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Abstract

:

Prostate cancer (PCa) is a significant health concern for men worldwide, where early detection and effective diagnosis can be crucial for successful treatment. Multiparametric magnetic resonance imaging (mpMRI) has evolved into a significant imaging modality in this regard, which provides detailed images of the anatomy and tissue characteristics of the prostate gland. However, interpreting mpMRI images can be challenging for humans due to the wide range of appearances and features of PCa, which can be subtle and difficult to distinguish from normal prostate tissue. Deep learning (DL) approaches can be beneficial in this regard by automatically differentiating relevant features and providing an automated diagnosis of PCa. DL models can assist the existing clinical decision support system by saving a physician’s time in localizing regions of interest (ROIs) and help in providing better patient care. In this paper, contemporary DL models are used to create a pipeline for the segmentation and classification of mpMRI images. Our DL approach follows two steps: a U-Net architecture for segmenting ROI in the first stage and a long short-term memory (LSTM) network for classifying the ROI as either cancerous or non-cancerous. We trained our DL models on the I2CVB (Initiative for Collaborative Computer Vision Benchmarking) dataset and conducted a thorough comparison with our experimental setup. Our proposed DL approach, with simpler architectures and training strategy using a single dataset, outperforms existing techniques in the literature. Results demonstrate that the proposed approach can detect PCa disease with high precision and also has a high potential to improve clinical assessment.
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1. Introduction


Prostate cancer (PCa) is the most commonly diagnosed male malignancy, with over 1.4 million new cases and 375,000 deaths in 2020 alone [1]. It is ranked as the fifth leading cause of death due to cancer in men and the most frequently diagnosed cancer in over 50% of countries, worldwide. PCa starts in the small walnut-shaped prostate gland below the bladder and in front of the rectum. If not diagnosed in the early stages, the fatality rate of PCa can be significant, with a 20-year actuarial cumulative likelihood of death from prostate cancer [2]. Within clinical settings, the diagnosis of prostate cancer primarily relies on prostate-specific antigen (PSA) testing, prostate tissue biopsies, and CT/MRI scans. These clinical procedures demand significant time and expertise from radiologists, pathologists, and physicians, as they carefully observe and assign a grade or stage. Later, the treatment options are considered based on the stage, severity of cancer, and other factors. Unfortunately, the routine diagnostic process requires human intervention and results in variability in the outcomes, which may lead to delayed or wrong diagnosis.



Deep learning (DL) approaches are becoming popular in biomedical image analysis [3,4]. DL approaches are promising due to their potential to identify complex patterns and hidden representations in the data. DL models, such as deep neural networks (DNNs) have shown great potential in accurately detecting and classifying medical images, which can help improve the accuracy of diagnosis and treatment planning [4,5]. Computer-aided (CAD) systems using DL approaches can provide decision support to doctors by localizing regions of interest and saving their time in collecting second opinions [6,7]. However, developing effective DL models with high precision is complex, as it requires the availability of significant medical data and clinical labels. Among various imaging modalities, multiparametric magnetic resonance imaging (mpMRI) is widely utilized due to its high sensitivity in detecting PCa and its ability to offer superior anatomical imaging of the prostate gland [8,9]. This superiority stems from the advanced spatial and contrast resolution of mpMRI, surpassing that of other imaging techniques. This comprehensive imaging technique of mpMRI is a valuable source of data for DL models, as it provides detailed information about the size, location, and aggressiveness of tumors within the prostate gland and surrounding tissues. This information is helpful in guiding treatment decisions and improving outcomes for patients. DNNs have already been developed to segment and classify PCa using other imaging modalities (i.e., histopathology) [10,11]; unfortunately, preparing histological medical images is expensive and time-consuming. Moreover, the problems of stain variation and artifacts in histological images require additional steps in preprocessing [7]. DNN models can identify specific features in mpMRI images associated with PCa, such as tumor volume and location, and classify cancer with high precision. This will allow the development of CAD systems for the more precise localization and staging of PCa, as well as more personalized treatment plans based on the characteristics of cancer [12,13].



