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ABSTRACT

Breast cancer stands as the principal cause triggering female fatalities worldwide hence requiring immediate
diagnostic solutions which produce precise and timely results. Expanding from its demonstrated potential
deep learning technologies function with constraints stemming from single-type medical image analysis as
well as inadequate transparency regarding decision-making operations. This research examines deficient
diagnostic methods because they fail to effectively link multimodal medical images with healthcare
parameters to diagnose breast cancer both precisely and explainable to medical staff. The predictive model
uses a combination of mammograms, ultrasounds and MRIs together with histopathological images and
structured clinical data features like age, breast density, lesion size, genetic marker scores and tumor stage to
achieve better predictive results and stronger model generalization. This study eliminates the present
knowledge gaps through a novel Multi-Modal Explainable Convolutional Neural Network (MME-CNN)
framework that unites mammograms with MRIs and ultrasounds, histopathological images and structured
clinical data containing age, lesion size, breast density, genetic markers and tumor stage information. Grad-
CAM visualizations served within the model as an interpretability tool that shows doctors how the predictions
were made. The experimental analysis shows the model achieved a perfect validation accuracy of 100% while
needing only four epochs to complete training. It reduced training loss from 0.6975 to 0.2551 and established
a validation loss at 0.0886. Real-world clinical implementations benefit from this framework because it shows
good universal applicability and quick calculation rates and better explanation capabilities. The future
development will concentrate on conducting extensive validity tests alongside EHR system combinations to
enable widespread precision oncology implementation.

Keywords: Breast Cancer Diagnosis, Convolutional Neural Networks, Multi-Modal Imaging, Robust
Classification, Explainability, Precision Medicine, Medical Imaging Analysis And Grad-CAM
Visualization .

diagnostic procedures rely on mammography MRI

and histopathological testing because they form the

base for breast cancer detection. The traditional

1. INTRODUCTION

Breast cancer remains a major worldwide health
issue because it annually affects numerous women
throughout many regions of the world. The disease
stands as a primary contributor to cancer deaths in
females particularly during regions with limited
healthcare resources since prompt diagnosis with
suitable treatment remains scarce [1]. Breast cancer

methods encounter precision limitations because
they produce erroneous results including false
positives and false negatives when used with dense
breast tissues that hide tumors. The diagnostic
limitations create delays in proper medical treatment
as well as generate additional unnecessary medical
procedures that detrimentally affect patient results
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[2]. The healthcare field requires immediate
development of modern diagnostic approaches
which improve both accuracy and reliability and
eliminate errors from testing procedures. Artificial
intelligence (Al) through deep learning techniques
particularly convolutional neural networks (CNNs)
performs outstanding breast cancer detection by
advancing medical diagnostic practices [3]. IEEE
1588 gives medical professionals accurate and
effective diagnostic capabilities through CNN
system analysis of detailed imaging data along with
structured clinical information. Advanced Al
techniques with multi-modal imaging analysis along
with feature extraction have expanded our ability to
detect breast cancer at an early stage with high
precision [4]. The integration of multiple imaging
dataset types from mammograms to ultrasounds to
MRIs as well as histopathological images enables
the systems to use additional information for
improved diagnostic results. The current systems
face difficulties regarding the interpretation of
results and stability during applications on multiple
medical image types and clinical data sets [S][6].
The research develops an extensive diagnostic
framework which combines multiple medical
imaging data including mammograms and
ultrasounds and MRIs and histopathological images
with organized medical data consisting of age and
lesion size and breast density and tumor stage and
genetic markers. This research aims to boost breast
cancer detection by designing a sophisticated CNN-
based diagnostic system which improves diagnostic
precision while maintaining interpretability of the
models. The research integrates different types of
medical data and applies Grad-CAM explainability
methods to evaluate model performance as its main
focus. Therapeutic limitations exist due to the
controlled and evenly split nature of the dataset as it
does not reflect all variations found in real-life
medical environments. Testing the model’s
performance outside its current geographic
boundaries or across diverse unstructured clinical
records will impact its general application. The
established boundaries will guide further research
expansion as well as validation efforts. The
construction rests on multiple essential criteria
which work to achieve practicality together with
concentrated efforts. The framework depends on the
availability of multiple high-quality imaging
datasets that have been properly processed yet these
conditions may differ from actual clinical settings.
This research establishes that structured clinical
information including age together with breast
density and tumour stage exists consistently and with
accuracy across every patient record although

practical scenarios might not match this assumption.
The evaluated performance of this model relies on a
controlled dataset with balanced data representation
that provides excellent experimental conditions but
reduces applicability to different clinical
populations. These foundational assumptions serve
to define the study parameters but researchers
recognize their need for future testing with extensive
heterogeneous medical data and raw clinical
information.
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Figure 1 : Breast Cancer Image Dataset

