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Abstract: Histopathological images frequently have complex patterns and structures that are difficult for conventional image processing
methods to effectively analyse. In image classification applications, CNNs have demonstrated considerable potential, but their performance
can be greatly influenced by the choice of the best hyperparameters, such as the depth of the architecture and the kind of filters to use. In
this study, genetic algorithms are used to automatically find these ideal hyperparameters, enhancing the CNN's capability to detect breast
cancer. The proposed hybrid model optimises the CNN architecture by utilising the evolutionary search capabilities of GAs, allowing it to
successfully extract pertinent features and patterns from histopathology pictures. A CNN that is better suited for breast cancer categorization
is produced by this dynamic optimisation process, increasing diagnostic precision. On a sizable collection of histopathology imaging data,
rigorous tests were carried out to assess the efficacy of our method. Comparing the results to conventional CNN models, the findings show
a considerable improvement in diagnosis accuracy. Additionally, the model is easier to use and more effective because to the incorporation
of GAs, which also minimises the need for manual hyperparameter adjustment. In conclusion, a promising method for enhancing breast
cancer diagnosis using histopathological image analysis is the combination of genetic algorithms with convolutional neural networks. This
hybrid model's automated hyperparameter optimisation procedure offers precise and effective diagnostic abilities, ultimately improving
patient outcomes in the area of breast cancer diagnosis and treatment.
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1. Introduction

Medical image analysis, and specifically the identification
of breast cancer, has been revolutionised by the
combination of Genetic Algorithms (GAs) and
Convolutional Neural Networks (CNNs). The importance
of early and precise diagnosis in enhancing patient
outcomes for breast cancer continues to be well
recognised. Examination of tissue samples on a cellular
level through histopathological analysis is essential for
determining the existence and features of breast cancer
[1]. However, it can be time-consuming and error-prone
to manually evaluate these images. The combination of
GAs and CNNs, two cutting-edge computational
approaches, therefore offers a viable alternative to
improve speed and precision in breast cancer
diagnosis.The fundamental purpose of this research is to
examine how Genetic Algorithms and Convolutional
Neural Networks can work together to analyse
histopathology images for the purpose of diagnosing
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breast cancer. By combining the optimisation powers of
GAs with the deep learning prowess of CNNs, we intend
to address some of the significant difficulties in this
sector.

Millions [2] of people every year are diagnosed with
breast cancer, making it one of the most common cancers
worldwide. More efficient treatments and higher patient
survival rates are possible thanks to early detection. Breast
biopsies are the gold standard for diagnosing breast cancer
through tissue analysis by a pathologist. Pathologists
examine these tissue samples in order to determine the
type and location of malignant cells.This manual method,
however, has its drawbacks. It's a lengthy process that
requires highly skilled pathologists and a lot of their time.
Additionally, pathologists can differ in their precision of
diagnosis, and the procedure could be subject to inter-
observer variability. Because [3] of these difficulties,
CAD systems have been developed to aid pathologists in
their diagnoses.The use of Convolutional Neural
Networks (CNNs) in computer vision and image
processing has been a game-changer. When it comes to
picture recognition and classification, deep learning
models excel. At the same time, the image is automatically
extracted from the complex histological data. They can
learn detailed patterns and small characteristics that are
suggestive of malignant tissue, making them a useful tool
for automated diagnosis.
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Convolutional layers, which [4] do feature extraction, and
pooling layers, which minimise spatial dimensions, are
just two of the many types of layers that make up a CNN.
Through a process of training, in which it modifies its
internal parameters based on labelled input, the network
learns to recognise patterns. CNNs are useful for medical
image analysis because they can accurately categorise
new, unlabelled images after being trained.One sort of
evolutionary algorithm, genetic algorithms (GAs) are
motivated by natural selection. Their optimisation skills
are well-known, and they excel at locating optimal
solutions in densely populated search environments. The
way GAs work is by keeping a population of candidates
(individuals) and gradually improving their fitness over
generations to achieve a desired goal.In [5] the context of
CNNs for histopathological image processing, GAs can
play a vital role in hyperparameter optimisation, which is
why they are increasingly being used. Hyperparameters
are the settings in a neural network's configuration that
determine its behaviour and performance. It is difficult to
find the best hyperparameter settings because of the large
search space that must be explored. To optimise the
CNN's performance, hyperparameters like learning rate,
batch size, and filter size may be adjusted, and this space
can be efficiently explored by GAs.

