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Prostate cancer is the most common solid tumour in men and the fifth leading cause of cancer death 
globally. It requires timely and accurate diagnostic procedures for the treatment processes. However, these 
procedures are labour intensive because of the histological examination of prostate biopsy specimens, which 
can be subject to interpretative variability. The present study was designed to evaluate the effectiveness of 
deep-learning algorithms specifically for the task of classifying prostate biopsy images into two categories: 
benign or malignant. The data set included 247 cancerous and 514 benign histological biopsy images.  
The data set was derived from patients aged between 39 and 80 years and who underwent prostate biopsies 
at the Federal Teaching Hospital in Lokoja, Nigeria, between 2019 and 2023. We augmented the data set 
to 10 000 histological images, after which 50 images from the same cohort were reserved for validation. 
Multiple Source Hierarchical Aggregation Neural Network, densely connected convolutional network, 
EfficientNet, Inception v3, MobileNet, ResNet-50, Visual Graphics Group 16 and Visual Graphics Group 19  
were among the deep-learning models that were trained and verified. The results showed that densely 
connected convolutional network had an accuracy value of 0.96, with precision, recall and F1 scores of 1.00, 
0.92 and 0.96, respectively, for benign cases and 0.93, 1.00 and 0.96, respectively, for malignant cases. 
Deep-learning models, especially the densely connected convolutional network, have shown great potential 
to distinguish between benign and malignant prostate images; as a result, they can significantly enhance 
prostate cancer diagnosis by improving diagnostic uniformity and efficacy for pathologists.

Significance:
•	 This study demonstrates the effectiveness of deep-learning models in enhancing artificial intelligence–

assisted histopathological diagnosis by classifying prostate biopsy images.

•	 Artificial intelligence tools enhance accuracy and reliability, making them valuable resources for 
decision-makers.

•	 Additional validation in a variety of healthcare environments is needed to verify the real-world relevance 
as well as the generalising potential of our results.

Introduction
Prostate cancer is the most common type of cancer in men and a major global public health issue, accounting 
for 7.3%1 of all male cancer diagnoses worldwide. Historically, prostate cancer diagnosis heavily relied on 
prostate-specific antigen tests, digital rectal examinations and various types of imaging techniques.2 Although 
the aforementioned methods have made a substantial contribution to early prostate cancer detection, they are 
frequently constrained by both sensitivity and specificity, which can result in either overdiagnosis or misdiagnosis. 
The early diagnosis of prostate cancer is essential because it enhances diagnostic precision and therapeutic 
outcomes. The current standard for diagnosing prostate cancer is biopsy, especially transrectal ultrasonography 
guided biopsy, which is commonly used.3 However, transrectal ultrasonography is constrained by sampling errors 
because of the different features of prostate tumours, variability among pathologist assessments and, above all, it 
is highly invasive. Because of the limitations highlighted, there is a need for enhanced evaluation techniques that 
can improve accuracy and minimise invasiveness.

The complexity of human interpretation and the challenges faced by pathologists due to their large caseload 
underscore the need for artificial intelligence (AI) solutions in diagnosis.

Recently, AI has been a revolutionary force in numerous healthcare sectors, revolutionising diagnosis, treatment and the 
management of patient data.4 It is currently being used in health care to speed up diagnostic procedures by providing 
up-to-date recommendations. AI-driven image analysis can evaluate medical images and identify small changes as 
early signs of diseases. In histopathology, AI could be used to assess histological slides and classify malignant tumours 
with high precision.5 AI-driven image analysis has advanced modern medicine by recognising prostate cancers and 
inflammatory markers, especially in radiographic imaging. Early disease diagnosis is crucial for preventing severe 
health complications for patients. AI algorithms can evaluate data sets on medical images and look for tiny alterations 
that could be early signs of diseases. In a histopathological context, AI algorithms play a useful role in assessing 
histological slides in the field of pathology. AI, most notably through machine- and deep-learning models, has exhibited 
exceptional abilities in analysing multifaceted medical data, such as images, tissue pathology and other biological 
data.6 The AI models identify intricate structures and latent attributes that are not visible to human observation, resulting 
in an increasingly accurate diagnosis. As a result, AI’s ability to identify tumour sites and structural variants and its 
strong image interpretation have made it a significant health speciality.7 Furthermore, advancements in AI, particularly 
machine- and deep-learning techniques, are transforming the diagnosis of prostate cancer, improving patient outcomes 
and reducing mortality rates, enabling efficient and precise pathologic evaluations. AI’s strong interaction with medical 
images has led to a boom in various health specialities in the 21st century, providing potential insights into cancer 
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diagnosis and pathological contexts.8 However, successful implementation 
requires challenges such as data quality, interoperability and regulatory 
permission to be addressed. The quantity and quality of data are crucial, 
and compatibility between electronic health records, image archives and 
healthcare communication systems is also essential.9

