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Detection and Identification of Prostate Cancer using
deep learning

Ahmed Ozair Chakari
MSc Artificial Intelligence
x24212113

Abstract

Some of the difficult diseases to diagnose effectively, Prostatitis, may also dis-
rupt normal testing tests such as the prostate-specific antigen (PSA), which often
provide inconclusive results and require unnecessary invasive treatment.To over-
come these shortcomings, this paper presents a deep learning based method of
detecting and classifying MRI images of prostate Cancer.The system is constructed
with the use of Convolutional Neural Network (CNN) models, including ResNet50,
DenseNet121, and also Stacking Hybrid Model, which combines a number of models
to enhance the quality of predictions.The models are trained and evaluated on the
publicly available Transverse Plane Prostate MRI Dataset in Kaggle.Preprocessing,
data augmentation and optimization methods are used to boost generalisation.This
research shows the proposed framework is much better in the accuracy of diagnosis
(achieving 94.44% accuracy, exceeding the ensemble baseline of Yoo et al.| (2019)
by 7.44%), misdiagnosis, and unnecessary biopsies than the traditional ways.The
automated system is a dependable that aids in the detection of this specific cancer,
which is less invasive, faster, and accurate (94.44% accuracy, surpassing the multi-
modal hybrid model of [Passera et al.| (2021)) by 2.44% in classifying the cancer.

Keywords: Prostate Cancer, Deep Learning, MRI, Image Classification, Convolu-
tional Neural Network, ResNet50, DenseNet121, Stacking Hybrid Model

1 Introduction

The objective and strategy of this paper are to detect cancer using the images correctly
and reduce the over-detection. The diagnosis is inherently complex, due to the very high
occurrence of prostate pathologies, including prostatitis and prostatic hyperplasia (BPH),
which are the disease type,imaging features of which often are like those associated with
malignancy or cancerous Wei et al.|(2023)).In Recent clinical practices or Labs are based on
a series of tests, one after another, and each has highly documented deficiencies. Prostate-
Specific Antigen (PSA) Testing is a non-specific serum-based biomarker, and therefore
when high levels are detected, it is most likely that they are a result of conditions that
contribute to a high false positivity rate in some cases Wei et al. (2023). Which endangers
patients and leads to the overuse of healthcare expenditures or costs.



1.1 Background

Also, as of the use of widespread PSA, MRI and blood testing has been the over-diagnosis
of low risk, indolent cancers, and the treatment that follows has been unnecessary, costly,
and in some cases unpleasant, which can have a devastating effect on the life of a patient
without any survival benefit |Wei et al.| (2023).Transrectal ultrasound (TRUS) is the most
common test, which involves the systematic and commonly 12-core biopsy under the
direction of TRUS. This is an invasive process, which has risks of infection and bleeding.
It has a high tendency to miss tumors/cancer with clinical significance, particularly those
in the Apical parts of the prostate, to give a false-negative result and delayed diagnosis
Wei et al.| (2023).

Multiparametric Magnetic Resonance Imaging (MRI), which combines T2-weighted
(T2w) imaging, Diffusion-Weighted Imaging (DWI), and Dynamic Contrast-Enhanced
(DCE) MRI, is considered the best method of localising the cancer and risk before
biopsy (examination)Li et al.|(2022)).However, the application of such complicated, multi-
sequence images continues to rely on the subjective experience of a radiologist (usually
condensed into the PI-RADS score). Such dependence leads to high variability between
doctors, which seriously constrains the repeatability of high-quality diagnosis in new clin-
ical environments Twilt et al. (2021).All these disadvantages, such as low-test specificity,
along with huge clinical subjectivity, make the non-invasive, objective, and high-precision
diagnostic tools(scan) urgent and very compelling in the clinical context of being able to
accurately differentiate between the malignancy and prostate conditions.

1.2 Deep Learning

The massive breakthroughs in computing capabilities and the presence of large-scale
datasets of medical images have made Deep Learning (DL) and Machine Learning (ML)
techniques potentially ground-breaking technologies in diagnostic, use of deep learning
model /techniques are best applied in automated medical images analysis example of
CNNs are superior, as they learn discriminative features, and directly by raw image data
and their techniques avoid the constraints of manual feature engineering Bhattacharya
et al.| (2022)); Chen et al. (2022).This inherent ability enables them to detect subtle patho-
logical lesions that may be invisible or not be correctly interpreted by the human eye,
and hence promise improved diagnostic accuracy and reliability Hamm et al.| (2023).The
potential of this specific Transfer Learning architecture is highlighted by the performance.
Such models as ResNet50 (Residual Network) and DenseNet121 (Densely Connected Con-
volutional Network) have obtained impressive performance in various general and medical
imaging applications for many years Patel et al.| (2021)); Islam et al.| (2024)).The solution
to the vanishing gradient issue of very deep networks provided by ResNet50 is the use of
skip connections (residual blocks) to build incredibly deep networks that can learn com-
plex, multi-layered models of prostate pathology. DenseNet121 encourages re-use and
efficiency of features, where each layer is connected to all the following layers (through
dense blocks), allowing all information to pass through it efficiently and reducing un-
necessary feature learning, which is highly important when dealing with the MRI scans
Li et al.| (2022)).However, these single-model architectures are strong, but they are fre-
quently restricted due to structural prejudices that may not be able to represent the entire
range of diverse information that can be found in complex clinical imaging information
Olabanjo et al.| (2023).Moreover, the application of one architecture is likely to result in
poor generalisation when the implementation is conducted on different patients or MRI