Figure 1 illustrates an overview of our proposed DL approach, which uses DL models to segment first and then classify the region-of-interest (ROI) for mpMRI images. In this work, we combine two DL models, (i) U-Net architecture for segmentation, and (ii) the long short-term memory (LSTM) model for classification to benefit from both models, providing a reliable CAD system with improved performance. The proposed pipeline leverages the power of convolutional and recurrent neural networks to capture intricate patterns and spatial dependencies, yielding promising results and improving clinical decision support. Our training strategy uses data augmentation and transfer learning techniques to overcome the limitation of labeled data and provides high precision. Furthermore, we compare the results against using only recurrent neural network (RNN), ResNet-50 DNN and existing methods in literature, where the proposed approach outperforms others, underscoring effectiveness in the classification and segmentation of PCa.



The remainder of the paper is organized as follows: Section 2 presented related work on DL models (U-Net and LSTM) for CAD systems on PCa diagnosis. Section 3 details the method of building the pipeline, training setup, and the dataset used for training. We provide results and discuss them in Section 4. We conclude in Section 5 and finally provide limitations and future direction for this work in Section 6.




2. Related Work


The increasing use of artificial intelligence (AI) technologies in healthcare has led to the development of a predictive CAD system for PCa diagnosis. The mpMRI images are a popular modality for DL approaches due to their non-invasive collection method [9,14,15,16,17]. With the combination of mpMRI and AI technologies, CAD systems can provide clinicians with accurate and timely PCa diagnosis for improved patient care [3].



Brosch et al. [18] proposed a DL-based boundary detection and segmentation for prostate in MRI images. Their approach achieved a Dice similarity coefficient (DSC) and a mean absolute distance of 0.89 and 1.4 mm, respectively. Litjens et al. [19] developed a CAD system using MRI images for screening purposes. Their system achieved a sensitivity of 69% and a specificity of 83%. In a similar way, Zhang et al. [13] achieved an accuracy of 82.5% in detecting PCa in their CAD system. Through their methodology, they were able to achieve an average DSC of 0.76 in accurately segmenting prostate lesions. Aldoj et al. [20] used a DenseNet-like U-net architecture to perform prostate zonal segmentation from MRI images automatically and obtained an overall DSC of 0.92 in their limited dataset. Leveraging cost-sensitive support vector machines ( and conditional random fields to refine segmentations, Artan et al. [21] proposed a CAD system for PCa localization on multi-spectral MRI. Their approach achieved a sensitivity of 88.9% and specificity of 92.2% for cancer detection and an average DSC of 0.82. Similarly, Peng et al. [14] designed a CAD system for PCa detection and differentiation from normal tissue using mpMRI, achieving an AUC of 0.85 for distinguishing cancer from normal tissue.



Karimi et al. [22] proposed a prostate segmentation method using a custom convolutional neural network (CNN) architecture and a training strategy based on statistical shape models achieving an average DSC of 0.895. In a similar CNN-based approach, Tian et al. [23] also proposed PSNet, for MRI prostate segmentation. Their proposed method achieved an average DSC of 0.94 and an average Hausdorff distance of 4.16 mm on the test dataset. Liu et al. [5] proposed a method for prostate cancer segmentation using MRI; their method achieved an average DSC of 0.815 and 0.666 for segmenting the prostate and cancerous regions, respectively. For PCa grading, Abraham et al. [24] used VGG16 CNN with an ordinal classifier to perform Gleason scoring (GS). Cao et al. [9] proposed a multiclass CNN, FocalNet, for the simultaneous detection of prostate cancer lesions and prediction of their aggressiveness using GS. Benefiting from deep attention models, Duran et al. [25] proposed ProstAttention-Net for the segmentation of PCa by aggressiveness in MRI scans, achieving a DSC of 0.69. ProstAttention-Net achieved micro-precisions of 0.88 and 0.83 for high-risk and intermediate-risk cancer classification, respectively.



Leveraging the efficacy of transfer learning, Zhong et al. [15] proposed a model to classify PCa in mpMRI, achieving an accuracy of 87%, a sensitivity of 87%, and a specificity of 88%. Mehta et al. [16] developed a patient-level classification framework for PCa diagnosis using mpMRI and clinical features. Their system achieved an AUC of 0.89 for distinguishing cancer from benign tissue and 0.79 and 0.85 AUC for differentiating low-grade and high-grade cancer, respectively. Combining textural and morphological analysis, Zhang et al. [13] proposed a new approach for diagnosing PCa using MRI. Their approach achieved overall accuracy of 89.6%, sensitivity of 87.5%, and specificity of 90.8%.