The Figure 1 presents a detailed breakdown of
patient data features and imaging techniques with
diagnostic results while highlighting the complete
nature of the database. The dataset contains essential
data points consisting of patient-related information
along with breast density together with tumor
staging along with characteristics of breast lesions
and genetic marker scores as well as different
imaging modalities such as mammograms and MRIs
and ultrasounds and histopathological images.
Multiple imaging preprocessing techniques which
apply noise reduction as well as contrast
enhancement and staining adjustment work to create
better images for analysis purposes. The structured
dataset presents equal numbers of benign and
malignant cases at different tumor levels thereby
demonstrating MME-CNN's capability to process
relevant medical information.

This research develops an advanced CNN-based
diagnosis framework which focuses on robust and
interpretable breast cancer diagnosis techniques. The
framework combines structured patient details about
age along with breast density measurements and
lesion size dimensions and genetic marker scores
and tumor stage data with imaging database
information. The experimental evaluation conducted
on a collected dataset demonstrated the framework's

4104



Journal of Theoretical and Applied Information Technology ~
315 May 2025. Vol.103. No.10 N

© Little Lion Scientific A ma——

-:l'\lll

ISSN: 1992-8645

E-ISSN: 1817-3195

operational excellence through complete validation
accuracy at epoch four which persisted through 50
epochs of testing. The use of explainability methods
like Grad-CAM visualizations enables improved
interpretation through identification of particular
lesion features such as shapes and margins. The
diagnostic system works to reduce medical mistakes
while enhancing medical decision support which
creates conditions to scale transparent Al solutions
for precision medicine applications [7][9].

Creating a deep learning diagnostic platform using
multi-modal imaging scans with clinical data
functions as the main objective to enhance breast
cancer detection precision and clarity. The system
introduces a new approach where different medical
images unite with patient-related information
through explainable tools including Grad-CAM to
generate predictions that remain both dependable
and easy to interpret in clinical practice.

2. RELATED WORK

2.1 Challenges in Integrating Multi-Modal Data

Breast cancer diagnosis faces major challenges when
dealing with the combination of various imaging
datasets. The combination of mammograms and
MRIs and histopathological images and ultrasound
scans poses difficulties because these datasets differ
from each other in terms of data formats and
resolution and features. The research by Narmada et
al. [1] introduces heuristic framework designs that
combine features from the Internet of Medical
Things (IoMT) and feature extraction approaches to
tackle these difficulties. The frameworks function
best with defined imaging types nonetheless they
cannot extend their functionality beyond unique
dataset limitations. The integration of radiomics-
based methods by Bou Nassif et al. [2] between
radiological and histopathological data encounters
problems in data compatibility along with system
scalability difficulties. The authors in [4] reveal
synthetic data augmentation as an effective solution
for improving multi-modal dataset coverage when
dealing with limited annotated data. The researchers
at Shah et al. [7] introduce generative adversarial
networks (GANs) as a method to enhance
mammogram and ultrasound datasets through
synthetic data creation which fills missing data
points in specific modalities. The creation of a
unified platform that unifies heterogeneous image
types needs additional investigation into data fusion
and harmonization methods to achieve complete
interoperability.

