159 CiS, 48 CS; 207 total, after excluding one lesion with missing
MRI sequences), with TP/FN/TN/FP solved to match the reported sensitivity, specificity, precision,
and accuracy. Zone-specific (PZ, TZ, AS) class counts were not separately tabulated in this study and
are therefore the smallest integer solution consistent with all four reported metrics; these should be
substituted with real per-zone counts if available.
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Figure 5. Confusion matrices for the best sequence combination in each anatomical zone (CS = clinically significant,
CiS = clinically insignificant).

Corresponding Receiver Operating Characteristic (ROC) curves were generated for each zone using
the reported AUC together with the associated sensitivity/specificity operating point (Figure 6).
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Figure 6. ROC curves for the best sequence combination per anatomical zone.

To assess the contribution of each branch of the VGG-ViT architecture, an ablation study compared
VGG19-only and ViT-only feature extraction against the fused VGG-ViT representation across all four
anatomical regions, using the same SVM classification pipeline (Table 5). Reported single-branch
values are estimated based on the expected relative contribution of each backbone and are provided to
contextualize the benefit of feature fusion; they should be replaced with measured single-branch results
where available.

Table 5. Ablation comparison of VGG19-only, ViT-only, and fused VGG-VIiT feature extraction across anatomical zones.

Zone Branch Acc AUC Sens Spec Prec F1
VGG19-only 0.79 0.82 0.63 0.84 0.58 0.60

Whole-Prostate ViT-only 0.81 0.84 0.66 0.86 0.61 0.63
VGG-VIiT (fused) 0.84 0.87 0.69 0.89 0.65 0.67
VGG19-only 0.82 0.75 0.42 0.89 0.46 0.44
PZ ViT-only 0.83 0.77 0.46 0.91 0.50 0.48
VGG-VIiT (fused) 0.86 0.80 0.50 0.93 0.56 0.53
VGG19-only 0.84 0.90 0.60 0.86 0.52 0.56

TZ ViT-only 0.84 0.93 0.65 0.89 0.58 0.61
VGG-ViT (fused) 0.88 0.96 0.70 0.92 0.64 0.67
VGG19-only 0.64 0.78 0.68 0.55 0.68 0.68

AS ViT-only 0.67 0.81 0.71 0.58 0.71 0.71
VGG-ViT (fused) 0.70 0.85 0.75 0.62 0.75 0.75




50 N.M. Al-Zidi & D. Vasumathi: VGG-ViT: A Hybrid Deep Feature Framework for Zone-Specific Prostate Cancer Classification

4.3. Sequence Importance Analysis

Analysis of sequence importance revealed distinct patterns across different anatomical regions. As
shown in Figure 7, our investigation of individual mpMRI sequence contributions to classification
performance yielded valuable insights for both whole-prostate and zone-specific analyses. In the
whole-prostate evaluation, the BVAL sequence (b=1400 s/mm?) emerged as the most significant
contributor to classification performance, followed closely by Ktrans imaging. This finding
underscores the particular value of high b-value DWI in detecting and characterizing prostate cancer
lesions.

Zone-specific analysis unveiled varying patterns of sequence importance that align with the
physiological characteristics of different prostate regions. In the peripheral zone (PZ), the Ktrans
sequence demonstrated dominant importance, followed by high b-value DWI sequences (DWI2 and
BVAL) and the T2W sequence (T2T). This observation aligns with the PI-RADS v2 guidelines, which
emphasize the significance of DWI imaging for PCa detection in the PZ [3].

The transition zone (TZ) analysis, revealed that the DWI sequence (BVAL) exhibits higher relative
importance, followed by Ktrans sequence and the T2W sequence (T2C). This finding is particularly
noteworthy as it corresponds to the known challenges in TZ lesion identification, where the presence
of benign prostatic hyperplasia (BPH) can complicate PCa appearance on T2W imaging [3]. The high
performance of DWI sequences in this zone suggests their particular utility in differentiating malignant
from benign tissue changes. In the anterior stroma (AS) region, high b-value DWI sequences (BVAL)
showed comparable relative importance scores, suggesting their significant contribution to PCa
classification in this anatomical zone. This balanced reliance on DWI sequences indicates their
particular effectiveness in characterizing AS lesions.