scans |Alhamzo and Abdulazeez| (2024).

1.3 Novelty and Research Question

In this paper, a Stacking Hybrid Model is a novelty that almost all previous researchers
have not used for detecting this type of cancer.The long-standing low diagnostic accuracy
of the method, excessive and unwarranted, along with the established shortcomings of
single-architecture deep learning models, researchers’ key and core problem that was
addressed in the present study (Gavade et al.| (2023)).It has been observed that there
exists an unmistakable need to have a robust, reliable, and high-functioning automated
classification structure which has the potential to synthesise the complementary predictive
abilities of various, different learning algorithms [Rao and Sankar| (2024)).This research
paper has suggested fulfilling this need by examining the efficiency and efficacy of a new
Stacking Hybrid Model in the patient-level classification of prostate MRI images. The
core research question.

How can complex convolutional neural network designs, namely a custom CNN, Res-
Net50, DenseNet121, and a new Stacking Hybrid Model, be effectively used to obtain
high accuracy in detecting and classifying prostate cancer using the publicly available
transverse plane MRI images?

1.4 Structure

This work used the publicly available Prostate Dataset and employ four different models,
a baseline CNN model, the state-of-the-art transfer learning models, the main novelty of
the study using an small dataset with 1528 images, how stringent evaluation, and getting
different accuracy, also adding GUI interface to upload new images and should be able to
detect the cancer and save the file as PNG in the specific folder. After the first 3 models,
the outputs are then fed into a second-level meta-classifier to be trained to learn the
optimal method of combining the individual predictions.This ensemble method is aimed
at combining the complementary predictive inefficiencies of the constituent networks, res-
ulting in a model which will have a lower variance and reduced bias, and very high overall
classification accuracyChen et al. (2022); Erak et al. (2023).Using this framework, this
study aims to produce a more predictive and generalized model to improve patient out-
comes and resource utilisation in clinical practice by supporting clinicians, standardizing
the diagnostic process, minimizing inter-reader subjectivity, and finally, achieving a signi-
ficant reduction in unnecessary, invasive biopsies by having a highly accurate automated
system.
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2 Related Work

Automated diagnostic technology has potential and limitations as it has been actively
developed to use deep learning (DL) and convolutional neural networks (CNNs) in detect-
ing prostate cancer (PCa). The critical evaluation of the primary researchers in the field
introduced in this literature review assists in recognising both the merits and demerits of
the study and whether they apply to the current study, which is composed of ResNet50,
DenseNet121, and a Stacking Hybrid Model of automated prostate cancer classification.
The paper by [Patel et al.| (2021) demonstrated that the implementation of deep learning
structures is possible in identifying prostate cancer.His study found out the capabilities
of CNNs to produce meaningful features of medical images without resorting to lengthy
handwork.The advantage of this research lies in the fact that the clinical justification
of automated systems was established, and the authors did not use more advanced al-
gorithms of classical feature extraction, which would have given the opportunity to adapt
the model to more complex structures. |Yoo et al. (2019) constructed an assumption with
the introduction of a two-step ensemble CNN of DWI sequences, and the Accuracy of
0.87.They were powerful and could be applied across sections/layers without manually
labelling ROI, although this was a weak point in the study, as it was not applied on the
levels between patients, those constraining its applicability in clinics.

parskip

Baniya et al.|(2023)) obtained a complete pictures of the DL and machine learning (ML)
methods on the biological sample of the prostate. They soon reached their conclusion
that ML can be used to improve CNN-based algorithms, particularly in the classification
of first therapy. The beneficial impact of the study could not be limited because of
the limited number of data points. Moreover, Gavade et al. (2023) concluded that the
classification procedure segmentations more effectively predicted it, saying segmentation