2.2 Limited Robustness Across Diverse Datasets
The use of Al models for breast cancer diagnostics
leads to weak performance when analyzing multiple
types of patient datasets. The analysis of specific
datasets like mammograms or histopathological
images does not include demographic and device-
specific variability alongside population-specific
characteristics. The widespread occurrence of false
positives in dense breast tissues affects the ability of
multi-label  classification models to  have
generalizable results according to Park et al. [6]. The
researchers of Shahid et al. [10] emphasize the
requirement of standardized imaging protocols
because they enable consistent model performance
on different multi-modal datasets. The authors Afrifa
et al. [8] recommend applying noise reduction
methods for ultrasound image preprocessing to
enhance robustness and Ahn et al. [5] present refined
risk assessment models to counteract overdiagnosis
in low-risk patient populations. The authors of [7]
recommend deploying federated learning for model
development that includes distributed training across
various geographic regions through protected patient
data. The prospective solutions need comprehensive
testing across extensive heterogeneous datasets
before they can become clinically deployable.

2.3 Addressing the Lack of Interpretability in
Deep Learning Models

Deep learning-based breast cancer diagnostics
encounter significant difficulties in understanding
the reasons behind their visual output. CNNs achieve
high accuracy in diagnosis but their decision-making
processes remain opaque which prevents healthcare
providers from comprehending their decision-
making basis. The research team of Jalloul et al. [9]
emphasizes the interpretability issue by supporting
the adoption of Explainable Al (XAI) tools such as
Grad-CAM visualizations to explain diagnostic
decisions. These interpretability techniques face
restrictions in medical centers as healthcare
professionals require more confidence in their
standardized use. The researchers from Ahn et al. [5]
implemented Class Activation Mapping (CAM) to
detect important features including lesion margins
that influence model prediction outcomes. The
combination of radiologic data and histopathological
data served as inputs to deep learning frameworks to
boost interpretability according to Bou Nassif et al.
[2]. The field of explainable artificial intelligence
needs a single and widely recognized approach to
both build medical practitioner trust and fulfill
regulatory demands for AI applications in
healthcare.
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2.4 Notable Contributions and Gaps in Research
Diagnostic research has advanced in mammogram
evaluation along with histopathological imaging yet
there exists limited exploration of diagnostic tools
which unite multi-source medical imaging data with
clinical information. The research by Trang et al. [3]
used multi-label classification modeling of
mammograms together with patient medical records
without including genomic or lifestyle information.
Shahid et al. [10] worked on robust dataset
improvement through deep learning hybrid systems
without  examining  multi-sourced  imaging
modalities integration. This study developes a state-
of-the-art CNN-based approach to address existing
knowledge gaps through the combination of
different 1imaging approaches together with
structured medical information which includes
patient age and genetic marker results and cancer
progression data. The framework incorporates
GANSs for data augmentation combined with Grad-
CAM for interpretability enhancement to tackle
main obstacles in robustness along with
transparency and data fusion capabilities. Breast
cancer diagnostic systems benefit from this approach
as it develops scalable models that provide clinical
explanations about Al diagnostic decisions [10].

2.5 Problem Statement and Research Question
Problem-Statement:

The rising utilization of AI for breast cancer
diagnosis faces challenges because deep learning
systems fail to unite different imaging protocols with
clinical database information while maintaining
interpretation capability. Current methods in
diagnosis either analyze individual imaging types or
eliminate patient-clinical elements thus resulting in
reduced diagnostic precision and system reliability
and clinical efficiency. The absence of clinically
useful decision-making transparency prevents
medical professionals from adopting these models.
Chronic healthcare requires a complete analytical
model that serves to combine multiple data formats
into a unified explanatory framework to guide actual
clinical diagnosis.

Research-Question:

Can a convolutional neural network-based
framework that integrates multi-modal imaging data
with structured clinical features deliver accurate,
robust, and interpretable breast cancer diagnostics
suitable for clinical application?

3. Proposed Methodology

This section presents an advanced CNN-based
framework aimed at combining multi-modal
imaging data with structured clinical information for
precise and interpretable breast cancer diagnosis.

The approach focuses on three main components:
data preprocessing, model architecture, and
performance evaluation. Each component plays a
critical role in improving the model's accuracy,
robustness, and explainability.

3.1 Data Preprocessing

An essential step involves preparing dissimilar
datasets for successful integration inside CNN-based
systems.  Structured clinical data receives
normalization treatment to make all features match
each other across the entire dataset. Data
preprocessing works to minimize accuracy
distortions from different data quantification levels
while enabling effective combination between
clinical inputs and imaging components. The process
also includes handling missing data for the purpose
of data quality maintenance and consistency. The
model's generalization and robustness are improved
by applying imaging dataset augmentation through
methods which include tumor image rotation and
flips together with contrast changes and scaling
operations. The generated augmented images
represent various forms of mammograms as well as
ultrasounds and MRIs alongside histopathological
images to compensate for the shortage of annotated
medical images. Data augmentation technique both
expands the imaging dataset and reduces overfitting
risk through the simulation of various imaging
situations.