Among works involving mpMRI, Mahapatra and Buhmann  [26] developed an active learning-based method for prostate MRI segmentation using visual saliency cues. The method achieved an average DSC of 0.807. Liu and Yetik [27] proposed an iterative normalization method to improve PCa localization with multispectral MRI, achieving a detection rate of 89.2% on a small dataset. Sun et al. [28] developed DL models for detecting and localizing clinically significant PCa in mpMRI. Their models reached an average AUC-ROC of 0.91 for the detection of clinically significant PCa. Later, Hasan et al. [29] created a fully automated and efficient deep features extraction algorithm that uses T2W-TSE and STIR MRI sequences to discriminate between pathological and healthy breast MRI scans. The obtained features were classified using the LSTM classifier. Recently, Detectron2, developed by Facebook AI Research (FAIR), gained popularity for object detection and instance segmentation applications. There are some works in the literature using Detectron2 for other cancer types. To the best of our knowledge, the literature that attends to automated PCa diagnosis is nearly non-existent, specifically using mpMRI images. It shows that DL researchers have been focused on using architectures like U-Net, CNNs, and specialized variants to address unique challenges in processing mpMRI images. It opens room for us to experiment and harvest the power of combining contemporary U-Net and LSTM architectures to obtain higher DSC for PCa classification using mpMRI images.




3. Materials and Methods


This section provides details about the dataset used for developing DL models, the preprocessing dataset, and integrating the DL pipeline (as shown in Figure 1). U-net is an important first step to accurately segment the prostate gland and cancerous lesions, generating a reliable feature map for classification. Later, LSTM uses the power of sequential dependence to classify the features. A different combination of U-net segmentation and LSTM classification has already been used in other medical imaging applications and has shown to be effective [30]. A graphical overview of the method used to develop DL models is illustrated in Figure 2.



3.1. Dataset


The Initiative for Collaborative Computer Vision Benchmarking (I2CVB) dataset provides annotated mpMRI images for developing CAD systems. The dataset includes data from two commercial scanners: a 1.5 Tesla General Electric (GE) scanner and a 3.0 Tesla Siemens scanner [31]. The modalities available in the dataset are T2-Weighted (T2-W) MRI, dynamic contrast enhanced (DCE) MRI, diffusion weighted imaging (DWI) MRI, magnetic resonance spectroscopic imaging (MRSI), and apparent diffusion coefficient (ADC) maps for data acquired with the Siemens scanner. The T2-W MRI, DCE MRI, and DWI MRI ADC are in DICOM format. This dataset contains expertly annotated data and provides ground truth on every image. The I2CVB dataset is an essential resource for researchers and clinicians working on the development of CAD systems for PCa diagnosis.




3.2. Preprocessing


The preprocessing of mpMRI images is vital for improving the classification performance of DL models by reducing image acquisition artifacts, standardizing images across a data set, and isolating relevant areas [7]. To mitigate the challenge posed by a small number of training samples, we partitioned the dataset, allocating 90% for the training subset and 10% for the validation subset. This division recognizes the critical role of data augmentation in the network’s development. We used data augmentation techniques, including generating new samples from existing ones by rotating, flipping, translating medical images, and adding noise to simulate imaging artifacts. Random elastic deformations were also used to train the segmentation network with a limited number of annotated images to enrich the model with acquisition invariance and robustness properties. By employing a coarse 3 × 3 grid, smooth deformations were generated through the utilization of random displacement vectors. To compute per-pixel displacements, bicubic interpolation was applied. These displacement vectors were sampled from a Gaussian distribution with a standard deviation of 10 pixels. Finally, the input images were resized to 256 × 256.




3.3. Segmentation


We used U-Net architecture originally proposed by Ronneberger et al. [32] as shown in Figure 3. UNet proved its effectiveness and superiority in segmenting various organs and tissues in medical images [12]. U-Net is appropriate for mpMRI image segmentation since it can handle images of varying sizes and resolutions, making it flexible in handling the different image qualities and resolutions in mpMRI images. U-Net has already proven its ability to segment several structures in a single pass [32], particularly useful for complex structures in mpMRI images. It can also be trained with a relatively small amount of annotated data, making it suitable for medical imaging applications, where obtaining large amounts of annotated data is difficult.