Combining [6] GAs with CNNs for use in diagnosing
breast cancer is an innovative method with the potential to
address a number of obstacles. First and foremost, it
exploits the optimisation capabilities of GAs to fine-tune
the hyperparameters of the CNN architecture. This real-
time tweak prevents problems like overfitting and
underfitting from hindering the CNN's performance on the
unique task of detecting breast cancer.Furthermore, GAs
provide an opportunity to enhance the structure of the
CNN itself. Among the architectural details to be decided
upon are the number of layers and the size of the
convolutional filters. The performance of a CNN can be
greatly enhanced by allowing it to automatically adjust its
architecture to the specifics of histological image data.The
[7] diagnostic method benefits from the complementary
nature of GAs and CNNs. Time spent on picture analysis
can be cut down by optimising hyperparameters and
architecture to make more efficient use of available
computing power. This efficiency has the potential to
speed up diagnosis and treatment planning in a medical
context.Accuracy Enhanced The combined technique
improves the CNN's capability to extract relevant features
from histopathology pictures by modifying the CNN's
hyperparameters and architecture. This improves
diagnostic precision and decreases the possibility of false-
positive or false-negative results.

e Reduced Computational Burden: GAs optimise the
CNN's parameters, making it more efficient in terms

of computational resources. Time is of the essence in
many clinical and non-clinical situations.

e Automated diagnosis using the integrated approach
can lessen the need for human interpretation, leading
to less variation in findings from one observer to the
next and higher quality overall outcomes.

e Breast cancer can be prevented or treated more
effectively if diagnosed and treated early. Fast and
accurate diagnostics can contribute to early detection
of breast cancer.

e Economic Efficiency: Automation of diagnosis has
the potential to cut healthcare costs by minimising
redundant human tasks and better allocating scarce
resources.

e Finally, improving breast cancer diagnosis using
histological image analysis should benefit from the
combination of Genetic  Algorithms  and
Convolutional Neural Networks.

Using the optimisation prowess of GAs with the deep
learning powers of CNNs, this novel method tackles
issues of accuracy, efficiency, and standardisation. As we
explore more into the integration of these two powerful
methodologies, we anticipate major contributions to the
field of medical image analysis, ultimately benefiting both
healthcare practitioners and breast cancer patients.

2. Review of Literature

Research and developments in the fields of medical image
analysis and machine learning have laid the groundwork
for the integration of Genetic Algorithms (GAs) and
Convolutional ~ Neural =~ Networks  (CNNs)  for
histopathological image analysis in breast cancer
detection [8]. Here, we take a look back at some of the
seminal contributions and associated work that have led to
this fruitful union.To begin, Convolutional Neural
Networks are used in the analysis of medical
images.There has been tremendous development in the
use of CNNs for medical image processing in the past few
years. Using deep learning, scientists have automated the
analysis of a wide range of medical pictures, from x-rays
to histopathology slides. CNNs have proven their worth in
the diagnosis of breast cancer by successfully
differentiating carcinogenic from noncancerous tissue,
categorising tumour subtypes, and predicting patient
outcomes from the study of digital biopsies [9].

Deep learning models, [10] such as convolutional neural
networks (CNNs), have been found to hold promise for
histopathological image interpretation in breast cancer,
thanks to pioneering studies such as those conducted [12].
These researches paved the way for utilising CNNs as a
fundamental component in Al-powered breast cancer
diagnostics systems. CNNs have been widely adopted in
medical image analysis jobs due to their capacity to
automatically learn discriminative features from raw
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image data.When training deep learning models like
CNNSs, hyperparameter optimisation is essential. The
performance and generalisation ability of neural networks
are profoundly affected by the selection of
hyperparameters including learning rates, batch sizes, and
architectural configurations. Genetic Algorithms have
long been recognised as a viable way for effectively
searching through the enormous range of hyperparameter
combinations to locate optimal settings [11].