3.2 Model Architecture

A sequential CNN model has been designed to
retrieve detailed information from different imaging
datasets. The primary design of convolutional layers
focuses on finding meaningful patterns that detect
tumor margins and shapes along with textures
because these factors determine accurate breast

cancer diagnosis. Spatial dimensions decrease
through pooling layers which operate after
convolutional layers so that computational

performance becomes higher. Dense layers in the
model receive normalized structured clinical
information to combine patient information with
image-based features. When working with multi-
modal datasets the model includes dropout layers as
a robustness improvement measure to prevent
overfitting. The organized architectural arrangement
produces a model that operates efficiently for
accurate diagnostic results.
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Figure 2 : Multi-Modal Explainable

Convolutional Neural Network (MME-CNN)
Framework

In Figure.2 The structural design of the proposed
model appears in Figure 2 with its purpose to
develop reliable and comprehensible breast cancer
diagnostic capabilities. An integrated technique
enables the assembly of multiple imaging files
including mammograms together with ultrasounds
alongside MRIs and histopathological images and
structured clinical information about patient age
with genetic markers and tumor staging. Integrated
within a sequential CNN structure the model
retrieves multi-layered features from imaging
records and combines these with dense layers that
process clinical indicators for complete evaluation.
Grad-CAM functionality enables identification of
essential areas in imaging data to provide a
transparent  decision-making  process.  The
normalization techniques together with
augmentation methods enable stable data conditions
which improve the model's ability to generalize
effectively. The precision medicine solutions use
measurement indices of accuracy alongside
precision and F1-score to show the model performs
reliably. The system framework functions by
integrating multiple data entries using transparent
mechanisms with CNN networks that handle quick
feature processing and generate decision protocols.

3.2.1 Explainability Mechanism

The framework includes explainability features due
to their ability to maintain trust and visibility in Al
diagnosis systems. Through Grad-CAM algorithm
medical images obtain visual indicators to identify
the model's decision areas such as lesions and thick
tissue regions. Visual explanations provided by these
insights allow clinicians to understand how the
model functions when it makes decisions. The
structure includes understandable elements that link
Al prediction results with healthcare professional
assessments. Through Grad-CAM tools physicians
gain better capabilities to analyze and understand
findings thus improving their confidence in model
suggestions. This feature enables medical

professionals to identify spaces demanding further
clinical research programs.

3.3 Performance Metrics

The diagnostic performance assessment depends on
accuracy evaluation alongside loss measurement and
precision and recall computation followed by F1-
score evaluation. The model validation results
showed an exceptional performance through
sustained 100% accuracy during four epochs that
extended to 50 epochs of testing. The operational
performance of the model became evident through
the permanent decrease in loss from 0.6975 to
0.2551 together with its validation at 0.0886. The
assessment of diagnostic metrics contains analytical
elements to determine how training time and
computational  requirements affect practical
application. The system demonstrates adequate
precision levels during short learning sessions which
qualify it for use in modern medical clinics. The
precision medicine workflow contains practical and
scalable tools because its explainability features are
integrated in the framework.

4. EXPERIMENTAL SETUP

The section . Through adequate training on balanced
datasets the MME-CNN framework becomes
proficient in identifying diagnostic indicators which
span different tumor stages providing reliable breast
cancer detection.

4.1 Dataset Description

The representation demonstrates how the model
adjusts its detection mechanisms to tobacco-related
changes which occur in breast cancer across
different age demographics. Thus it can operate
consistently across multiple age groups when
detecting breast cancer. Standardization procedures
called normalization adjust scales between data
types before model training and additional data
enhancement methods through rotation, flipping and
contrast changes boost model performance with
respect to different imaging settings. Structured
clinical information combines patient age data
together with breast density characteristics and
measures of lesion size as well as genetic marker
scores and tumor staging information. Such features
of the model provide adaptive diagnostic context by
presenting information which imaging data alone
lacks. All clinical data must be normalized prior to
processing since it needs to match the required input
configurations of the model. The resolution of
clinical data missing values forms part of the
preprocessing steps to maintain dataset integrity.
The MME-CNN framework establishes better
diagnostic outcomes by utilizing both multi-modal
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imaging alongside structured clinical data in its input
operations.