The U-Net architecture consists of a contracting path and an expansive path, where the former comprises convolutional layers that reduce the input image’s spatial resolution and extract high-level features. The latter contains up-convolutional layers that increase the spatial resolution and generate the segmentation map. To refine the segmentation in the expansive path, U-Net utilizes skip connections that enable the model to use low-level features from the contracting path. This feature overcomes the issue of spatial information loss in traditional CNNs. The contracting path of the network adheres to a standard convolutional architecture, where a series of two 3 × 3 convolutions, ReLU activation, and 2 × 2 max pooling operations are repetitively applied. On the other hand, the expansive path involves up-sampling the feature map, followed by a 2 × 2 convolution, concatenation with a cropped feature map from the contracting path, and two additional 3 × 3 convolutions. To map each 64-component feature vector to the desired number of classes, a final layer employs a 1 × 1 convolution. The entire network encompasses a total of 23 convolutional layers. It is essential to consider the input tile size in order to achieve seamless tiling of the output segmentation map, ensuring that all 2 × 2 max-pooling operations are applied to layers with even x and y sizes.



Mathematically, the energy function in the U-Net architecture is computed by a pixel-wise softmax over the final feature map combined with the cross-entropy loss function. The energy function can be defined as


  E =  ∑  x ∈ Ω   ω  ( x )  log  (  p l   ( x )  )   



(1)







Let  Ω  represent the set of all pixel positions. Each pixel position x is assigned a weight   ω ( x )   to ensure the contribution of each pixel is appropriately balanced in the loss function. Additionally,    p l   ( x )    denotes the predicted probability of pixel x belonging to the foreground class. The calculation of    p l   ( x )    involves applying a pixel-wise softmax operation over the final feature map, combined with the utilization of the cross-entropy loss function, with log referring to the natural logarithm.



The predicted probability    p l   ( x )    is calculated using a pixel-wise softmax over the final feature map combined with the cross-entropy loss function. The softmax is defined as


   p k   ( x )  =   e x p (  a k   ( x )  )    ∑   k ′  = 1  K  e x p  (  a  k ′    ( x )  )     



(2)







Let    a k   ( x )    represent the activation in feature channel k at the pixel position   x ∈ Ω   with   Ω ⊂  Z 2   . The parameter K signifies the number of classes, and    p k   ( x )    denotes the approximated maximum function. In other words,    p k   ( x )  ≈ 1   for the value of K, which corresponds to the maximum activation    a k   ( x )    and    p k   ( x )  ≈ 0  , while it is approximately equal to 0 for all other k values.



The weight map   ω ( x )   is computed as


  ω  ( x )  =  ω c   ( x )  +  ω 0  ∗ e x p  ( −   (  d 1   ( x )  +  d 2   ( x )  )  2  /  ( 2  σ 2  )  )   



(3)




  ω c   represents the weight map utilized to balance class frequencies. The distance to the border of the nearest cell is denoted as   d 1  , while   d 2   refers to the distance to the border of the second nearest cell. The parameter  σ  controls the width of the Gaussian function. Prior to segmentation, the weight map is computed for each ground truth segmentation. This weight map aids in achieving balanced activation across the network, thereby improving performance. It is crucial to appropriately set the initial weights to prevent certain parts of the network from exhibiting excessive activation while others remain dormant. To address this, the initial weights are drawn from a Gaussian distribution with a standard deviation of    2 / N   , where N represents the number of incoming nodes for a single neuron.




3.4. Classification


For classification, we used the LSTM network originally proposed by Staudemeyer et al. [33] (as shown in Figure 4). LSTM is a powerful DL technique for processing sequential data and has been successfully applied in medical image analysis. LSTM is an advanced type of RNN for sequence modeling and time series analysis. LSTM has several advantages, such as its ability to handle variable-length sequences, its capacity to capture long-term dependencies, and its potential for generalization on new sequences. mpMRI data can be organized as a sequence of measurements taken at various time points. The LSTM model learns to identify patterns and relationships between the data points over time and can be trained on a dataset of labeled examples.



