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Abstract: Proper diagnosis and treatment plans of prostate cancer can only be based on accurate 

Gleason grading of the prostate cancer using histopathological whole-slide images, and manual 

assessment is likely to be subject to inter-observer variability. This paper proposes a new 

Reinforcement Squeeze-and-Excitation Learning-based Convolutional Neural Network (RIL-SE-

CNN) for automated Gleason grading. The framework combines reinforcement learning and 

squeeze-and-excitation blocks to dynamically recalibrate channel-wise features and enables 

focusing on diagnostically relevant glandular patterns. Reinforcement feedback is an optimal 

method for reinforcing the attention mechanism by rewarding discriminative feature 

representations across heterogeneous tissue regions. The proposed model is tested on two datasets, 

PANDA dataset and DiagSet-A dataset, using standard evaluation methods. On the PANDA 

dataset, the model achieved an accuracy of 96.46%, showing very good performance. On the 

DiagSet-A dataset, the model achieved a higher accuracy of 99.58%, which indicates that the model 

works very well on different datasets and gives strong and reliable results. These findings indicate 

the strength and generalization power of the proposed system for automated Gleason grading. 

 

Keywords: Prostate Cancer Histopathology; Gleason Grading; Reinforcement Learning; Squeez-

and-excitation Networks; Deep Learning 

 

1. Introduction 

Prostate cancer is a form of malignancy which has most frequently been diagnosed among men 

throughout the world and has remained a leading source of cancer morbidity and mortality. 

Histopathological examination of the prostate has taken the final diagnosis tool, and the Gleason grading 

system has taken the platform to assess the tumor aggressiveness and a foundation on which therapeutic 

decisions are made [1]. Despite its clinical impact, it is a subjective grading method, and its results are 

founded on the experience of the pathologists, which has resulted in inter- and interobserver variability 

particularly in tumors that have borderline and intermediate grades [2]. The solution to such limitations 

has been automated prostate cancer classification and grading, which are the topics of growing research 

on artificial intelligence (AI) and deep learning (DL) techniques. CNN models have demonstrated the 

potential of powerful discriminative morphological features in histopathological images, and ResNet-

based models demonstrate superior feature extraction and classification accuracy [3]. Similar CNN 

techniques such as ProsGradNet extend to pay attention to architectural refinement in order to obtain 

glandular appearances [4], and parallel and multi-branch networks have been suggested to enhance multi-

class discrimination in the task of prostate cancer grading [5]. 

Besides construction of innovations, other studies have also indicated that there is clinical imperative 

to employ reliable and reproducible grading systems. Diagnostic variability between biopsy techniques 

and pathological interpretation is also large and this influences clinical outcome [6]. Biochemical 
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recurrence and disease progression prediction methods have also been applied to the deep learning 

systems, where the prognostic value of appropriate Gleason grading is stressed [7]. Clinical studies on 

Gleason score upgrading [8] support the need to establish effective automated grading systems to lower 

diagnostic uncertainty. Recent trends have explored self-supervised learning to eliminate the need of 

annotations [9] and vision transformer-driven designs to learn long-range spatial features in 

histopathological images [10]. pre-defined datasets like DiagSet have made it possible to perform standard 

benchmarking of prostate cancer classification methods [11]. Furthermore, secondary workflows with AI 

support and trained deep belief networks are optimized [12], and AI-based developments in the pathology 

field are proved to be translatable in clinical practice [13]. 

It has been suggested that multi-scale and patch-level learning can be applied to the problem of 

working with whole-slide images and provide a powerful computational treatment of the high-resolution 

histopathology data [14]. The comparative studies of deep learning models show that, despite the 

possibility of high accuracy, there are deficiencies in generalization, robustness, and interpretability of the 

deep learning models on different datasets [15]. The variation of the labels, and the absence of classes have 

contributed to the implementation of the ensemble-based learning methods to minimize the variability of 

grading [16]. There has also been exploration of lightweight and computationally effective architectures to 

be useful [17], and techniques such as selective CutMix to augment data to improve model generalization 

[18]. Transformer-based gland segmentation structures are also used to enhance grading by enhancing the 

localization of features at the level of a region [19]. The clinical value of proper grading is emphasized by 

machine learning techniques of predicting the Gleason improvement between biopsy and prostatectomy 

samples [20]. The federated learning paradigms have been designed to provide the possibility of 

simultaneous model training without data privacy loss [21] and AI creation in its general use in prostate 

cancer management [22]. 