The idea of employing GAs for fine-tuning
hyperparameters has been investigated deeply. In order to
optimise hyperparameters and attain state-of-the-art
results in different machine learning tasks, researchers
like [13] have shown that GAs are successful. A
population of possible hyperparameter configurations is
evolved across many generations, with the fitness of the
population increasing in accordance with a specified
objective function. This iterative refining corresponds
well with the complicated and high-dimensional character
of hyperparameter search spaces, making GAs a suitable
choice for hyperparameter optimisation.The use of GAs
and CNNs together for medical picture analysis, such as
breast cancer diagnosis, is a new and exciting
development. By combining the best features of both
methods, performance of automated diagnosis systems
can be improved.

The [14] proposed a Genetic Algorithm-Convolutional
Neural Network (GA-CNN) framework for lung nodule
detection in chest radiographs, which is an excellent
illustration of this type of fusion. In this research, GAs
were used to fine-tune the CNN's design and parameters,
leading to greater precision and stability in lung nodule
identification. This study proved that GAs can be used to
fine-tune CNNs for particular diagnostic imaging
applications.[15]used Genetic Algorithms to perfect CNN
architectures for the dissection of breast cancer
histopathology pictures, and their findings were
comparable. They improved the CNN's segmentation
accuracy by tweaking its convolutional layers and

hyperparameters, demonstrating the utility of this holistic
approach to training CNNs for histopathological
research.GAs have also been applied for feature selection
and fusion in the context of medical picture analysis.
Improving the interpretability of the data by lowering the
dimensionality of the data. It [16] used mammographic
images for the identification of breast cancer using a GA-
based feature selection method. The GA narrowed down
the feature space to include only the most relevant
information, which led to better classification of benign
from malignant instances. By demonstrating how GAs can
improve the feature selection process, this method
demonstrates how they can be used to boost the diagnostic
performance of image analysis systems.

In addition, the use of GAs for feature fusion has been
investigated as a method of bringing together
complimentary data from various sources. For instance,
GAs have been used to improve mammography,
ultrasound, and histopathology data fusion for multi-
modal breast cancer diagnosis. This approach provides for
a more comprehensive assessment of breast lesions and
has the potential to increase diagnosis accuracy [17].
There is a substantial body of literature in medical image
analysis, deep learning, hyperparameter optimisation, and
feature selection that can be leveraged when Genetic
Algorithms are combined with Convolutional Neural
Networks for histopathological image analysis in breast
cancer diagnosis. Using deep learning models in the
proposed integration has a solid foundation thanks to the
widespread implementation of CNNs in medical image
analysis. In addition, GAs have been shown to be effective
in improving CNN performance through hyperparameter
tuning, architectural optimisation, and feature selection,
so they are a natural choice for optimising and
customising CNNs to the unique difficulties of breast
cancer diagnosis through histopathological image
analysis. Collectively, these trials show how much the
integrated strategy can do to improve breast cancer
diagnosis and treatment.

Table 1: Summary of literature review

Methods Approach

Key Findings Scope

CNNSs in Medical Image
Analysis [12]

Leveraging deep learning for
automated diagnosis using

CNNs are effective in
identifying cancerous tissue
and subtypes.

General application in
medical image analysis.

CNNs.
Hyperparameter Using GAs to optimize
Optimization with Gas hyperparameters like learning
[18] rates and batch sizes.

GA s efficiently search Hyperparameter
hyperparameter spaces, optimization in deep
improving model learning.

performance.
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Fusion of GAs and CNNs
in Medical Image
Analysis [15]

Combining GAs and CNNs to
optimize network architecture
and hyperparameters.

Improved accuracy and
robustness in various
medical image analysis
tasks.

Tailoring CNNs to
specific medical imaging
tasks.

GA-based CNN
Architecture
Optimization [19]

Employing GAs to evolve
CNN architectures.

Optimized CNN
architectures enhance
segmentation accuracy.

Enhancing CNNs for
image segmentation
tasks.

GA for Feature Selection
[20]

Utilizing GAs for feature
selection in image analysis.

GAs select informative
features, improving
diagnostic accuracy.

Reducing dimensionality
in medical image data.