Literature review
Several lines of evidence have demonstrated considerable potential for AI 
in diagnosing prostate cancer using prostate biopsy. For instance, Ström 
et al.10, using a population-based approach, demonstrated the efficacy of 
AI in the diagnosis and grading of prostate cancer from prostate biopsies. 
In the same vein, Perincheri et al.11 employed a high level of accuracy 
for the detection of prostate cancer and found that it had a high level of 
diagnostic accuracy, showcasing the dependability of AI and its successful 
implementation in the diagnosis. Furthermore, da Silva et al.12 focused on 
the performance of prostate auto-detection systems using AI in practical 
scenarios. Their findings suggest that the AI auto-detection system can 
distinguish between patients who can undergo complete histopathological 
assessment and those who cannot. The literature review by Bhattacharya 
et al.13 indicates that AI models are employed for the detection of prostate 
cancer, showing the importance of these AI models in radiology and 
histology for the detection of cancers from images. Ultimately, the 
aforementioned scholars have demonstrated the significant effect of AI on 
diagnosing prostate cancer using biopsy samples. This has the potential 
to improve both the precision and the effectiveness of prostate cancer 
diagnosis. On top of that, the incorporation of deep-learning computational 
techniques into AI systems has also demonstrated notable potential in 
improving the readability of biopsy images, thereby assisting oncologists 
in making precise diagnoses.14 In a recent study, Zhu et al.15 proposed 
an explanatory result on the management of prostate cancer. The study 
suggested that AI-based methodologies could assist pathologists in 
reducing their workload and developing treatment recommendations for 
prostate cancer while also providing an overview of the procedure and 
challenges encountered. In this study, our goal was to evaluate and enhance 
the potential of numerous AI deep-learning models for the classification 
of prostate biopsy samples as either benign or malignant. The results of 

this study enhance the diagnostic accuracy as well as the efficiency of the 
prostate cancer diagnostic workflow.

Materials and methods
Data set description
The data set in our study originated from the Federal Teaching Hospital in 
Lokoja, Nigeria, collected from men aged 39–80 years who, because of 
elevated prostate-specific antigen, were recommended for biopsy by the 
physician. The data set was collected between January 2019 and December 
2023. The physician performed a transrectal ultrasound-guided biopsy 
because it is the most common successful biopsy method. The prostate 
biopsy tissues were then preserved in 10% buffered formalin to avoid autolysis 
and putrefaction and, above all, to maintain the morphological characteristics 
of the tissue. The tissue (Figure 1a) was cut using a surgical blade and placed 
in a cassette for grossing. The tissue was dehydrated using grades of alcohol 
(80%, 90% and 100%) solution, then cleared using xylene so that the paraffin 
wax could infiltrate the tissue (Figure 1b) well at temperatures between  
40 °C and 70 °C before processing (Figure 1c). Next the tissue underwent 
embedding, in which the paraffin block (cool paraffin wax and tissue) was 
stored at room temperature before sectioning (Figure 1d). The tissue was 
sectioned using a microtome and then cut into 3–5 µm sections before 
staining. We used haematoxylin and eosin (Figure 1e), a conventional technique 
for examining disease and human anatomy16, to stain the tissue. Due to its 
strong affinity for the acidic components of the tissue, haematoxylin17 stains 
cell nuclei in shades of purple18, whereas eosin produces pink colouration 
on the cytoplasmic components of the tissue, allowing for their microscopic 
visibility. The tissue sections were then viewed under the microscope (Figure 
1f and 1g) using a 10× objective and 100× magnification. The image in 
Figure 2 forms the basis of our data set for this study. As a result, we had 
748 (214 for malignant and 514 for benign) histological images comprising 
the data set for this study.