Despite such developments, these are, however, some of the key gaps. The available models are 

mostly of a classical approach in which the mechanisms of attention do not meet the dynamic requirement 

of heterogeneous forms of glands and tissue. Recent articles emphasize the need of interpretable AI 

systems that can produce clinically significant explanations [23], but systematic reviews present 

unexplored problems with robustness, flexibility, and clinical trust [24] and [25]. The existing evaluation 

research yields evidence that the performance declines when models apply between institutions and data 

sets [26], and comparative research evidence indicates that there are never no differences between AI-based 

grading and human pathologists [27]. Other techniques, including label distribution learning [28] or 

radiomics-based grading [29], supply complementary data but are not adequate to explain complicated 

histopathological variations. The necessity of adaptive feature-emphasis processes is also confirmed by the 

gland-level malignancy classification [30] and the recent biomarkers of histopathology [31]. It has been 

conclusively demonstrated that attention-sensitive scaleable deep learning systems are necessary to 

provide robust automated Gleason grading [32]. These limitations have motivated this work and 

introduced a CNN with reinforcement squeeze-and-excitation learning (RIL-SE-CNN) that uses 

reinforcement learning to dynamically optimize channel-wise feature recalibration. The objectives are to 

enhance accuracy of grading, generalization of grading between datasets, and reducing grading ambiguity. 

The remainder of this paper will follow the following format: The literature review section II, Proposed 

materials and methods section III, Section IV will be the experimental findings and analysis, and Section V 

will be the conclusion of the research and future research directions. 

 

2. Related Works  

The past few years have been marked by faster development of artificial intelligence to analyze the 

histopathology of prostate cancer and most of it is related to automate Gleason grading. The earliest deep 

learning models employed convolutional neural networks (CNNs) as their main hierarchical feature 

extractor in the histopathology image. ResNet models also performed more classification accuracy due to 

the minimization of the vanishing gradient issue and the ability to learn more features [1]. They also 

enhanced discriminative performance with hybrid deep learning models that used CNNs in conjunction 

with handcrafted or optimized feature representations, particularly on complex tissue patterns [2]. It was 

suggested that task-inspired architectural designs, such as ProsGradNet, could be used as structured CNN 

models that enhanced the stability of glandular morphology, thus offering more grading consistency [3]. 
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Similarly, multichannel and contribution-aware networks concerned with learning complementary 

channel properties, and the importance of attention-like processes to prostate cancer grading was noted 

[4]. Parallel branch networks were also suggested to address the multi-class classification issue and led to 

large gains with regard to the grading accuracy [5]. 

Besides architectural design, other studies have investigated the clinical implication of correct Gleason 

grading. It is also revealed that the difference in diagnosis of the biopsy strategies and pathological 

interpretation can significantly influence the treatment outcomes [6]. Deep learning systems are aimed at 

predicting biochemical recurrence, which underlies prognostic characteristics of histopathological grading 

[7]. The investigations of Gleason score upgrading performed by the clinic provide additional evidence of 

the necessity of the creation of effective automated grading systems reducing diagnostic uncertainties [8]. 

All these facts drive home the point that any computation model must not only be accurate but also robust 

and clinically relevant. 

Transformer-based and self-supervised learning paradigms have been presented to tackle the 

problem of the limited availability of annotations and improve generalization of features. Unlabeled data 

is used in self-supervised grading techniques which find meaningful representations without a large 

number of annotations [9]. The reason has been the use of vision transformers since they are capable of 

capturing long-range spatial dependencies in histological images, an alternative to models that do not rely 

on CNN. It has been demonstrated that with the release of curated datasets such as DiagSet [11], 

standardized evaluation and benchmarking of prostate cancer classification models are now possible. 

Second, optimized deep belief networks have also been effective in Gleason grading tasks [12], and AI-

assisted second-read systems have also been demonstrated to be potentially applicable in the real world 

[13]. 