Feature Fusion using Gas
[21]

Optimizing data fusion from
different modalities with GAs.

Comprehensive assessment
of lesions, potential
accuracy improvement.

Enhancing multi-modal
diagnosis in medical
imaging.

Genetic Programming in
Image Analysis [22]

Applying genetic
programming for symbolic
regression in image analysis.

Genetic programming
discovers mathematical
models from data.

Symbolic regression for
model discovery in
images.

Evolutionary Strategies
for Model Training [23]

Employing evolutionary
strategies for optimizing deep
learning models.

Improved model
convergence and training
efficiency.

Enhancing the training
process in deep learning.

Evolutionary
Optimization of CNN
Hyperparameters [16]

Using evolution-based
optimization for CNN
hyperparameters.

Efficient hyperparameter
tuning, leading to improved
CNN performance.

Hyperparameter
optimization for CNNs.

Multi-objective
Optimization for Image
Analysis [2]

Utilizing multi-objective
optimization for image
analysis tasks.

Balancing multiple
objectives in image analysis
tasks effectively.

Addressing complex,
multi-criteria image
analysis.

Evolutionary Feature
Engineering[11]

Evolving feature
representations with GAs.

Automatic feature
engineering improves
classification performance.

Enhancing feature
extraction for image
analysis.

Transfer Learning and
Fine-tuning [17]

Leveraging transfer learning in
CNNs for image analysis.

Fine-tuning pre-trained
CNNs enhances their
performance on specific
tasks.

Enhancing CNN
performance with
transfer learning.

Ensemble Methods in
Medical Imaging [24]

Using ensemble methods to
combine multiple models for
image analysis.

Ensembles improve
diagnostic accuracy by
leveraging diverse models.

Enhancing accuracy
through model
ensembling.

Deep Reinforcement
Learning in Image
Analysis [25]

Applying deep reinforcement
learning for object detection
and segmentation.

Improved object detection
and segmentation
performance.

Exploring reinforcement
learning in image
analysis.

Meta-learning for Few-
shot Classification [26]

Meta-learning techniques for
few-shot image classification
tasks.

Efficient adaptation to new
image analysis tasks with
limited data.

Addressing the challenge
of data scarcity in image
analysis.

3. Proposed Methodology

Combining evolutionary optimisation with deep learning
approaches, the combination of GAs and CNNs for
histopathological image analysis in breast cancer
diagnosis is a cutting-edge method. The goal of this
technology is to improve the speed and precision of tissue-

based breast cancer diagnosis. The early detection and
correct diagnosis of breast cancer rely heavily on
histopathological image analysis. The conventional
approach relies on pathologists manually inspecting tissue
slides, which can be a laborious and error-prone process.
Recent years have showed promise in automating this
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procedure with deep learning techniques like CNNs, but
optimising their performance remains a difficulty. Genetic
algorithms can be useful in this context.Natural selection
and the evolutionary process serve as inspiration for

Genetic Algorithms. They are optimisation strategies that
can improve CNN performance while categorising breast
cancer histopathology images by fine-tuning the CNN's
hyperparameters.

(©) BreastCancerDataset

o data: DataFrame
o labels: Series

o load_data(file_path: str): void
o preprocess_data(): void

A

© GeneticAlgorithm

o population: List[Chromosome]
o fitness_function: Function

o initialize_population(): void
o select_parents(): List[Chromosome]

| e evaluate_population(): void

e crossover(parents: List{Chromosome]): List[Chromosome]
o mutate(chromosomes: List[Chromosome]): List[Chromosome]

N

@ Chromosome

@ ConvolutionalNeuralNetwork

o architecture: Architecture

o genes: List[Gene]

e build_model(): Model
o calculate_fitness(): float o train_model(data: DataFrame, labels: Series): History
o evaluate_model(data: DataFrame, labels: Series): Dict[str, float]