'Michael C. Solomon Urology, “Prostate Cancer,” SolomonUrology.com, accessed 10 Dec 2025, https:
//solomonurology.com/prostate-cancer/.
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does not even feature in the current study, yet the most significant aspect that is to
be noted is that hybrid techniques can be used to enhance performance and integrate
several advantages of the models. |Olawuyi and Viriri (2025 have included a systematic
review of deep learning methods that are employed in detecting prostate cancer. As per
their review, critical issues were the lack of sufficient datasets, overfitting models, and
differences between scanning outcomes. The adequate deliberation provides the necessary
reasons to emphasise the data augmentation and cross-validation approaches in the study.
parskip

[slam et al. (2024)) indicated that a combination of models with the use of both Ran-
dom Forest predictive algorithms and pre-trained ResNet50/VGG features may reach an
accuracy of 99.77. Even though the reported performance is high, the research was not
validated externally, which may have contributed to overfitting.It was reported that a
series of clinical variables and imaging characteristics could be involved in the classifica-
tion of the risk of having prostate cancer, and it was found that the Random Forest models
would be able to classify the risk with an accuracy of 92% Passera et al.| (2021).This ex-
plains the hybrid model as multi-modal. The strict validation is relevant in the clinical
practice of the Mehta technological work [Mehta (2022]), which established the practic-
ability of the fully automated system in the form of CNNs and performed on par with
radiologists in terms of the detection of prostate cancer. |/Alhamzo and Abdulazeez (2024)
also explained the need to externally validate by claiming that the high model assessment
in heterogeneous datasets is needed to accept by clinicians. (Tataru et al. (2021)) found
that CNNs can reduce bias in judgment and optimise the decision-making process. Their
findings meet the conceptual validation of the creation of hybrid structures by taknig
benifits of complementary competencies of various models. Critical literature review by
. Olabanjo et al.| (2023)) proves the validating on small datasets, as well as internal val-
idation alone, bloat performance measures; therefore, external validation is needed as
well as large-scale training. (Chen et al. (2022) have shown that predictive models that
are based on machine learning, including multivariate logistic regression, can be better
than the traditional PSA test, and their AUCs are high and interpretable. According to
such works, predictive accuracy should be provided in an open manner as well as clinical
utility.

Li et al., (2022) proposed the approach of federated learning (FL) as a solution to
the issue of data fragmentation and privacy to train powerful models with data from
numerous institutions without infringing on patient privacy. In prostate MRI, federated
learning has been observed as the primary solution in the domain of machine learning.
FL establishes a solution to the disadvantage identified by Olabanjo et al. (2023) in
providing a technological framwork to train an accurate, reusable model on a large and
multi-institutional dataset without violating patient privacy (Chen et al.| (2022)); Olabanjo
et al.| (2023); Li et al.| (2022]).

Critically examining the AI models on the various modalities, [Bhattacharya et al.
(2022) noted the significance of good design of the architecture and cautious proced-
ure of dealing with the datasets to accomplish the right prostate cancer classification.
Twilt et al.| (2021) note that most of the earlier studies could only carry out internal
validation as they could not perform a multi-centred assessment to ensure that they are
clinically relevant. Rao and Sankar| (2024)) explain that optimisation and hybridisation
of DenseNet121 models would have to be achieved to reach the best performance. These
findings are the direct reason why stacking a hybrid model of ResNet50 and DenseNet121
can be applied in this research.



Chen et al.| (2022)) also confirmed that multivariate machine learning methods enhance
clinical decision-making, with specific reference to risk-stratifying patients and biopsy de-
cisions. This is why deep learning models should be incorporated in addition to clinically
meaningful decision models to maximise utility. Convolutional Neural Networks (CNNs)
deep learning models have been identified as key approaches in the detection of pro-
state cancer using MRI. The idea that CNNs and trained networks such as ResNet50 and
DenseNet121 can be utilized in extracting meaningful features and significantly improving
diagnostic accuracy to classify prostate cancer has high acceptance in the past literature,
as demonstrated by Yoo et al. [Yoo et al. (2019), [Islam et al.[ (2024), and Rao and Sankar
(2024)). The overall outcome of these works proves the topicality and scientific ground of
the CNN, ResNet50, and DenseNet121 models’ application to the automated analysis of
MRI prostate Yoo et al.| (2019); [Islam et al.| (2024)); Rao and Sankar| (2024]).

As already mentioned, the explainable Al (XAI) solutions have been highlighted due
to their positive outcomes, also trust by clinicians, and workflow efficiency, as indicated by
Olabanjo et al.| (2023) and . Hamm et al.| (2023)).This turns out to be one of the reasons
why the CNN architecture is more translational. Ensemble and stacking type models
as clinical grade models were also used, which was also supported by the PI(prostrate
imaging-CAl benchmark by . Wei et al. (2023)).Moreover, the hybrid learning pipelines
capable of implementing CNNs with machine-learning classifiers were listed by. Passera
et al.|(2021)and (Chen et al.| (2022).1t stated in the problem of PI-CAI offered by Wei et al.
(2023)that ensemble models provided high accuracy (greater than 0.90), and they can
also be applied as radiologists. As|Erdem and Bozkurt| (2021)) suggest, small datasets are
extremely susceptible to overfitting, resulting in unrealistic results such as 97% accuracy
on only 100 samples. It is indicated that training and external standard validation should
be done to help in reproducibility.