Whole-slide images contain very high-resolution images, which are spatially inhomogeneous, making 

their analysis computationally challenging. This has been highly adopted using multi-scale and patch-level 

learning strategies [14]. Comparative analysis of the deep learning approaches demonstrates that the high-

performance results may be obtained in case of controlled conditions, though inter-dataset generalization 

is a severe problem [15]. The distortions in labels and scoring disparity have supported the use of the 

ensemble learning techniques to facilitate resilience [16]. To attain quicker inference and clinical feasibility, 

lightweight and efficient deep learning models have been suggested as well [17]. It has been shown that 

the generalization and overfitting [18] of data augmentation methods, such as selective CutMix, are 

positive. Transformer-based gland segmentation schemes are also useful in grading because they increase 

the localization of regions [19]. 

More recent studies have generalized automated grading to the predictive and federated learning 

models. The machine learning models of Gleason grade prediction trained on biopsy and prostatectomy 

samples are useful in decision support [20]. Federated learning techniques allow institutions to 

collaboratively train one model and maintain the privacy of data, which is a significant barrier to massive 

clinical adoption [21]. Longer articles dwell on the radical role of AI in treating prostate cancer and mention 

the need to explain and have clinical trust [22], [23]. Large-scale surveys have both discovered that AI-

based Gleason grading systems still suffer interpretability, robustness, and bias in datasets problems [24], 

[25]. In performance degradation, external validation experiments reveal that models cannot be used 

optimally in a heterogeneous clinical environment [26], and comparative studies indicate that AI 

predictions and expert pathologists have considerable differences [27]. 

Alternative approaches to learning which include label distribution learning [28] and Gleason score 

prediction using radiomics [29] are other learning paradigms that fail to resolve subtle histopathological 

variability. The gland-level malignancy classification techniques are characterized by paying a particular 

focus to the local features [30], and novel feature biomarkers are to remind the necessity of adaptive and 

discriminative features learning [31]. PANDA challenge has clearly shown that attention-based deep 

learning models are a key to the scalable, reliable automated Gleason grading [32]. 

According to the literature reviewed, although deep learning models are highly accurate in their 

grading, most currently existing methods apply a constant attention or fixed feature weighting scheme. 

These limitations reduce flexibility to non-homogeneous tissue patterns and play a role in reduced 

extrapolation to datasets. In addition, we also do not lack a research gap with respect to the insufficient 

combination of reinforcement-based optimization and dynamic feature recalibration. Such results confirm 
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the suggested Reinforcement Squeeze-and-Excitation Learning model that dynamically regulates channel 

focus on features to encourage strong and reliable Gleason grading. 

 

3. Proposed Work  

This part presents the suggested Reinforcement Squeeze-and-Excitation Convolutional Neural 

Network (RIL-SE-CNN) model of automated Gleason grading of prostate cancer histology. Figure 1 

illustrates the overall architecture and learning process and indicates how convolutional feature extraction, 

squeeze-and-excitation (SE)-based channel recalibration and reinforcement learning-based optimization 

are combined. The suggested system will optimize the discriminative feature representations dynamically 

to improve the grading accuracy and robustness on heterogeneous histopathological patterns by feedback 

on the reinforcement learning. 

 
Figure 1. Novel RIL-SE-CNN System Framework 

 

Pseudo Code: 

Step 1: Load dataset (𝑰, 𝒚) 

Step 2: Preprocessing 

Resize 𝐼 → 224 × 224 × 3 

Normalize image  

Step 3: Feature Extraction (CNN) 

Extract feature representation from 𝐼 

Step 4: SE Model & Metric Computation 

Apply SE model  

Compute metric 𝑀 

Define state 𝑠 = (feature, 𝑀) 

Step 5: Q-Learning (Action Selection & Transformation) 

Select action 𝑎 ∈ 𝐴using 𝑄(𝑠, 𝑎) 

Apply transformation → 𝐼′ 

Step 6: Update Metric (After Action) 