Y
© Gene

o value: float

e mutate(): void

Fig 1: Proposed model Flowchart

Histopathological imaging data is collected and
preprocessed as part of the approach. In order to do this,
we need to collect a dataset of breast tissue samples, label
them with their respective diagnostic labels (such as
benign or malignant), and normalise the images so that
they are all the same size and have consistent pixel
values.For the purposes of picture categorization, we
select a Convolutional Neural Network (CNN) as the
underlying architecture. Due to its inherent capacity to
automatically learn pertinent features from images, CNNs
are ideally suited for this type of analysis. Multiple
convolutional layers, pooling layers, and fully connected
layers are all possible in this architecture.At the outset, a
pool of potential CNN architectures is generated using
randomly generated hyperparameters. The number of
layers, the size of the filters, the rate of learning, and the
activation function are all examples of such
hyperparameters.A fitness function is defined to measure
the success of each CNN in the population. Using a
validation set, this function assesses the CNN's ability to
classify  breast cancer histopathology  pictures.
Classification effectiveness is typically evaluated using
standard measures including accuracy, precision, recall,
and F1-score.To optimise a population of convolutional
neural network (CNN) designs over time, the Genetic

Algorithm is used. The CNNs with the greatest fitness
scores are chosen as parents for the next generation at the
end of each cycle. New CNN architectures with tweaked
hyperparameters are developed via genetic processes like
mutation and crossover.No appreciable increase in
population fitness after a certain number of generations is
one example of a convergence criterion that signals when
an optimisation process should be stopped.Selecting the
Best CNN Architecture The best CNN architecture is
chosen as the final model for breast cancer diagnosis once
it has been optimised.The chosen CNN is then examined
on a third-party test dataset to determine how well it
generalises. Its diagnostic efficacy is measured using a
variety of criteria, including precision, sensitivity, and
specificity, and ROC curves.

A. CNN Architecture:

Equations can be used to describe the mathematical model
of breast cancer diagnosis using Convolutional Neural
Networks (CNNs). I'll provide a simple depiction of the
mathematical model for picture classification using a
basic CNN, even though the whole architecture of a CNN
can be fairly complex.
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Algorithm:
1. Input Image:

e The input image is represented as a matrix | with
dimensions H x W x C, where H is the height, W is
the width, and C is the number of color channels
(typically 3 for RGB images).

2. Convolution Operation:

e The convolution operation is used to extract
features from the input image. Let K be a 3D
kernel (also called a filter) with dimensions h x
w X C, and F be the feature map (output of the
convolution). The convolution operation can be
defined as follows:

F(i,jym) = Yp=0toh—13%q
=0tow—1)c
=0toC—1[I(i+p,j+q,c)
* K(p,q,c,m)] + b(m)

3. Activation Function:

e An activation function is applied to the feature
map elements by elements following the
convolution procedure. Rectified Linear Unit
(ReLU), Sigmoid, and Tanh are typical
activation functions. It is possible to express the
ReLU activation function as:

A(i,j,m) = Max(0,F(i,j,m))
4. Pooling Layer:

e In order to reduce the number of spatial dimensions,
feature maps can be downsampled by using a
pooling layer (such as MaxPooling or
AveragePooling). Where P is the final feature map
after being pooled, we have the following definition
of the pooling operation:

P(i,j,m) = pooling_function(A(i * s,j * s,m))
5. Fully Connected Layer:

e  After several convolutional and pooling layers, the
feature maps are flattened and passed through one or
more fully connected layers. These layers are
typically followed by activation functions, such as
ReLU.

Zk = Yi=1ton[Wk * Pi] + bk
6. Output Layer:

e The final fully connected layer is followed by a
softmax activation function for classification tasks.
The output O represents the predicted class
probabilities:

0(k) = e*Zk / Yj = 1to K [e"Z]]

B. Genetic Algorithm:

As a robust optimisation strategy for feature selection and
classification model tuning, Genetic Algorithms (GAS)
have found use in breast cancer diagnosis. Here, GAs are
employed to improve the precision and speed with which
breast cancer is diagnosed using multiple data sources,
including clinical data and medical pictures.GAs function
by emulating the processes of natural selection and
evolutionary change. To achieve this goal, they generate
and evolve a population of candidate solutions, which in
this case is a collection of features or model
hyperparameters. Important GA-based breast cancer
detection procedures include:

The dimensionality and noise of the data can be reduced
by GAs' assistance in feature selection by locating the
most important features in an otherwise overwhelming
dataset. By zeroing in on the most useful features for
breast cancer categorization, this process improves the
efficiency of machine learning models.To fine-tune the
performance of a model, GAs can be used to optimise the
hyperparameters of a classification method like a support
vector machine or a decision tree.The fitness function
quantifies how well a selected subset of features or model
configuration can classify breast cancer cases. This
feature is essential for directing the GA in the direction of
optimal answers.Genetic operators, such as mutation and
crossover, efficiently explore the solution space by
merging and modifying current feature subsets or model
configurations to generate new ones.In order to converge
on a solution that maximises the fitness metric, GAs keep
improving it over successive generations.

C. GA + CNN Hybrid Model:

Optimization of the CNN's hyperparameters and
architecture can be achieved with the help of GAs when
they are used with Convolutional Neural Networks
(CNNs) for breast cancer detection. A mathematical
technique for constructing a GA + CNN hybrid model for
breast cancer diagnosis is laid out in detail below:

1. Input Process the data.

e First, amass a dataset of breast cancer photos
that have been manually labelled.

e Resize photos to a uniform scale, standardise
pixel values, and partition the data into training,
validation, and test sets as part of the
preprocessing.

2. CNN layout.

e Establish the baseline for the CNN by defining its
basic hyperparameters (such as the number of layers,
filter sizes, and activation functions). The GA will
fine-tune these factors.

3: Putting CNN Parameters in an Encoder
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e CNN hyperparameters can be encoded as genetic
markers in the GA. There is a distinct CNN
architecture for each chromosome.

4. Start the GA.

e Introduce a diverse assortment of chromosomes
(CNN configurations) into the GA population at the
outset.

e Establish a fitness function to assess the efficacy of
each chromosome on a sample of the training data.
In most cases, classification accuracy is used as the
metric by which the fitness function is evaluated.

5. Genetic Operations:

e Putinto action genetic operators:

e Using fitness as a criterion, select the best
chromosomes to be the parents of the next
generation.

e In a process known as crossover, genetic material
from two parents is combined to make a set of
offspring chromosomes. Changing the size of the
filter or the layers can help.

e To preserve genetic variety, mutations are
introduced at random into some chromosomes.

e  Assess Physical Capacity

e  Use the fitness function to assess the viability of the
offspring chromosomes.

6. Criteria for Early Exit

e Set a termination condition, such as a minimum
fitness score or the number of generations to go.

7. Adaptation

e It is necessary to repeat steps 5-7 for several
generations before terminating.

8. Decide on an Optimal CNN Setup

e After the GA finishes, the best CNN architecture can
be determined by picking the chromosome with the
maximum fitness.

9. Testing and Training the CNN

e The complete training dataset should be used to train
the CNN with the best possible architecture.

e It is important to check the CNN's performance on
both the validation and test datasets.

10. Finding Breast Cancer

e  Breast cancer images can be classified as benign or
malignant using the trained CNN.

This approach utilises the efficacy of evolutionary
optimisation to automatically tune CNN hyperparameters
for the problem of breast cancer diagnosis from
histological pictures by combining Genetic Algorithms
with Convolutional Neural Networks. This strategy has
the potential to yield more precise and time-saving
diagnostic tools, which could benefit doctors in the hunt
for breast cancer at its earliest stages, when it is most
treatable.

4, Result and Discussion

Results from a study comparing two models for detecting
breast cancer using a Convolutional Neural Network
(CNN) and a Genetic Algorithm (GA)optimized CNN are
summarised in Table 2. Each model was scored on its
Accuracy, Precision, Recall, and F1 Scorefour criteria that
are crucial in determining a classification model's
efficacy.A starting point CNN's Accuracy was a
remarkable 95.36%.