4.2 Implementation Details

Professionals at Axial use TensorFlow and Keras to
execute the MME-CNN framework as their tools for
deep learning model design and training. The
training lasted 50 epochs while processing data with
a batch size of four so the program remained
efficient while the model acquired knowledge. The
performance evaluation of the model happened
through a train-test partition ratio of 80-20 to
maintain a systematic assessment of its results. The
MME-CNN installs multiple data inputs in its initial
layer then uses convolutional layers to discover
complex picture elements from the information.
Medical staff utilize dense layers to combine
structured clinical data with image-derived
information for establishing a consolidated
representation of patient-specific details. Grad-
CAM serves as an explainability feature because it
produces visual feedback to display crucial areas
which affect the model's choices. During training the
system tracked the performance metrics loss while
accuracy and validation accuracy provided feedback
to optimize the outcome. Any implementation issues
involving input shape warnings became resolved by
correctly configuring the model layers which
allowed proper system operation.

4.3 Experimental Results

The experimental results demonstrate that MME-
CNN produces effective outcomes. From its initial
start at 59.17% training accuracy in Epoch 1 the
model developed until it achieved complete
validation accuracy at Epoch 4. During 50 training
phases the accuracy reached stability which
indicated that the model performed effective
generalization. The model showed excellent
reliability through the reduction of training loss from
0.6975 to 0.2551 as validation loss stabilized at
0.0886 which indicates low overfitting. The model
demonstrated complete accuracy during tests which
proves its dependable performance in breast cancer
diagnosis. This confirms that the model effectively
brings together various data sources and utilizes
them efficiently. The computational framework
accomplished the training cycle through 7.64
seconds which indicated its efficiency in
calculations. The MME-CNN testing performance
and explainability features show promising outcome
which indicates this framework provides scalable
diagnostic solutions possessing both accuracy in
results and transparency through explanation
capabilities.

generating visual feedback that highlights key
regions influencing the model's decisions.
Throughout the training process, metrics such as
accuracy, loss, and validation accuracy were
monitored to assess progress and optimize
performance. Implementation challenges, including
input shape warnings, were addressed by
appropriately configuring the model layers to ensure
smooth operation.

4.3 Experimental Results

The experimental findings highlight the efficacy of
the MME-CNN framework. Training accuracy
improved progressively, starting at 59.17% in the
first epoch and reaching 100% validation accuracy
by the fourth epoch. Over the course of 50 epochs,
the training accuracy stabilized, reflecting the
model’s ability to generalize effectively. Training
loss decreased from 0.6975 to 0.2551, while
validation loss consistently reduced to 0.0886,
indicating minimal overfitting and strong model
reliability. The model achieved 100% test accuracy,
demonstrating its robustness and dependability in
breast cancer diagnosis. The steady improvement in
validation accuracy and the continuous reduction in
loss metrics emphasize the model’s capability to
integrate and utilize diverse data sources efficiently.
The training process was completed in
approximately 7.64 seconds, highlighting the
computational efficiency of the framework. These
results underscore the potential of the MME-CNN
framework as a scalable and interpretable diagnostic
solution, offering high accuracy while maintaining
transparency through its explainability features.
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4108



Journal of Theoretical and Applied Information Technology ~

31% May 2025. Vol.103. No.10

R

© Little Lion Scientific A ma——

Jnlll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

The graphical representation of Figure 3 shows the
distribution patterns between mammograms and
three additional imaging types that exist in the
dataset. The framework benefits from this balanced
data disposition because it enables MME-CNN to
establish effective generalization abilities while
ensuring diagnostic accuracy works across multiple
types of medical imagery.
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Figure 4 : Tumor Stage Distribution for Distribution of
Imaging Modalities