Pass 𝐼′ through CNN-SE  

Compute updated metric 𝑀1 

Compute reward: 𝑟 = 𝑀1 − 𝑀 

Update Q-table:  𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼[𝑟𝑡 + 𝛾max 
𝑎′

𝑄(𝑠𝑡+1, 𝑎′) − 𝑄(𝑠𝑡 , 𝑎𝑡)]                        

Step 7: Model Classification 

Use transformed image 𝐼′ 

Predict class using SE-CNN  
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Step 8: Model Update 

Update SE-CNN learning parameters 

Step 9: Policy 
𝜋∗(𝑠) = arg max 𝑄(𝑠, 𝑎)

𝑎
 

Step 10: Repeat process until 50 epochs 

3.1. Input Data and Preprocessing. 

The suggested framework works on the RGB histopathological image patches 224 x 224 x 3, which 

have been cut out of the whole-slide images (WSIs). Before training models, standard preprocessing 

measures are performed to normalize variations in staining and enhance stability in learning. The steps 

that are involved are recalibration of the size, normalization of pixel intensity, and augmenting of the data. 

To enhance model generalization, augmentation operations, which include rotation, diagonal translation 

and controlled angular transformations, are further added to the reinforcement learning stage. The 

normalization of the input shape makes it compatible with CNN backbone and enables batch processing 

with ease. 

3.2. CNN-Based Feature Extraction 

The first step in the RIL-SE-CNN architecture is to use a convolutional neural network to identify 

high-level spatial and semantic features in the input histopathological images, as illustrated in Figure 2. 

The CNN backbone consists of several convolutional layers, nonlinear activation functions, and pooling 

layers. These layers increasingly represent low-level texture data, glandular morphology, and other higher-

order structural patterns that are important to Gleason grading. 

 
Figure 2. Custom CNN Backbone Architecture 

The CNN output is a feature map, which serves as the input to the proposed squeeze-and-excitation 

(SE) module. In this feature map, spatially distributed representations that capture differences in gland 

shape, lumen structure, and epithelial organization, which are important cues in identifying Gleason 

patterns, are encoded. 

3.3. Squeeze-and-Excitation (SE) Model Proposal 

The suggested SE model is instrumental in feature recalibration in a channel-wise manner. In contrast 

to traditional SE blocks, which use fixed attention weights, the proposed solution deploys adaptive feature 

recalibration with the assistance of reinforcement learning. SE model has three key operations which 

include squeeze, excitation and feature scaling. 

The squeeze phase makes use of global average pooling in CNN feature map to produce a channel-

wise depiction that encodes the global contextual data. It is a descriptive statistic that indicates the value 



Journal of Computing & Biomedical Informatics                                          Volume 10  Issue 02                                                                                         

ID : 1277-1002/2026   

of every feature channel in the spatial dimensions. During the excitation stage, the descriptor is run 

through a series of fully connected layers using nonlinear activation functions to produce weights of 

channel importance. These weights are the weight of each channel of Gleason grading. Last, during the 

feature scaling stage, the original feature map is scaled by multiplying it by the learned channel weights 

which prioritizes the diagnostically meaningful features and emphasizes the redundant or noisy channels. 

3.4. Computation and State Definition 

Metric Computation Metric computation involves performing arithmetic operations on numbers 

expressed in units of a standard-length measurement (measurand), typically the meter or foot. Figure 1 

above shows that a performance measurement M, which serves as the baseline state in the reinforcement 

process learning, is computed using the recalibrated feature map, as shown in Step 1 (Find M). The measure 

can be expressed as classification confidence, loss value, or feature discrimination quality based on the SE-

enhanced representation. This measure summarizes the system's prevailing condition prior to 

reinforcement-based optimization. Next, the system examines other transformations by performing actions 

on the input image, resulting in a new metric M1. The difference between M and M1 provides a quantitative 

measure of improvement or degradation resulting from the chosen action. 

Measurement M in the reinforcement learning model corresponds to the confidence of the CNN-SE 

model for a particular histopathological image patch used in Gleason grading. The SoftMax classifier yields 

probability scores for the six Gleason grades after both the CNN feature extractor and the squeeze-and-

excitation module process the image. M is a metric used to define the most likely prediction for these 

classes, and it shows the model's confidence in its Gleason grade predictions. 