Image and data processing
The images (Figure 2), saved as a joint photographic experts group (JPEG), 
were then repurposed into uniform portable network graphics (PNG) files 

Figure 1:	 Prostate tissue sectioning and processing. (a) Tissue grossing; (b) fixation of tissue in formalin; (c) automated tissue processing; (d) paraffin wax 
embedding; (e) haematoxylin and eosin staining; (f) stained tissue slide; (g) microscopic examination.
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to maintain data quality and support various colour depths, including index, 
greyscale and true colours, with the combination of alpha transparency. 
Then, Python 9.2.0 and Scikit-image version 0.19.3 were used to augment 
the data set, as recorded in Table 1. Augmentation improves model 
generalisation, enhances robustness and reduces overfitting.

Also, augmentation reduces the cost of labelling and the collection of data. 
Above all, the accuracy of the model will be increased. The output of the 
augmentation was 10 000 images, which were used in this study. The aug- 
mented data set was then subjected to image denoising (noise reduction).

Denoising
Image denoising is a process that improves the quality of digital images 
by cleaning up muddled digital content. Noise, caused by factors such as 
sensor limits, interference or the environment, can significantly reduce the 
sharpness and detail of an image. We also employed spatial denoising, 
which determines each pixel’s greyscale value and domain and also uses 
mathematical analysis to transform the features of image data and background 
noise. In addition, a deep convolutional neural network autoencoder was 
used, which can learn useful data characteristics and representations to 
recreate the original image without human supervision.19 The autoencoder 
consists of a deep neural network encoder and decoder, with the encoder 
processing images before sending them to the decoder, which analyses 
hidden coding and generates a new version of the original image.

Proposed models
In this study, we used the deep-learning models Multiple Source Hierarchical 
Aggregation Neural Network (MSHA), densely connected convolutional 
network (DenseNet), EfficientNet, Visual Graphics Groups (VGG19 and 
VGG16), Inception v3, ResNet-50 and MobileNet. MSHA is flexible and 
combines image categorisation and object identification in a single 
architecture, thereby eliminating the need for multiple models.20 MSHA 
features batch normalisation, dropout layers, residual connections and 
focused attention techniques. DenseNet addresses vanishing gradients and 
feature reuse in deep-learning networks. DenseNet differs from traditional 
convolutional neural networks by providing a feed-forward connection to all 
layers, enabling direct supervision through compact pathways in backward 
propagation.21 DenseNet’s efficiency also enhances flow for optimisation and 
reduces overfitting, making it a valuable tool for deep learning.21 EfficientNet 
improves classification accuracy by focusing on model depth and width 

resolution. EfficientNet also ensures that the network’s overall dimensions are 
in equilibrium with available resources, resulting in better results.22 Similarly, 
Inception v3 stands out for its speed and precision, making it popular in 
image categorisation due to its fewer parameters and more depth, thus 
removal of unfitting.23 However, for MobileNet, a self-learning mechanism to 
automatically extract features with high accuracy, reducing model parameters 
and computation time is achieved. ResNet 50 has 50 layers of architecture, 
which improves the model’s accuracy through a vanishing gradient.24 
VGG16 is a widely used deep-learning model for image categorisation. The 
VGG16 model has been updated to enhance its depth for more sophisticated 
characteristics. The 19-layer architecture, derived from the VGG16 model, 
incorporates three fully connected layers and a rectified linear unit activation 
function, enabling it to detect and learn from intricate patterns in input data.25

Evaluation metrics
The effectiveness of the models was evaluated across several domains using 
model evaluation metrics. The evaluation metrics are accuracy, precision, 
recall and F1 score. Accuracy measures the model’s performance by 
dividing the sum of true positives and true negatives by the overall number of 
instances. Precision indicates how accurately the model makes predictions, 
while recall focuses on accurately identifying pertinent instances. Similarly, 
the F1 score is a harmonic mean that balances precision and recall. The 
overall evaluation metric is presented in Table 2.

Figure 2:	 (a) Malignant histological prostate slides. (b) Benign histological prostate slides.

PSA type Original size Initialise size Image mode Output Processing time (s) Reserved data for validation

Benign 514 464 4320 × 3240 10 000 9.025 50

Malignant 247 197 4320 × 3240 10 000 14.025 50

Table 1:	 Distribution of the augmented prostate tissue histological images data set by prostate-specific antigen (PSA) type