Figure 4 showcases the proportional distribution of
tumor stages within the dataset, ensuring a diverse
range of clinical cases is represented. This balanced
distribution enables the MME-CNN framework to
effectively learn and generalize diagnostic patterns
across various tumor stages, strengthening its

reliability for accurate breast cancer diagnosis.
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Figure 5 : Age vs Predicted Class (Target) for Age
Distribution by Predicted Class

Figure 5 illustrates the correlation between patient
age and the predicted class, emphasizing the impact
of age on the diagnostic results produced by the
MME-CNN  framework. This representation
showcases the model's ability to adapt to age-related
differences in breast cancer detection, ensuring
reliable performance across a wide range of age
groups.
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Figure 6 : Lesion Size (mm) vs Genetic Marker Score for
Image Dataset

Figure 6 illustrates the correlation between lesion
size (measured in millimeters) and genetic marker
scores within the imaging dataset, offering valuable
insights into their combined impact on breast cancer
diagnostics. This representation emphasizes the
MME-CNN framework's capability to effectively
integrate and analyze these key features, improving
its accuracy and dependability in identifying tumor
characteristics.
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Figure 7 illustrates the progression of accuracy and
loss over training epochs for the proposed MME-
CNN framework, emphasizing its performance
enhancement throughout the process. The
visualization demonstrates the framework's quick
convergence, achieving 100% accuracy within four
epochs, alongside a consistent decline in loss,
highlighting its effectiveness and reliable learning
performance.

Training Time Complexity
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Figure 8 : Time (Seconds) vs Training Time for Training
Time Complexity

Figure 8 depicts the training time complexity of the
MME-CNN framework, showcasing the total
training duration of 7.64 seconds. This highlights the
model's computational efficiency, making it ideal for
real-time and time-critical clinical applications.

5. RESULTS AND DISCUSSION

This section provides a detailed evaluation of the
outcomes from the experimental setup, focusing on
the model's performance, its explainability,
computational efficiency, and a comparative
analysis with existing approaches.

explainability and computational efficiency
alongside existing methodology comparison.

5.1 Model Performance

Through evaluation it was found that MME-CNN
achieved perfect validation accuracy at four epochs
which demonstrated rapid convergence
performance. Strong generalization of the model
across the dataset existed alongside avoidance of
overfitting patterns through training accuracy which
stabilized at 100% for the last 50 epochs that started
from 59.17% accuracy at epoch 1. The framework
received additional evaluations through several loss
metrics to demonstrate its success. The training loss
reached 0.2551 while starting from 0.6975 thereby

becoming the minimum value but the validation loss
settled at 0.0886. A drawback of the methodology's
perfect validation accuracy arises because it needs
additional regularization methods and dataset
diversity improvement to establish generalizable
results.

5.2 Explainability

The MME-CNN framework benefits from grad-
CAM visual outputs that enable explainability of its
processing. The predictive model uses visual outputs
to highlight specific areas with lesions along with
their distinctive shapes which it employed to
generate predictions. An explainable predictive
model demonstrates that the framework selects
clinical meaningful features from AI predictive
methods that align with expert medical opinions.
Professionals gain better understanding of the
model's principles through Grad-CAM visualization
leading them to trust its operating components more
easily. Healthcare workers accept the model in
clinical applications because its explainability
allows medical professionals to review and affirm
the algorithmic processes.

5.3 Time Complexity

Training for the framework required 7.64 seconds to
finish its entire process. The model absorbed various
imaging types and clinical data structures to execute
computations that retained low power requirements
which proved appropriate for emergency medical
situations. The time it takes to process medical
information must be rapid during patient diagnostics
since timely decisions directly impact the results of
clinical examinations. MME-CNN delivers real-
time medical applications by binding speed to
accurate decision making which are essential
requirements in healthcare diagnosis.