The strength of the LSTM architecture is the use of memory cells and gates to control the flow of information through the network, which allows them to better capture long-term dependencies in sequential data. The LSTM architecture comprises several components, including a cell state, an input gate, an output gate, and a forget gate. The cell state acts as the network’s memory and is passed from one-time step to the next. The input gate regulates the influx of information into the cell state, while the output gate controls the outflow of information. The forget gate manages the removal of unnecessary information from the cell state. Let us denote   x t   as the input at time step t,   h  t − 1    as the hidden state at time step   t − 1  ,   i t   as the activation of the input gate,   f t   as the activation of the forget gate,   c  ′ t    as the activation of the cell state,   o t   as the activation of the output gate,   c  ′ t    as the cell state at time step t,   h t   as the hidden state at time step t,  σ  as the sigmoid function, ⊙ as the element-wise multiplication, and tanh as the hyperbolic tangent function. With these definitions in mind, we can state that the input gate determines the extent to which new input should be added to the cell state:


   i t  = σ  (  W  x i    x t  +  W  h i    h  t − 1   +  b i  )   



(4)







The forget gate determines how much the previous cell state should be forgotten:


   f t  = σ  (  W  x f    x t  +  W  h f    h  t − 1   +  b f  )   



(5)







The cell activation updates create a candidate new cell state that can be added to the current cell state based on the input gate


  c  ′ t  = tanh  (  W  x g    x t  +  W  h g    h  t − 1   +  b g  )   



(6)







The cell state is updated by forgetting the previous cells based on the forget gate and adding the new candidate cell state based on the input gate:


   c t  =  f t  ⊙  c  t − 1   +  i t  ⊙  g t   



(7)







The output gate determines how much of the current cell state should be output as the hidden state:


   o t  = σ  (  W  x o    x t  +  W  h o    h  t − 1   +  b o  )   



(8)







The hidden state is updated based on the current cell and output gates:


   h t  =  o t  ⊙ tanh  (  c t  )   



(9)







During training, the LSTM model adjusts its internal parameters to minimize the difference between the predicted and actual labels. Once trained, the LSTM model can predict the probability of cancer recurrence for new patients.




3.5. Implementation and Experimental Setup


We implemented the DL models using the Caffe framework. The hyperparametric search was performed and later fixed to a learning rate of 0.0003, early stopping of 10 epochs, and stochastic gradient descent (SGD) optimizer. As a consequence of utilizing unpadded convolutions, the resulting output image exhibits a slight reduction in size compared to the input image. To make the most of the GPU memory and reduce the burden of computation, large input tiles were utilized over a large batch size, which led to using a batch size of a single image. We also used a high momentum value of 0.99, which allowed the network to take into account a larger number of previously seen training samples when updating the parameters during optimization. The proposed DL pipeline overcomes the limitations of each DL model to benefit from both in a comprehensive manner. The training algorithm can be summarized in Algorithm 1.






	Algorithm 1 Training PCa detection from mpMRI.



	
	
Input: Input mpMRI images:   → X = (  x 1  ,  x 2  , … ,  x N  )  



	
Output: Segmented images   →  I S  =  (  I  S 1   ,  I  S 2   , … ,  I  S N   )    and Classification output   → C = (  C 1  ,  C 2  )  



	
   Initialize: Hyperparameters and set E epochs, data loader   → D = (  D  t r a i n   ,  D  v a l   )  , LSTM model and U-Net model with random weights.



	
   for   K = 1   to E do



	
      1: Sample the training data    I K  ∈  D  t r a i n    .



	
      2: Obtain    I  S K   ∈ U N E T  (  x k  )   .



	
      3: Calculate the DSC loss between   I  S K    and ground truth   I K  .



	
      4: Feed extracted features to the LSTM classifier.



	
      5: Calculate binary cross-entropy loss.



	
      6: Evaluate the model performance on   D  v a l    for PCa classification.



	
   end for



	
   return Optimal model weights














3.6. Evaluation Metrics


Evaluation criteria are essential in developing and deploying DL models to recognize their effectiveness in diagnosis. Let us assume   T N   as a true negative,   T P   as a true positive,   F P   as a false positive, and   F N   as a false negative. Then the metrics used to evaluate our proposed DL pipeline can be defined as follows:




	
Precision: Precision is the ratio of TP predictions to the total number of positive predictions. In other words, it measures how many predicted positive cases are positive. A high precision value indicates that the model has a low rate of false positives.