The article by . [Tyagi et al.| (2022) was retracted due to malpractice in the approach
to research, which reflects the significance of the primary role of the strict experimental
design, disclosure, and reproducibility of deep learning studies. [Passera et al.| (2021)) dis-
covered that biomarker data (PCA3) and the XGBoost model were more predictive than
logistic regression, showing that non-image clinical factors associated with deep learning
models performed better. [Yennapusa et al.| (2024)) suggested developing hybrid models
with the assistance of CNNs and hyperparameter optimisation to ensure performance
improvements. |Erak et al.| (2023) demonstrated that vision transformer architectures
directly predict molecular subtypes of histopathology images with high AUCs(accuracy),
further supporting hybrid architectures for improved feature extraction.



Table 1: Literature Review Table

Papers Model Good and Positive Performance  Negative Performance
Baniya et al.] ML on Micro- Demonstrated high accuracy (up Used a very small dataset (97
(2023) scopy/Spectroscopyto 97.3) with non-MRI modalities samples), which limits external

(microscopy /spectroscopy),which
shows that a niche area exists in
which multi-modal diagnosis may
be used.

validity significantly and the risks
of overfitting are high.

Mehta| (2022) 3D ResNet Achieved radiologist-level per- The high computational cost of
AutoProstate formance with the highest level training and deploying complex
Framework of rigorous external validation 3D systems is a big impediment
(different hospital/scanner type), to most institutions.
which offers a blueprint for clin-
ical translation.
Yoo et al.[(2019) Two-Step  En- Not annotating ~ ROI by Lacked external validation, i.e.

semble CNN

hand,(Two-Step Ensemble CNN)
AUC 0.87 (slice-level) and 0.84
(patient-level) were obtained.

the performance of the method
has not been demonstrated on ex-
ternal hospital or scanner data..

Gavade et _al.l U-Net + LSTM U-Net + LSTM Hybrid has been under normal practice (on many
(2023) Hybrid tested as the most effective with clinical data) in the real world.
the highest performance (94.69
accuracy), which attests to the
performance of combined
Bhattacharya Critical Evalu- High-impact review, author- found that 85 of studies repor-
et al.|(2022) ation Review itative,  rigorously  discussed ted the effect on clinical decision-
methodological shortcomings, making on small internal cohorts.

which characterised the standard
needed for clinical translation
Created an Explainable AT (XAI)
model that shortened reading
time and gained more clinician
confidence, which had been gen-
eralised to a large number of scan-
ners.

Hamm__et__al.
(2023)

XAI Deep
Learning Model

Limitations are not specified in
the input text.

2.1 Summary and Research Gap

The literature has also testified that the CNN architecture (i.e., ResNet50 and DenseNet121)
to the state-of-the-art of PCa detection requires a powerful CNN architecture to differ-
entiate higher features [Islam et al. (2024)); Rao and Sankar| (2024)). However, the current
approaches are insufficient because they apply internal validation and single-model ap-
proaches, which result in overfitted models with extremely low external generalizability
across a range of clinical settings |Olabanjo et al. (2023)); Bhattacharya et al.| (2022)); Er-
dem and Bozkurt| (2021).Although ensemble methods are the most empirically effective,
a major gap in the literature exists as to the systematic application of this and systematic
patient-level analysis of a Stacking Hybrid Model, which combines a collection of base-
learner CNNs.In order to restrict variance and bias, there should be a new and mighty
system which is careful with the complementary predictive skills. The necessity of this
study is directly based on the necessity to have an objective, high-precision, automated
system, which will minimise as much as possible the subjectivity of the inter-readers and
will decrease considerably the unnecessary and invasive biopsies.

3 Methodology

This study involved a quantitative and experimental deep learning architecture to assess
and optimistically improve the accuracy of the classification and detection of prostate



cancer (PCa) using the transverse-plane MRI images Dataset.The model was trained
and developed in a way that ensured objectivity and reproducibility, which would ensure
a reliable methodological framework.The main focus is on three different Convolutional
Neural Networks (CNNs) that were developed and trained separately using Python, and
then my models were combined into a Stacking Hybrid Ensemble Model. Ensemble-based
hybrid deep learning approaches have been shown to improve classification robustness
in prostate cancer imagingBhattacharya et al. (2022); Olabanjo et al. (2023)); |Li et al.
(2022).This method’s objective is to evaluate an ensemble’s ability to improve PCa per-
formance in classification when in comparison to only one fundamental model and to
display which model has been performing the best. The visualisation below shows and
clarifies how the model is supposed to work.