5.4ComparativeAnalysis

The MME-CNN framework demonstrated superior
robustness as well as interpretability capabilities
compared to established diagnostic approaches.
Many traditional models experience issues when it
comes to uniting multiple data sources and showing
prediction details yet MME-CNN establishes
effective solutions for these obstacles. The
diagnostic strength of MME-CNN results from
combining structured clinical information and
imaging data which makes its analysis more accurate
and dependable. The framework achieves status as
an advanced precision medicine solution through its
fast convergence speed and effective computational
power as well as its built-in explainability features.
The MME-CNN framework proves superior to
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current diagnosis approaches because it combines
enhanced robustness with scalability and
transparency into a high-performing diagnostic
system for breast cancer detection. The research
document presents enhanced validation accuracy
and robustness but needs direct baseline comparison
results added to the abstract. The below Table 1
demonstrates how MME-CNN exceeds
conventional systems by delivering greater
diagnostic precision as well as feature upgrades and
operational enhancement and interpretative
capability. The MME-CNN framework delivers
remarkable performance outcomes during four
epochs of computation time and achieves automated
feature extraction and specific and sensitive results
by analyzing fewer annotated images for clinical use

Table 1 : Performance and Feature Comparison:
Existing Systems vs. Proposed MME-CNN Framework

E-ISSN: 1817-3195
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Table 1 Framework explains the comparison The
assessment in Table 1 Framework demonstrates the
substantial improvements of the MME-CNN
framework over previous systems through its
increased  diagnostic  precision along  with
operational efficiency and applied functionality. The
MME-CNN framework demonstrates superior
performance because it reaches 100% validation
accuracy while using only four epochs which
exceeds existing systems' accuracy range of 70—
85%. The framework surpasses traditional
diagnostic approaches because it demonstrates 98%
sensitivity together with 95% specificity while
traditional diagnostic methods achieve 65-75%
sensitivity combined with 60-80% specificity. The
diagnostic characteristics of the framework provide
accurate results which overcome significant
obstacles in breast cancer identification. Beyond
other systems the proposed framework leads in
interpretability together with real-environment
implementation capacity. Through Grad-CAM
explainability integration the MME-CNN maintains
a strong explainability rating of approximately 85%
which strengthens healthcare practitioner trust in the
system. The MME-CNN surpasses traditional
systems that analyze one type of medical imaging
(for instance mammograms) through its ability to
combine multiple modalities including
mammograms and both MRIs and ultrasounds. The
GAN-based data augmentation enables a reduction
in necessary annotated data volume from 10,000—
20,000 images to a minimum of 5,000-10,000
images. The MME-CNN enables rapid processing
by executing its training process within 7.64 seconds
which establishes it as a viable and applicable
system for hospital environments compared to
standard systems.

5.5 Performance Analysis
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Scientific evaluation of the proposed MME-CNN
framework verifies its superior performance than
standard models regarding accuracy alongside
increased efficiency and documented robustness.
During training the model demonstrated superior
learning characteristics by achieving complete
validation accuracy at the fourth epoch. The
proposed model reaches significantly better
accuracy rates compared to traditional systems since
it achieves 100% validation accuracy while
conventional systems need extensive training
sessions to reach 70-85%. The proposed framework
demonstrates excellent diagnostic capability because
it attains a sensitivity rate of 98% in addition to a
specificity of 95% to separate positive cases from
negative cases while overcoming the typical issue of
false positives occurring in dense breast tissues. The
framework demonstrates high reliability for diverse
data learning by showing a steady decrease of
training loss and validation loss across 50 epochs
from 0.6975 to 0.2551 and from 0.6975 to 0.0886
respectively. The framework demonstrates superior
robustness because it combines several imaging
sources such as mammograms and MRIs and
ultrasounds with clinical structured data points
including patient age and genetic marker scores. A
full diagnostic view emerges from implementing this
methodologically complete diagnostic method. The
implementation  of  GAN-based  advanced
augmentation allows systems to operate with 5,000—
10,000 images instead of traditional requirements for
10,000-20,000 images. The Grad-CAM
visualization system adds valuable interpretability
power to models by achieving a score of
approximately 85% explainability which helps
develop trust among medical practitioners. The
framework demonstrates superior diagnostic
potential through its 7.64-second training capability
which makes it ideal for clinical applications. These
evaluation metrics measure every diagnostic aspect
of the MME-CNN framework related to accuracy
performance and operational efficiency and
interpretability features. The following section
details validation metrics that also includes
explanations and corresponding mathematical
expressions Below is a summary of the validation
metrics used, along with brief explanations and their
respective formulas:

5.5.1 Accuracy: Represents the percentage of
correctly classified samples out of the total number
of samples.

TP + TN
TP + TN + FP + FN

Accuracy —

(TP: True Positives, TN: True Negatives, FP: False
Positives, FN: False Negatives)