	
Recall: Recall, also referred to as sensitivity or true positive rate (TPR), quantifies the ratio of correctly predicted TP cases to the overall number of positive cases. Essentially, it evaluates the accuracy of identifying actual positive cases as positive. In the context of prostate cancer diagnosis, a high recall/sensitivity signifies the algorithm’s capability to accurately detect cancerous tissue.



	
F1 score: The harmonic means of precision and recall. In prostate cancer diagnosis, a high F1 score indicates that the algorithm is able to accurately identify cancerous tissue with few false positives and false negatives.



	
Accuracy: The accuracy is the proportion of correct predictions made by the algorithm. In prostate cancer diagnosis, high accuracy indicates that the algorithm is able to identify both cancerous and healthy tissue accurately. Accuracy is   ( T N + T P ) / T P + F P + F N + T P  .



	
Specificity: The specificity, also known as the false positive rate (FPR), is the proportion of actual negative cases correctly identified by the algorithm. In prostate cancer diagnosis, high specificity indicates that the algorithm is able to identify healthy tissue accurately.



	
Receiver operating characteristic (ROC): The ROC plot illustrates the trade-off between sensitivity and specificity for varying threshold values. To assess the algorithm’s overall performance, the area under the ROC curve, known as AUC, is commonly employed as a metric. The AUC captures the algorithm’s ability to discriminate between positive and negative cases, providing a comprehensive evaluation of its performance.



	
Dice similarity coefficient (DSC): The Dice index, also referred to as the Dice coefficient, serves as a commonly used metric for evaluating the performance of a segmentation model. It quantifies the degree of overlap between the predicted segmentation and the ground truth, with values ranging from 0 to 1. A value of 1 signifies a perfect agreement between the predicted and ground truth segmentation. A higher Dice coefficient indicates improved segmentation accuracy, which is particularly valuable when working with imbalanced data or when dealing with segmented objects of varying sizes.










4. Results and Discussion


This section provides a comparative analysis of the proposed DL approach. The implementation is compared with three other techniques: DNN (i.e., ResNet50), Deep RNN, and U-net RNN. Table 1 summarizes the performance of four models and comparison against other works in the literature.



The comparative analysis (in Table 1) shows that U-Net with LSTM outperforms other DL models. The U-Net with the LSTM model achieved a top accuracy of 90.69%, significantly improving a single ResNet-50 DNN by a huge margin. Our U-NET + LSTM pipeline surpasses other works in the literature by a significant margin. To evaluate the efficacy of models using a fraction of the training set, we evaluated all these models with evaluation metrics. Figure 5 shows classification performance as a function of the percentage of the total available training data. Each graph represents a different performance metric, with the x-axis representing the percentage of training data used and the y-axis representing the metric score. The results exhibit that all four different architectures improve their classification performance on the validation set when training data on more data. In particular, precision improves significantly with an increased percentage of training data. It recapitulates that the availability of training data can enhance the performance of DL models, where the U-Net + LSTM pipeline shows superior performance at all fractions of the training set. Interestingly, our proposed DL approach can work well, even in the presence of smaller datasets. DSC is reported as a fractional number value for each model, where a higher value indicates better segmentation performance. The findings indicate that employing U-Net with LSTM achieved the highest DSC value of 0.670, followed by U-Net with RNN of 0.648, Deep RNN of 0.644, and DNN with 0.592. Our findings conclude that the U-Net architecture combined with an LSTM or RNN performs better than the traditional use of a single DNN or deep RNN for PCa diagnosis and segmentation task using the given training data.



Finally, we used our best-performing model to find RoI examples for visualization. Four cancerous samples from the validation set are tested with outcomes depicted in Figure 6. It shows the original, pre-processed, ground truth, and predicted RoI images. In the resulting mask using the U-Net and LSTM pipeline, the green-colored region typically refers to the area predicted to contain cancer. All predicted samples cover the annotated regions and show an extended cancerous area in some cases. The color scheme can be updated to aid in the visual interpretation of the segmentation results with different grades or other potential biomarkers.