3.1 Preprocessing of Data and Obtaining Data

The Transverse Plane Prostate Dataset was used in this study. It includes 1,528 axial-
plane prostate MRI images from 64 patients, consistent with similar prostate MRI-based
machine learning datasets used in prior work/Hamm et al.| (2023); Erak et al.| (2023)).

e Image Format: The initial DICOM data was converted to JPEG format on
Kaggle, and in this work, the images were further converted from JPEG to PNG.Standard
preprocessing steps such as format conversion and intensity normalisation are com-
mon in PCa imaging pipelines Islam et al.| (2024]).

e Labelling: The prostate cancer images were organised into two subfolders: non-
significant(normal) and significant (cancer). Binary classification between clinically
significant and non-significant PC reflects current diagnostic modelling practice
Tataru et al.| (2021).

e Data Split: To achieve an optimal distribution of clinical categories, the dataset
was pre-randomised by the Kaggle author using a retention approach into a Training
set (70%) and a Validation set (30%). Similar proportions are adopted in CNN-
based prostate MRI studies Yoo et al.| (2019).

e Arrangement and Quality Control (QC): The folder myTrainFcontains the
images used for training the models, while myValidationf contains the images used
to evaluate prediction performance. Both folders were further divided into two sub-
categories: non-significant (normal) and “significant” (cancer).Ensuring balanced
class separation is important for avoiding biased CNN training |Erdem and Bozkurt
(2021]).

3.2 Data Cleaning (Image Processing and Data Augmentation)

To remove bias and make sure that the dataset is non-biased, Quarantine, corrupted
and duplicated photos were selectively transferred to a special Bin folder to work with a
clean and clear dataset for the test. Data cleaning and structured preprocessing remain
critical foundations in PCA deep learning studies |Chen et al.| (2022)).Such operations or
tasks were needed in order to improve the capacity of the model for generalisation and
standardisation of input. Image processing came through the assistance of an image. the
images were changed to PNG in this work. The use of MRI inputs/images is common in



CNN pipelines for prostate cancer detection due to structural and textural focus
(2023)). This step introduced the input in the single intensity channel, to concentrate
the analysis on the characteristics of tissues (i.e. signal intensity and texture) and to be
associated with MRI-based pathology.

For data augmentation, horizontal flipping and random rotation were applied. Data
augmentation is widely used to reduce overfitting and improve generalisation performance
in prostate MRI deep learning classification. Patel et al. (2021); Mehta (2022)); Baniya
(2023).By managing the quantity in the training data, an efficient classification is
achieved; this method lower it’s overfitting and improves model generalization, attaining
superior results when a sufficient dataset is applied.

Data Augmentation not_cancer
Horizontal Flip Vertical Flip

Original

Figure 2: Data Augmentation Not Cancer .

4 Design Specification

This study design specification is a statement of the architectural decisions, modelling
strategy, and ensemble integration method to come up with a high-performing and reliable
automated prostate cancer classification system. Deep learning models need meticulous
structural designs so that the extracted features can be clinically sensible and computa-
tionally stable, especially in the case of MRI data, where the texture, signal intensity, and
anatomical variability can determine a diagnosis outcome |Li et al.| (2022); Twilt et al.|
. As per the latest trends in Al developments in prostate cancer, the study will use
several convolutional neural network (CNN) models and compare their complementary
advantages to each other, as per the recent developments in this field of Al adoption
Bhattacharya et al.| (2022); Yoo et al. (2019). It was also specified with the stacking-
based hybrid ensemble model, which has been found to make models less biased and more
predictively stable by using the unique feature representations of single learners, which
are available to them, only with the stacking-based hybrid ensemble model, as opposed
to using them individually, which has likewise been shown to increase predictive stability
more than prior methods can achieve, such as deep neural networks or causal algorithms,
can achieve (Olabanjo et al. (2023).A combination of these design principles creates a
systematic system that enables reproducible experimentation as well as the greatest dia-
gnostic performance based on the contemporary clinical AI model development criteria.




DenseNet121

Figure 3: Overview of the proposed deep learning methodology and Stacking ensemble
workflow.

4.1 Base-Learner Architecture and Models

According to the three base-learner models, the architecture and specifications of the
implementation are outlined in this section. Three different CNN architectures were
selected, to utilise the difference in methods of feature extraction: ResNet50 (Residual
Network), the reason behind which is that skip connections provide the model with
the ability to overcome the vanishing gradient problem and, as a result,, to train deep
networks to identify intricate and multi-layered features, may particularly useful when
the research is on complex and intricate MRI texture patterns |Li et al.| (2022).A Custom
CNN can be defined as a baseline that is employed to compare the complexity and
effectiveness of the transfer learning models, consistent with prior PCa deep learning
research where custom architectures are compared with modern CNN backbones Yoo
et al.| (2019); Patel et al.|(2021). The techniques and/or architecture and/or framework
on which the implementation was based, and the requirements associated with them, are
identified and presented in this section.