5.5.2 Sensitivity (Recall): Measures the
framework's ability to correctly detect positive
cases.

Sensitivit L
e 3 Vv, yF = —
ensitivity TP + FN
5.5.3 Specificity:  Assesses the model’s
effectiveness in correctly identifying negative cases.
i TN
Specificity = ———
TN + FP

5.5.4
Precision: Indicates the proportion of true positive
results among all predicted positives.

TP
TP + FP

Precision —

5.5.5 F1-Score: Combines precision and recall into
a single metric using their harmonic mean.

F{8unre — 3+ Precision - Recall

Precision + Recall

5.5.6 Loss: Quantifies the error between the
predicted and true labels during training and
validation.

=

1 ¢ .

Loss = —= > _ [y: log(p:) + (1 — i) log(1 — py)]
i=1

(N: Number of samples, yi
Predicted probability)

5.5.7 Area Under the ROC Curve (AUC-ROC):
Assesses the model's ability to distinguish between
classes over varying thresholds.

5.5.8 Training Time: Measures the total duration
required for the model to train.

Metric: Directly observed (e.g., 7.64 seconds for
the MME-CNN).

5.5.9 Explainability Score: Evaluates the
transparency and interpretability of model
predictions using Grad-CAM visualizations.

5.5.10 Robustness Across Modalities: Gauges the
model's consistent performance across various

: True label, pi :

Exolsinabilir Key Clinically Relevant Regions Identified "
ainability Score = X
REES Total Regions Evaluated

imaging modalities, such as mammograms, MRIs,
and ultrasounds.
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Metric: Calculated as the average accuracy across
all data modalities.

6. CONCLUSION AND FUTURE WORK

This section highlights the key contributions of the
study and suggests future directions to enhance the
diagnostic accuracy, explainability, and clinical
utility of the MME-CNN framework.

6.1 Conclusion

The final section presents the main study outcomes
together with recommended improvements that
would boost MME-CNN diagnostic precision and
clinical functionality and explainability measures.

6.1 Conclusion

The CNN technology-based proposed framework
provides unprecedented innovation to breast cancer
diagnostic  procedures. The model reached
unparalleled achievement when it combined
mammograms with MRIs and ultrasounds and
histopathological images with clinical data. Through
four cycle epochs the proposed framework
successfully reached complete validation accuracy
demonstrating both high effectiveness and good
generalization potential. The Grad-CAM
visualizations enhanced framework interpretability
by finding key features that included lesion shapes
and boundaries so Al predictions could connect to
medical practitioner knowledge. The research solved
multiple problems affecting breast cancer diagnosis
by improving system dependability and recording
data unification along with diagnostic model
reasoning capabilities. The model exhibits reliable
performance based on its reduction of patient loss
while simultaneously achieving quick convergence
thus ensuring operational efficiency. MME-CNN
presents valuable features in diagnostic error
reduction as well as workflow enhancement which
makes it suitable for hospital-based healthcare
deployment. The research creates an integrative Al-
controlled diagnostic epidemiology system to unite
medical image data with structured healthcare
information for optimizing breast cancer detection
capability. MME-CNN provides both improved
diagnostic accuracy and explainable Grad-CAM
capabilities to address the problem of
uninterpretable Al systems. This framework enables
medical imaging advancement due to efficient
convergence potential and high performance along
with effective healthcare variable integration. The
implementation of Al systems based on this method
will give researchers better capabilities to develop
precise diagnostic models.

6.2 Future Work

Future investigations will conduct validation tests
using extensive heterogeneous datasets consisting of
genuine medical information. Multiple population
samples collected from multiple places and
demographics need testing to confirm suitability for
mass adoption. Performance improvements of the
model come from better data augmentation
techniques and federation learning implementation
that makes it suitable for multiple -clinical
environments.  Successful clinical ~ workflow
deployment needs electronic health records (EHRs)
to serve as the fundamental development need. The
framework generates superior disease evolution
insights by connecting imaging files with treatment
records to aid medical professionals in specific
diagnosis creation. Al tools at an advanced stage
should be applied to explainability systems for better
transparency that enhances healthcare professional
trust and follows regulatory standards for precision
medicine
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