3.5. Reinforcement Learning Formulation 

The reinforcement learning sub-unit will focus on the dynamic regulation of features and data 

transformation recalibration. The CNN-SE model pipeline determines the learning environment, and it is 

the responsibility of the agent to select the most appropriate actions to maximize performance during 

grading. 

1) State Space 

The feature representations that have been extracted and the performance measure (M or M1) 

characterize the state. This formulation allows the agent to determine how the focus on the features and 

data transformations influences the classification performance. 

2) Action Space 

The action space A contains a set of pre-defined image operations, which are: 

• Image rotation of a positive angle, +ang, 

• Anticlockwise rotation of the image ( -ang), 

• The picture is diagonally shifted. 

The choices are taken to amplify invariance to spatial orientation and morphological variability in 

histopathological slides that are frequently met. 

3) Reward Function 

Reward r is based on the comparison of M and M1 as illustrated in the structure. Where the desired 

action leads to desirable change in the measure of performance, there is a positive reward given, whereas 

where undesirable change in the performance measure is realized, a negative reward or no reward is given. 

Such reward scheme motivates the agent to devise transformation strategies to promote the discrimination 

of features and the guaranteeing classification. 

3.6. Q-Learning Optimization 

The reinforcement learning agent uses a Q-learning algorithm to find out the best action policy. 

𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼[𝑟𝑡 + 𝛾max 
𝑎′

𝑄(𝑠𝑡+1, 𝑎′) − 𝑄(𝑠𝑡 , 𝑎𝑡)]                         (1) 

Where 𝑠𝑡= state (feature vector + metric M), 𝑎𝑡= selected transformation, 𝑟𝑡= reward (M₁ − M), 𝛼= learning 

rate, and 𝛾= discount factor. 

Define policy: 

𝜋∗(𝑠) = arg max 𝑄(𝑠, 𝑎)
𝑎

                                                      (2) 
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The Q-learning module updates the action-value function based on the reward received and the 

expected future rewards. The agent learns an optimal policy through trial-and-error interactions with the 

environment, and it can choose the best transformation to apply to a particular state. The input image is 

then fed to the learned action policy A as shown by the Feedback loop in Figure 1. This adaptive 

mechanism allows the model to sharpen feature representations as training proceeds, resulting in 

enhanced resistance to intra- and staining variation. The state passed to Q-learning consists of a 100,352-

dimensional CNN feature vector along with a 6-dimensional SoftMax probability vector representing 

Gleason grade confidence. 

3.7. Classification Stage 

The last step is Classification, during which the optimized action policy is applied to the input image. 

The CNN and the proposed SE model are applied to the transformed image to produce an improved 

feature map. This feature map is then passed to a classification head composed of fully connected layers 

and a SoftMax activation function. The network produces a Gleason class estimate based on the input 

image. 

3.8. Training Strategy and Implementation Details 

The RIL-SE-CNN framework is end-to-end trained by combining supervised classification loss with 

reinforcement-based optimization. The CNN and SE parameters are trained by backpropagation, and the 

action-value function is trained separately by the reinforcement learning module. The hybrid learning 

approach can optimize feature extraction, attention recalibration, and transformation selection 

simultaneously. Patches extracted using tumor-mask guided sampling. Only patches with >70% tumor 

tissue retained. Background patches excluded. If random sampling is used, state stratified random 

sampling. 

3.9. Benefits of the Proposed Framework 

The proposed RIL-SE-CNN model has several benefits: 

• Reinforcement learning-based dynamic channel-wise feature recalibration, 

• Greater generalization with adaptive image transformations, 

• Large-scale management of histopathological heterogeneity and increased differentiation of near 

Gleason patterns. 

In general, the suggested methodology is a unified and adaptive approach toward automated Gleason 

grading which successfully combines the principles of deep learning and reinforcement learning to reach 

high diagnostic performance. 