5. Conclusions


The detection of prostate cancer (PCa) at the early stage may reduce the mortality rate, and deep learning (DL) holds the potential to benefit the precise detection and support of clinical decisions. This paper introduces a DL-based approach for the detection of prostate cancer using multiparametric magnetic resonance imaging (mpMRI). The proposed DL pipeline employs U-Net for segmentation and LSTM for classification to identify cancerous patients. The effectiveness of the proposed approach was assessed by employing a range of standardized performance evaluation metrics. Our proposed DL approach yields a Dice coefficient of 0.67 for the segmentation task, along with an accuracy of 90.69% and an F1-score of 92.09% for the classification metrics. These results clearly articulate the superiority of our approach over existing state-of-the-art methods, such as DNN and Deep RNN. These results strongly indicate that the proposed approach holds significant potential in improving the precision and efficiency of PCa diagnosis. Consequently, the research findings would significantly improve future prostate cancer diagnosis and treatment.




6. Limitations and Future Work


The proposed DL pipeline is developed and tested on a single dataset. However, incremental learning can be applied to the developed robust models, as they can benefit from other existing datasets, such as PROSTATEx [34], PICTURE [35], etc. This extensive training and validation will reduce bias and enhance the generalizability of DL models. Ultimately, overcoming these limitations will boost the reliability and foster clinical adoption of CAD systems for automated PCa diagnosis.



The future of automated PCa grading DL models will benefit from vision transformers (ViTs) [4] and their multi-attention [36] to the spatial correlation of mpMRI images. This work can be further extended by combining ViTs and CNNs for PCa grading tasks, possibly in combination with data from different modalities. By incorporating state-of-the-art ViT models and staying attuned to advancements in multi-model and representation learning, PCa diagnosis can be more precise (even with fewer labeled data) for strong clinical decision support.
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Figure 1. Overview of our proposed deep learning (DL) approach to classify mpMRI images. Trained U-NET and LSTM models are deployed in the proposed pipeline for segmentation first and then the classification of the segmented region for a binary prediction (cancerous vs. non-cancerous). 
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Figure 2. Overview of our proposed deep learning (DL) approach. The dataset is split into 90/10 for training and validation. Data preprocessing is applied to the training subset, and a set of chosen hyperparameters is used for the training setup. Later, the best-performing model on the validation set is used for developing the DL pipeline for inference. 
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Figure 3. Schematic diagram of UNet architecture used in this work, originally proposed by [32]. 
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Figure 4. Schematic diagram of LSTM architecture used in this work, originally proposed by [33]. 
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Figure 5. Analyzing the performance of our DL pipeline against other stand-alone networks and literature works. The x-axis represents the fraction of training data used in the development of models, while the y-axis shows the obtained scores on four evaluation metrics (in each sub-graph). 
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Figure 6. Visualization of the region of interest (RoI) using our proposed UNet+LSTM DL approach. (a) Example mpMRI images; (b) preprocessed version of the images; (c) Ground truth; (d) map of predicted cancerous RoI. 
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Table 1. Comparative analysis of mpMRI PCa segmentation and patient-level classification on the validation set. The best results are marked in bold, and results not reported in the literature are filled with a dash.
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	Architectures
	Accuracy (%)
	F1 (%)
	Precision
	Recall (Sens. (%))
	RoC
	Spec. (%)
	Dice





	Liu et al. [5]
	89.38
	-
	-
	87.5
	-
	89.5
	0.62



	Artan et al. [21]
	-
	-
	-
	85.0
	-
	50.0
	0.34



	Zhang et al. [13]
	80.97
	-
	76.69
	-
	0.77
	-
	-



	PCF-SEL-MR [16]
	-
	-
	63.0
	75.0
	0.86
	55.0
	-



	FocalNet [9]
	-
	-
	-
	89.7
	-
	-
	-



	DNN
	68.31
	45.28
	88.38
	46.98
	0.719
	89.53
	0.59



	Deep RNN
	86.43
	88.37
	88.43
	89.53
	0.787
	91.81
	0.64



	U-Net RNN
	86.47
	88.43
	92.04
	91.92
	0.814
	90.09
	0.65



	U-Net LSTM (Ours)
	90.69
	92.09
	95.17
	92.09
	0.953
	96.88
	0.67
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