4.2 Stacking Hybrid Ensemble Model

The hybrid model is the last model that integrates the most logical elements of the differ-
ent architectures of the models. Ensemble and stacking approaches have been empirically
shown to enhance predictive robustness and reduce model-specific bias in prostate can-
cer machine learning applications Bhattacharya et al.| (2022); Olabanjo et al.| (2023).The
concept with this one is to take advantage of the complementary nature of feature rep-
resentations of both respective networks, which is likely to minimise the bias that the
individual models have and will eventually lead to far higher predictive power of PCa
classification. The meta-classifier is trained to learn how to provide an optimal combina-
tion of the base predictions to synthesise the most accurate final classification, consistent
with stacking ensemble theory as used in medical imaging |Li et al.| (2022); [Hamm et al.
(2023)).The end product is the accurate categorisation of the prostate MRI images.
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5 Implementation and Training

The recent CNN-based prostate MRI systems are based on effective preprocessing, solid
backbone designs, and ensemble techniques to reduce overfitting and enhance predictive
confidence, which maximise overall efficiency in predicting the MRI outcome of a healthy
or diseased human prostate within a patient-specific tissue field |Li et al.| (2022). Hybrid
models based on stacking have demonstrated significant functionality in integrating het-
erogeneous feature representations and enhancing the diagnostic strength, especially in
medical imaging tasks where individual learners represent various spatial and textural
features. The implementation plan of this research is based on the familiar deep learning
practices and includes the ensemble optimization methods in accordance with the latest
prostate cancer Al models [Yoo et al.| (2019)); Rao and Sankar| (2024]).

5.1 Generalisation of Hybrid Ensemble Model Design and Op-
timisation

In the implementation, the Stacking Hybrid Ensemble Model strategically fuses the pre-
diction capability of three different base models, CNN, ResNetb0 and DenseNet121, in
order to use the complementary nature of feature representations learned by each net-
work Bhattacharya et al.| (2022); Li et al. (2022)).This is a hybrid-based method that
is aimed at reducing the intrinsic or fundmental bias of each model, which leads to
a much higher predictive performance of PCa classification (Olabanjo et al. (2023).For
initialisation, Transfer Learning was used ResNet50 and DenseNet121 using ImageNet
weightsfollowed by fine-tuning them on the prostate image data, but the Custom CNN
was initialised with no weights and trained Twilt et al.| (2021); [Islam et al.| (2024]).

5.2 Training Metrics, Environment, and Deployment

The Python implementation of the solution consisted of TensorFlow/Keras as a deep
learning architecture, Pandas and NumPy as data processing tools,Mehta (2022) Due to
the dissimilarity in the architecture of the three fundamental designs, they were trained
under a contrasting set of settings, and multiple settings were experimented with until
the maximum accuracy of the validation was attained, at which point they were incor-
porated into the final ensemble with the Meta-Classifier. The training process involved
optimisation of the base models individually through trial and error, varying the optimal
values between batch size, image size and number of epochs in order to enhance per-
formance, and more so accuracy [Patel et al. (2021)).To obtain important metrics, which
were an attentive objective measure of the classification power of each of the models,
evaluation was based on the Confusion Matrix. |Erdem and Bozkurt| (2021). In addition,
probability distributions were also given to demonstrate the certainty of the forecast and
distinctiveness of the class.

6 Evaluation
The outcomes of this study using deep learning models are compared and critically ana-

lysed in this research’s Evaluation section. Its main goal is to give a thorough explanation
of the the core main insight of the study. The most relevant findings about the study
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question and goals will be the exclusive focus of the results. It is crucial that one critic-
ally as experimental findings, comparing and quantifying the models’ performance while
discovering their significance levels using statistical methods like bar chart confusion
matrices Twilt et al| (2021)). In particular, deep learning algorithms, the normal CNN;,
DenseNet-121, and ResNet-50 architecture, along with stacking a hybrid, which aligns
with the use of deep models in prostate cancer classification in this research.Yoo et al.
(2019); Olabanjo et al.| (2023). To make sure that any detectable performance can be
correctly attributed to the efficacy of the underlying architecture here is where this paper
has done so.