Model Calculation formula

Accuracy ​​  TP + TN  ________________  
TP + TN + FP + FN

 ​​

Precision ​​  TP _ 
TP + FN

 ​​

Recall ​​  TP _ 
TP + TN

 ​​

F1 score ​2 × ​ Precision × Recall  _______________  
Precision + Recall

 ​​

TP, True positive; TN, true negative; FP, false positive; FN, false negative

Table 2:	 Evaluation metrics
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Training and validation of models
Our initial data set contained 514 images for benign and 247 images for 
cancerous tissue. We then removed 50 images from benign and 50 from 
cancerous to be used as a validation data set. The remaining 464 benign 
and 197 cancerous prostate images were then augmented to 10 000 
images for benign and 10 000 for cancerous, as recorded in Table 1. The 
augmentation ensures data enhancement, robustness and variability. We 
then randomly split the augmented images into training (70%) and testing 
(30%). The reserved data set is only used for validation, and it ensures 
model generalisability and robustness. The data set was simulated in Python 
and then processed uniformly (training, testing and validation) in batches 
of 32. This strategy enhances the model’s learning process, thus ensuring 
that the error computations are accurate and guaranteeing that the model is 
progressing in the correct direction. We shuffled the training and validation 
data sets to avoid memorising the effect of a particular trend and ensure 
every training phase incorporated a diverse range of data sets. Finally, we 
used 50 epochs to train the model and added a callback and early stopping 
for regularisation while maintaining validity loss. This is not a standard rule 
and is dependent on the individual researcher’s discretion.

Methodological overview
Figure 3 depicts the sequential process of data collection, preprocessing, 
modelling, training, validation and findings, presenting an easily understood 
graphic illustration of the research’s design.

Results
The overall result of AI-assisted diagnosis of prostate cancer based on 
prostate biopsy using deep-learning models is recorded in Table 3. The 
values in Table 3 indicate that DenseNet had an accuracy value of 0.98 with 

precision, recall and F1 scores of 1.00, 0.92 and 0.96, respectively, for 
benign cases and 0.93, 1.00 and 0.96, respectively, for malignant cases. 
ResNet 50 and VGG16 ranked low because of the difficulty in identifying 
benign cases.

We thoroughly evaluated how well the model worked by providing model 
training and testing losses (Table 4), with area under the curve (AUC) 
receiver operating characteristic (ROC) values. Again, AUC measures 
the discriminating capability of the deep-learning models. Models with 
higher AUCs performed better.

Moreover, the learning curve and confusion matrix for each deep-learning 
model are also presented. The learning curve shows the dynamics 
spanning each of the training epochs by graphing the accuracy (Figure 4)  
and loss curves (Figure 5) for training as well as validation data sets. 
This helped us identify problems such as underfitting or overfitting 
through comparative analysis of both losses.

The confusion matrix (Figure 6) also shows the detailed performance 
of the models as true positive, true negative, false positive and false 
negative results. Furthermore, the model’s performance was also 
evaluated using the ROC curve, providing a graphical representation 
of each of the deep-learning models used in this study. Graphically, 
the ROC shows the true positive rate (sensitivity) and false positive 
rate (1-specificity) of our study as shown in Figure 7.

Discussion
We analysed the performance of different deep-learning architectures 
for prostate cancer classification using histological images. DenseNet 
demonstrated impressive adaptability in image classification and object 
recognition evaluations, outperforming existing architectures such as 

Figure 3:	 Study flow chart.
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MSHA, EfficientNet, Inception v3 and ResNet-50. This highlights the 
importance of considering efficiency and complexity in model-specific task 
selection. VGG19, VGG16 and MobileNet also demonstrated fine-tuning 
characteristics for optimal performance in identifying and categorising 
benign and malignant prostate cases. DenseNet’s successful integration 
of image categorisation and object recognition in a single architecture 
represents a paradigm shift in deep-learning applications.

Clinically, the results of this study have significant implications for the 
diagnosis of prostate cancer. For instance, the accuracy and F1 scores 
of DenseNet illustrate the capacity to augment and improve conventional 
histopathological assessments. The results, when integrated into clinical 
workflow, will help oncologists to ensure diagnostic precision and 
consistency. In addition, it could help in the early detection of cancer, 
which greatly influences treatment success.