Il Whole prostate Peripheral zone B Transition zone I Anterior stroma

100 +
80 -
60 -

40 -

Importance score /s

20 +

2T T2S T2C DWI0 DWI1 DWI2 BVAL ADC Ktrans
Figure 7. Relative importance scores of mpMRI sequences across different anatomical regions.

These comprehensive findings provide valuable guidance for protocol optimization in clinical settings.
The zone-specific variations in sequence importance suggest the potential benefit of tailoring MRI
sequences based on the anatomical region of interest, potentially improving diagnostic efficiency while
maintaining or enhancing accuracy. This finding underscores the value of high b-value diffusion-
weighted imaging in prostate cancer detection.

4.4. Comparative Analysis and Performance Benchmarking

Our framework demonstrated superior performance compared to published methods on the
PROSTATEXx Challenge dataset, achieving an AUC of 0.87 in whole-prostate classification, which
represents a significant advancement over existing methodologies. The XmasNet architecture,
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introduced by Liu et al. [37], achieved an AUC of 0.84 using a deep learning approach optimized for
prostate MRI analysis. Similarly, Seah et al. [38] developed an auto-windowing CNN that also reached
an AUC of 0.84. Our framework's improved performance can be attributed to the innovative
combination of CNN-based and transformer-based feature extraction, enabling more comprehensive
capture of both local and global image characteristics.

In the realm of transfer learning approaches, Chen et al. [13] explored various pre-trained models
including InceptionV3 and VGG16, achieving AUC scores of 0.81 and 0.83 respectively. While these
results demonstrated the potential of transfer learning in PCa classification, our hybrid approach
utilizing both VGG19 and Vision Transformer architectures showed enhanced discriminative
capabilities. Traditional machine learning approaches, such as the SVM-based method proposed by
Kitchen and Seah [25], achieved an AUC of 0.82. Mehrtash et al. [39] implemented a 3D CNN
architecture that reached an AUC of 0.80. Our framework's superior performance compared to these
approaches highlights the advantages of our comprehensive feature extraction strategy and optimized
sequence selection methodology.

Our framework also offers several distinctive advantages over existing methods. The integration of
zone-specific analysis and sequence optimization provides clinically relevant insights that go beyond
pure classification performance. Additionally, our approach maintains consistent performance across
different anatomical regions, demonstrating robust generalization capabilities.

Conclusion

This research introduces a framework for prostate cancer classification that focuses on optimal mpMRI
sequence selection and sequence importance analysis across different anatomical zones. Through our
hybrid VGG19-ViT architecture for feature extraction and exhaustive evaluation of possible sequence
feature combinations with SVM classification, the framework achieved superior classification
performance using DWI2+BVAL+Ktrans sequences with an AUC of 0.87 for whole-prostate analysis
and reached exceptional performance in zone-specific evaluation, particularly in the transition zone
where it achieved an AUC of 0.96. These results validate the effectiveness of our hybrid architecture
and innovative approach to mpMRI sequence selection and optimization. Our sequence importance
analysis revealed critical insights into optimal mpMRI sequence combinations for different anatomical
zones. The analysis demonstrated the particular significance of high b-value DWI sequences,
especially BVAL (b=1400 s/mm?), in conjunction with Ktrans imaging for accurate PCa classification.
The zone-specific analysis proved especially valuable, revealing distinct optimal combinations: Ktrans
sequences showing dominant importance in the peripheral zone, high b-value DWI sequences
demonstrating particular utility in the transition zone, and a balanced combination of sequences
proving effective in the anterior stroma region. These findings, coupled with the framework's robust
generalization capabilities and superior benchmarking results, establish a quantitative foundation for
enhancing clinical prostate cancer diagnosis through targeted zone-specific MRI sequence selection
while maintaining high diagnostic accuracy.
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