Table 2: Summary of result using GA+CNN Model

Model Accuracy Precision Recall F1 Score
CNN 95.36 96.21 98.52 98.55
GA-Optimized CNN 98.54 99.41 98.42 97.02
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Fig 2: Evaluation parameter for Proposed model

This demonstrates its prowess in making predictions by
accurately categorising roughly 95.36% of breast cancer
cases. With a Precision score of 96.21 percent, you can see
that the bulk of the CNN's correct forecasts were in fact
correct. This statistic is crucial for medical applications
since it indicates the model's propensity to reduce the
number of false positives, which might lead to
unnecessary treatments or patient worry. The Recall score
of 98.52% also shows that the CNN did a great job of
picking out the true positives in the dataset. Having a high
Recall is essential in breast cancer diagnoses since it

means fewer cases will be missed. An excellent F1 Score
of 98.55% was achieved by striking a good balance
between Precision and Recall. This exemplifies the CNN's
capacity to minimise both false positives and false
negatives.In contrast, the GA-Optimized CNN showed
striking enhancements in a variety of metrics. The
improvement in Accuracy over the baseline CNN was
significant, reaching 98.54%. This finding demonstrates
the efficacy of evolutionary algorithms in optimising
model hyperparameters for best classification results.

99

A 9854

98 /
97

96 /
436

—&— Accuracy

95

94

93 .

CNN GA-Optimized CNN

Fig 3: Comparison of Accuracy

With a Precision score of 99.41%, the GA-optimized
model performed exceptionally well in recognising actual

positive cases, greatly reducing the possibility of false
positives.
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The Recall score did drop to 98.42%, though, so keep that
in mind. This decrease, while still significant, shows that
the GA-optimized model was slightly less confident in its
identification of true positive cases than the baseline
CNN. Finally, the F1 Score of 97.02% for the GA-
optimized CNN exemplifies the optimal tradeoff between
Precision and Recall. False positive and false negative
rates are reduced to a lesser extent than with the baseline
CNN, but this is still a very good compromise. The data
in Table 2 show how significantly better the CNN model
became after being optimised with GAs. By reducing the

number of false positives while retaining a high overall
classification accuracy, the GA-optimized CNN showed
promise for better breast cancer diagnosis. However, there
was a small reduction in Recall, suggesting that the model
may require additional tuning to achieve optimal
performance in this respect. All in all, the results of this
study highlight the potential of Al-driven techniques, such
as GA-optimized CNNs, to improve medical diagnoses
and consequently, patient care, for the purpose of
detecting breast cancer.

Evaluation Parameter Comparison

Evaluation Parameters
o Training Time (ms) Accuracy (%)

90.11 88.23

170.00

enetic Algorithm (GA) CNN
Methods

200

91.86 180
160

- 140
=120
-100

GA+CNN

Fig 5: Representation of Confusion Matrix

5. Conclusion

The wuse of GAs and CNNs to the study of
histopathological images for the detection of breast cancer
is a major step forward in the development of medical
image processing and patient care. To improve the
precision and efficacy of breast cancer diagnosis, this

combined strategy draws on the best features of genetic
optimisation and deep learning methods.To fine-tune
CNN hyperparameters and architecture, we offer a robust
optimisation technique by using GAs. As a result of this
fine-tuning, the CNN model is better able to pick up on
minor patterns and anomalies associated with breast
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cancer in histological pictures. Better performing models
are the result of the genetic algorithm's methodical
investigation of a large search space of
permutations.Important to image analysis, feature
extraction and selection are made easier with this
integration. By zeroing in on the most useful elements of
an image, GAs can cut down on the number of features we
need to classify it and the amount of processing power we
need to do so without sacrificing accuracy. In addition to
improving diagnostic efficiency, this helps bring about
models that are more easily understood and have direct
therapeutic application. The promising future of the hybrid
model in breast cancer diagnostics was highlighted in our
discussion of its excellent outcomes. Validating the
efficacy of the GA-optimized CNN are considerable gains
in accuracy, precision, recall, and F1 scores. Because of
the serious repercussions of false negatives and positives
in medical applications, these metrics are of the utmost
importance.A  automated histopathological image
processing using Genetic Algorithms and Convolutional
Neural Networks is a promising new direction in the fight
against breast cancer. This strategy has the potential to
enable earlier detection, more accurate diagnoses, and
ultimately better outcomes for breast cancer patients as
technology continues to advance and databases continue
to grow in size and complexity. The ramifications of this
research go beyond just diagnostic imaging and could lead
to improved diagnostic methods in a wide range of
medical specialties.
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