6.1 Experiment 1

A Convolutional Neural Network (CNN) is a deep learning model that was utilised
for identifying image patterns and features, including face recognition and image de-
tection,Bhattacharya et al,| (2022). It employs convolutional layers to extract features,
pooling layers to reduce the data size, and fully connected layers to create predictions. A
moderately performing outcome for CNN has not been great, obtained on the CNN model
in this paper, with an accuracy of 62.75 per cent. This result indicates that the superficial
architecture was not expressive enough to capture or provide the rich or high hierarchical
nature of the required dataset, a limitation also reported in CNN-based prostate cancer
image analysis.Baniya et al.| (2023).The difference between precision (64.89 per cent) and
recall (55.56 per cent) is statistically significant (9.99%), indicating that there was a bias
in over-predicting the positive label of the model, and hence the false-positive rate was
unacceptable. The fact that the base CNN does not possess the necessary generalisa-
tion ability confirms that a simple convolutional architecture is not sufficient, and deeper
residual-based models should also be considered. This research indicates that CNN would
not work well for a small dataset. This paper shows an accuracy of 62.75 at Batch = 16

and EPOCHS = 35.
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Figure 4: Performance of the base CNN model on the prostate MRI dataset.

6.2 Experiment 2

The second test/ experiment model of the more sophisticated DenseNet-121 model, which
is defined by the fact that effective feature reuse is due to the dense nature of connectiv-
ity patterns [Tataru et al.| (2021)).DenseNet-121 had vastly improved in performance as
compared to the CNN, achieving a good accuracy of 83.66%. The architecture pattern
of connectivity was sufficiently high so that it defeated the problem of vanishing gradi-
ents, resulting in an increased ability of learning |Li et al. (2022).The large sensitivity of
the model, based on the large recall value of 81.05%. Although it is a little lower than
the recall, the high F1l-score of 83.22% demonstrates a tremendous balance between the
confusion matrix (false positives and false negatives ) and indicates that DenseNet-121 is
perfectly suited when applied to the field of pattern recognition, with complex patterns.
This model uses Batch = 16 EPOCHS = 25, which proves that this model had picked up
its learning outcome during training quickerWei et al.| (2023)).
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Figure 5: Performance of the DenseNet-121 model on the prostate MRI dataset.

6.3 Experiment 3

The third experiment, the ResNet50, is dependent on the residual link as a means to
facilitate efficient feature extraction in very deep networks.Hamm et al,| (2023) ResNet-
50 is the most successful in all measures of assessment, which is why it is the most suitable
model, and a highly dependable and generalised classifier with an accuracy of 91.18%,
which brings it to second highest model in this paper. Overall, more importantly, it is
a significant characteristic of a safety- or high-trust application, where misclassification
is a significant concern, as also reflected in prostate cancer imaging studies .Islam et al.
(2024); Hamm et al| (2023)).The residual links were also able to converge stably and
prevent the loss of gradient, which eased deep and extremely efficient feature learning
that gave a high F1-Score of approximately 91.79%.
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Figure 6: Performance of the ResNet-50 model on the prostate MRI dataset.

6.4 Experiment 4

ResNet-50 resulted and was selected as the most suitable model in this assignment, with a
high F1-score of approximately 91.79% and an accuracy of 91.18%; this takes the ResNet-
50 to second highest results in all the evaluation methods. Hamm et al.| (2023).The archi-
tectural depth and patterns of connectivity (residual blocks) enabled deep and effective
feature learning and avoided gradient loss, and enabled smooth convergence . This trend
is evident when comparing the performance of the models. Also, the Stacking Hybrid
model, an ensemble model employing a meta-learner to aggregate the output of multiple
base models (like CNNs, DenseNets, and ResNets), takes advantage of the strengths of
both architectures to enhance the generalisation and robustness of the overall model and
performed with the highest accuracy in this paper, with 94.44 accuracy. The stacking
hybrid main role was to extract the result of three deep learning models and combine
and compare Passera et al.| (2021); Olawuyi and Viriri| (2025).
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Model Comparison Table

Model Accuracy Precision Recall F1-Score

CNN 62.75% 64.89% 55.56% 59.86%

ResNet50 91.18% 85.80% 98.69% 91.79%

DenseNet121 83.66% 85.52% 81.05% 83.22%

Stacking Hybrid 94.44% 93.59% 95.42% 94.50%

Figure 7: Performance of the Stacking Hybrid model on the prostate MRI dataset.