 

4. Results 

The proposed RIL-SE-CNN model was deployed and tested on a Kaggle cloud-based execution 

platform to ensure reproducibility and efficient computation. The network was supplied with 

histopathological image patches of size 224 × 224 × 3 as inputs and was configured to predict six ISUP grade 

groups (0-5) based on the severity of prostate cancer. The experiments were trained for 50 epochs with the 

Adam optimizer, an initial learning rate of 0.001, and a batch size of 64. Two publicly available datasets, 

including the PANDA dataset retrieved from the Kaggle repository xhlulu/panda-resized-train-data-

512x512 and the DiagSet-A dataset retrieved from the official GitHub repository michalkoziarski/DiagSet, 

were used to train and validate the model. A 5-fold cross-validation strategy was used to guarantee sound 

and impartial performance assessment. To guarantee the reliability of performance evaluation and prevent 

overfitting, a 5-fold cross-validation approach was adopted. The sample was stratified into more than five 

mutually exclusive subsets of equal size, and the classes were sampled randomly to maintain the same 

proportions. The standard classification metrics used to measure model performance would include: 

Accuracy (ACC): Refers to the overall percentage of images of histopathology correctly classified with 

all predictions on ISUP grade. 

ACC =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                     (3) 

Precision (P): Refers to the number of images, which are correctly predicted to be of a particular ISUP 

grade, which is a measure of prediction reliability. 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                           (4) 
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Recall (R): Tests the model to understand its capability to correctly recognize histopathology images 

of a specific grade of ISUP. 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                            (5) 

F1-Score: It is a harmonic average between precision and recall and it balances between false positives 

and false negatives of the ISUP grade classification. 

F1-Score =
2×Precision×Recall

Precision+Recall
                                      (6) 

Matthews Correlation Coefficient (MCC): The balanced measure of performance, which takes into 

account all the elements of confusion matrices, especially useful in multi-class and imbalanced ISUP 

grading. 

MCC =
(𝑇𝑃×𝑇𝑁)−(𝐹𝑃×𝐹𝑁)

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
                                  (7) 

4.1. PANDA Dataset 

Figure 3 illustrates sample histopathological images of the given ISUP grades (0 to 5), where 800 

images are assigned to each of them. The pictures illustrate the various stages of prostate cancer severity, 

from benign (grade 0) to most aggressive (grade 5), showing the visual differences the model is expected 

to differentiate. 

 
Figure 3. PANDA Dataset Reading 

The training and validation accuracies (left) and losses (right) over 50 epochs are shown in Figure 4. 

The training accuracy converges quickly to 1.0, whereas the validation accuracy fluctuates. Validation loss 

is less stable than training loss, so it may be overfit at the beginning of training. 

 
Figure 4. Accuracy and Loss Plot 

Figure 5 indicates the confusion table of the six ISUP grades (0 5). There are several model-wise 

predictions that align along the diagonal, and the model is very good overall. The major misclassifications 

are those that happen between adjacent grades, especially the grades 2 and 3. 
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Figure 5. Confusion Matrix 

As shown in Figure 6, classification report the proposed model accuracy on PANDA dataset is 96.46%. 

Grades 1 to 3 precision score high in all measurements. Grade 4 is less precise 88.46%, which implies that 

there would be some false positives. 

 

 
Figure 6. Classification Report  

Figure 7 demonstrates the 5-fold cross validation of the given RIL-SE-CNN model, which reported 

similar results in all folds, which indicates the stability and reliability of the proposed framework. 

 

 
Figure 7. K-Fold Validation   

4.2. DiagSet-A Dataset 

Sample histopathological images (n=800) of each grade of ISUP (0 to 5) are presented in Figure 8. The 

pictures are an illustration of the various stages of the severity of prostate cancers, i.e., benign (grade 0) to 

most aggressive (grade 5), illustrating the visual differences that the model is expected to differentiate. 
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Figure 8. DiagSet-A Dataset Reading 

Figure 9 shows the training and validation accuracy (left) and loss (right) quantities for 50 epochs. The 

accuracy of training fast converges to 1.0, whereas the validation accuracy increases with additional 

fluctuation. Validation loss is not as stable as the training loss, so it may overfit at the beginning of training. 