As recorded in Table 3, DenseNet models performed exceptionally well in 
the test, displaying a high degree of efficiency and accuracy. Comparing 
our findings with those of other published articles, we found that our study, 
in terms of the number of images in the data set, outnumbered Campanella  
et al.26 However, with 12 132 images as a data set, the Multiple Instance 
Learning-Recurrent Neural Network model used by Campanella et al. 
produced a higher AUC value (0.99) compared with this study (0.96). This 
mismatch may result from their more extensive initial study data, which 
obviously covered broader histological heterogeneity. Our study’s data set 

Model Accuracy Precision Recall F1 score

Benign 1.0 0.92 0.96

DenseNet 0.98

Malignant 0.93 1.0 0.96

Benign 1.00 0.86 0.92

MSHA 0.93

Malignant 0.88 1.00 0.93

Benign 1.00 0.92 0.96

EfficientNet 0.96

Malignant 0.93 1.00 0.96

Benign 0.98 0.92 0.95

Inception v3 0.95

Malignant 0.92 0.98 0.95

Benign 0.98 0.94 0.96

MobileNet 0.96

Malignant 0.94 0.98 0.96

Benign 0.86 0.38 0.53

ResNet 50 0.66

Malignant 0.60 0.94 0.73

Benign 1.00 0.82 0.90

VGG19 0.91

Malignant 0.85 1.00 0.92

Benign 0.86 0.38 0.53

VGG16 0.66

Malignant 0.60 0.94 0.73

Table 3:	 Performance evaluation metrics

Model Test loss AUC ROC

DenseNet 0.13 0.9988

MSHA 0.31 0.9941

EfficientNet 0.17 0.9752

Inception v3 0.17 0.9764

MobileNet 0.26 0.9632

VGG16 0.59 0.8892

ResNet 50 0.59 0.8696

VGG19 0.32 0.9560

Table 4:	 Model testing losses and area under the curve (AUC) receiver 
operating characteristic (ROC) values

Figure 4:	 Accuracy curve of the DenseNet and other models.
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Figure 5:	 Loss curve of the DenseNet and other models.

Figure 7:	 Receiver operating characteristic (ROC) curve of the deep-learning models used in this study.

Figure 6:	 Confusion matrix of the deep-learning models used in this study.

www.sajs.co.za
https://dx.doi.org/10.17159/sajs.2026/18193


Volume 122| Number 1/2
January/February 2026 7Research Article

AI-assisted diagnosis of prostate cancer

https://doi.org/10.17159/sajs.2026/18193

Page 7 of 8

was augmented to 20 000 images from 761 slides, which may restrict 
feature variety. Next, our study showed superior performance compared 
with Vazzano et al.27 Convolutional neural network results, with 30 patients 
as a data set, were 0.97 for specificity, 0.99 for sensitivity and 0.76 for the 
correlation coefficient. Similarly, our study showed superior performance 
as compared with Ordones et al.28 Ordones et al.’s original data before 
augmentation were 428 histological images from a biopsy, compared with 
our original 728 histological samples from biopsy. Ordones et al.’s study 
recorded 0.8 and 0.73 as ROC and accuracy values, compared with 0.87 
and 0.65 for our study. However, after modification, the deep-learning 
architecture was used by Ordones et al. to improve prostate cancer 
diagnosis. The ResNet50 model values outperformed this study in terms 
of F1 scores of 95.2%. This discrepancy could originate from the use of 
tailored preprocessing, warranting investigation in additional study sections 
(iteration). Swiderska-Chadaj et al.29 used 582 prostate whole slide images; 
DenseNet and EfficientNet were the best-performing models, with 0.92 and 
0.83 as AUC ROC values, as compared with 0.99 and 0.98, respectively, in 
our study. Finally, Gour et al.30 used ResNet50, VGG16 and 19, Inception v3 
and EfficientNet, but our study outperformed their best model, EfficientNet, 
with an accuracy value of 96% compared with Gour et al.’s 90%.

Limitations
The data set used in this study was from a single healthcare centre, 
which may cause bias given that prostate cancer features differ among 
populations. In our subsequent research, we hope to integrate multicentre 
data and augment the number of original slides to improve robustness, 
hence resolving the limitation regarding data set size. Although 761 
slides (from various patients) were adequate for this proof of concept, an 
expansion to thousands of slides could further substantiate the models.

Conclusion
This study shows that AI-assisted diagnosis using deep-learning models 
markedly improves the accuracy and efficiency of classifying biopsy 
images. We utilised the deep-learning architectures DenseNet, MSHA, 
EfficientNet, Inception v3, MobileNet, ResNet 50, VGG16 and VGG19 
to categorise histological prostate tissue images. DenseNet had an 
accuracy value of 0.96 with precision, recall and F1 scores of 1.00, 
0.92 and 0.96, respectively, for benign cases and 0.93, 1.00 and 0.96, 
respectively, for malignant cases. The results of this study are highly 
significant as they highlight the capability of AI to support pathologists’ 
clinical evaluation of prostate cancer patients, guaranteeing more 
accurate and consistent diagnoses of prostate cancer.
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