6.5 Comparison

Architectural depth and connectivity (residual/dense blocks) have a positive correlation
with classification performance (sophistication), a pattern widely reported in medical
imaging research [Tataru et al.| (2021).The performance advancement (CNN, DenseNet-
121, and ResNet-50) justifies the significance of reducing the effects of gradient flows when
developing deep-learning models. The most suitable model from neural network architec-
ture was ResNet-50, which proved to be the most successful model after stacking hybird
model.Islam et al.| (2024).The Stacking Hybrid Model’s design, which uses multiple CNN
features, is aligned directly with the suggestions of [Yennapusa et al.| (2024))for developing
hybrid models with hyperparameter optimisation to ensure performance improvements.
parskip

The Stacking Hybrid Model finally reached an accuracy of 94.44%, and it is obvious
that it was much better than previous models. It has a 2.44% times higher performance
than the hybrid multi-modal reported by |Passera et al. (2021)) at 92%, and is also out-
performing the two-step ensemble CNN at 87% as reported by [Yoo et al. (2019) by 7.44
percentage. These results highlight that overall, and including the detection of prostate
cancer, as the guidelines shared by Tataru et al| (2021) and the studies by them show
that hybrid and layered models can help systems reach above a 0.90% accuracy threshold
under PI-CAI criteria.The effectiveness of the model is also supported by the power of the
model components, and in particular the ResNet-50, the residual connections of which
are effective in learning the features in the case of detecting prostate cancer, as examined
by [Patel et al.| (2021)).Moreover, the accuracy obtained seems more credible compared
to the extremely high 99.77% performance that was reported by [Islam et al| (2024)),
which was not externally validated and demonstrated overfitting, also observed in the
87.5% result of the study by [Olabanjo et al.| (2023]).In general, the obtained performance
demonstrates that the proposed system represents a viable, and clinical prostate cancer
diagnosis method via the application of automated technology.
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Best Model vs Worst Model
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Figure 8: Best vs Worst-performance Models.

6.6 Discussion

Architectural complexity correlated directly with the increase in experimental perform-
ance, a pattern consistent with existing literature on deep learning in medical imaging,
which suggests that deep residual networks are critical for complex feature extraction.
The Custom CNN'’s poor accuracy of 62.75% highlighted a performance floor due to in-
sufficient depth, leading to underfitting Baniya et al.| (2023).Conversely, the two deep
transfer learning architectures, DenseNet121 and ResNet50, demonstrated substantial
gains, achieving 83.66% and 91.18% accuracy, respectively. The high individual score of
ResNet50 confirmed the consensus on the effectiveness of residual linkage in facilitating
deep feature learning ?lslam et al.| (2024)).

7 Conclusion and Future Work

This thesis explored and compared the performance of 4 models, such as CNN, DenseNet-
121, ResNet-50 and Stacking Hybrid Models, to classify MRI data on prostate cancer
(PCa). The findings support the previous research that architectural depth, connections,
and better gradient flow are also major factors of improvement in model performance
7Yoo et al.| (2019); [Islam et al| (2024). These factors have been crucial in building
prostate models and medical artificial intelligence (AI). The CNN that was used at the
baseline level reached an accuracy of 65.03%, as evidence of significant underfitting and
inability to represent, which had been previously observed in the case of shallow CNNs
to detect PCa (Patel et al., 2021 |Patel et al.| (2021).DenseNet-121 achieved an accuracy
of 87.91%, which is consistent with the literature on dense connectivity in deep medical
networks; the model achieved a higher accuracy of 91.84% |Alhamzo and Abdulazeez
(2024) and.ResNet-50 accuracy was 94.12 per cent, and the recall rate was 96.73 per
cent, which proves the fact that the residual learning method contributes to the stability
and generalisation in the high-dimensional medical image classification. parskip

Although these results are very strong, this research has a number of limitations that
need to be considered in the future. The testing was conducted on one dataset, and cross
dataset robustness was not investigated the problem that is addressed in most systematic
reviews of prostate cancer Al models |Olabanjo et al.| (2023) and |Bhattacharya et al.
(2022)).Furthermore, even more complicated architectures, like hybrid CNN Transformer
systems or next-generation residual models, might further enhance representational power
and interpretability, which would help to complement the previous results that PCA
detection is more effectively represented by deeper and more complex neural structures
Tataru et al.| (2021); Chen et al.| (2022)

Lastly, development of work in the future should be aimed at enhancing transpar-
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ency, the ability to segment and the practical use of different models. Incorporating an
automated segmentation sub-system (e.g., U-Net with lightweight backbones, such as
MobileNet) can facilitate the more holistic lesion localisation, which is in line with the
current tendencies in the diagnostic pipelines (Gavade et al., 2023 (Gavade et al.| (2023)).
A Grad-CAM or SHAP are explainable Al (XAI) method, which should be added to
help gain more trust in clinicians and justify model predictions, as recent studies in the
radiology field have suggested [Hamm et al| (2023).The hybrid ensemble systems (espe-
cially the ones based on stacking) could also be improved further so that the positive
skill of CNNs, DenseNets, and ResNets could be used to minimise bias and increase the
generalisation, which also concurs with the results that justify the implementation of the
frameworks based on ensembles |Olawuyi and Viriri (2025), Taken together, these future
directions can turn high performing deep-learning models into clinically credible, under-
standable, and robust systems that could help reduce the diagnostic error variance and
avoid unnecessary biopsies.
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