 
Figure 9. Accuracy and Loss Plot 

The confusion matrix of the six grades of ISUP is presented in Figure 10. There are several model-wise 

predictions that align along the diagonal, and the model is very good overall. The major misclassifications 

are those that happen between adjacent grades, especially the grades 2 and 3. 
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Figure 10. Confusion Matrix 

As shown in Figure 11, classification report the proposed model accuracy on  Diagset-A dataset is 

99.58%. Grades 0, 1, 3 and 4 precision score high in all measurements. 

 

 
Figure 11. Classification Report  

Figure 12 demonstrates the 5-fold cross validation of the given RIL-SE-CNN model, which reported 

similar results in all folds, which indicates the stability and reliability of the proposed framework. 

 
Figure 12. K-Fold Validation   

The convergence behavior of the Q-learning agent during training was considered to assess the 

stability of the reinforcement learning component. The agent continuously improves the action-value 

function using the reward of action by transforming the image. The reward is determined as the difference 

of model confidence of the original and transformed image: and 𝑀 is the classification confidence of the 

existing state and 𝑀1 is the confidence after the transformation that is selected has been applied.  

𝑟 = 𝑀1 − 𝑀                                          (8) 
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Figure 13. Convergence Map   

The convergence map in the reinforcement learning process is shown in Figure 13. The result of the 

plot demonstrates the average cumulative reward that the Q-learning agent achieves in training episodes. 

The reward becomes constant with increasing the number of episodes, which means that the agent 

manages to learn an optimal policy to choose the most effective image transformations. Such convergence 

proves the efficiency of the reinforcement learning in controlling the adaptive feature focus in the proposed 

RIL-SE-CNN framework. 

 

5. Discussion 

Table 1 illustrates a comparison of performance between current models of deep learning and a newly 

proposed RIL-SE-CNN framework on DiagSets-A and PANDA. The proposed method demonstrates high 

accuracy, F1-score, and MCC and is significantly better than the traditional CNN, transformer, and 

ensemble-based methods, which makes it more robust and has a high generalization ability in automated 

Gleason grading. 

Table 1. Comparative Analysis 

Model Dataset ACC Precision Recall F1-Score MCC 

ResNet-50 [2] PANDA 89.00% 89.00% 88.00% 89.00% - 

Self-Supervised ViT 

[4] 
PANDA 89.00% 87.00% 88.00% 89.00% - 

Optimized Deep Belief 

Network (DBN) [6] 
PANDA 87.00% 89.00% 85.00% 87.00% - 

Multi-Label Ensemble 

CNN [10] 
PANDA 89.00% 91.00% 88.00% 89.00% - 

Efficient CNN [11] PANDA 88.00% 90.00% 87.00% 88.00% - 

SE-CNN PANDA 94.00% 95.00% 94.00% 94.00% 94.00% 

Proposed RIL-SE-

CNN  
PANDA 96.46% 96.42% 96.57% 96.42% 96.34% 

Proposed RIL-SE-

CNN  
DiagSet-A 99.58% 99.54% 99.57% 99.55% 99.65% 

 

6. Conclusions 

The research presented a new Convolutional Neural Network (RIL-SE-CNN) based on Reinforcement 

Squeeze-and-Excitation Learning, which can be applied to automated Gleason grading of prostate cancer 

histopathology. By combining reinforcement learning with squeeze-and-excitation processes, the 

proposed framework adapts channel-specific feature relevance in real time, enabling adaptive stress on 

diagnostically significant glandular patterns and the suppression of redundant information. The 

optimization with reinforcement also enhances robustness by acquiring effective transformation strategies 
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during training. The proposed model is tested on two datasets, PANDA dataset and DiagSet-A dataset, 

using standard evaluation methods. On the PANDA dataset, the model achieved an accuracy of 96.46%, 

showing very good performance. On the DiagSet-A dataset, the model achieved a higher accuracy of 

99.58%, which indicates that the model works very well on different datasets and gives strong and reliable 

results. 

The proposed solution is a valid scalable automated system of prostate cancer grading with high 

potential of application in clinical decision-support systems. The future work will also aim at extending 

multi-instance learning, enhancing interpretability with attention visualization, and validation in the 

significantly larger cohort of multi-institutions to allow further clinical applications. 
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