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1. INTRODUCTION 

One of the world's most hazardous illnesses for both men and 

women is cancer. Among the most frequent malignancies is 

Breast cancer is today the most common type of disease 

affecting women and the leading cause of disease burden. 

WHO’s World Cancer report suggests that if breast cancer is 

detected early then survival is possible up to 80 percent. [1][2]. 

About 1.7 million new cases of breast cancer are diagnosed 

annually, while 500000 women die from the disease every year; 

these figures might rise in the future. Breast cancer development 

is influenced by a number of factors, including breast density[3], 

medical history, age at first pregnancy, breastfeeding, alcohol 

usage, and others[4]. While some factors have a significant 

influence, others have a little one. While there are no 

controllable factors like being a woman or growing older, 

maintaining a healthy lifestyle can help reduce our chance of 

breast cancer [5]. 
 

Three methods are employed in the diagnosis of breast cancer: 

physical examination, mammography, and biopsy. The most 

popular of these diagnostic techniques is mammography. 

However, the examinations need to be interpreted by qualified 

radiologists. One drawback, though, is that various radiologists 

interpret the same mammography differently, leading to 

numerous interpretations. [6][7]. Furthermore, mammograms 

have an accuracy rate of 65% to 78%. When a tumour is 

identified by mammography To ascertain whether breast cancer 

is malignant, a biopsy is performed. It is important to note that 

although biopsy has an accuracy rate of about 100%, it is 

expensive, time-consuming, unpleasant, and invasive[8][9]. It 

may be difficult for medical practitioners these issues make it 

difficult to tell if a malignancy is benign or aggressive. These 

qualities are the reason It is possible to diagnose using machine 

learning techniques [10][11]. 

 

In the last few years, primary conventional AI approaches have 

found their application mostly in the area of early detection of 

breast cancer. Machine learning can be defined as a subset of AI 

[12]. Some of the state-of-the-art DL algorithms ML[13] 

employed in medical systems are primarily for the identification 

of breast cancer [14][15]. The precision of a patient's diagnosis 

used to rely on the doctor's skill. Years of observing a patient's 

symptoms have given a doctor this level of experience. But you 

can't rely on the accuracy. Data collection and storage are now 

easier because of advancements in computer methods[16][17]. 

Therefore, intelligent healthcare systems are a vital and 

dependable field. By using precise and significant standards, 

these systems can assist doctors in diagnosing patients[18]. 

Furthermore, these developments can assist people in planning 

for their future medical needs. In this sense, healthcare workers' 

challenging physical labour may be managed by machine 

learning techniques [19][20][21]. 
 

A. Motivation and Contribution of the Study 

The motivation behind this study is the rising prevalence of 

breast cancer, which is a leading cause of feminised cancer 

mortality in the entire female population of the global 

community. This is why timely diagnosis and diagnosis 

accuracy are so important towards the survival of patients as 

well as the recovery of their conditions. Despite their 

effectiveness, traditional diagnostic techniques frequently have 

accuracy and scalability issues, underscoring the need for more 

sophisticated, data-driven strategies. By using AI-driven 

algorithms for machine learning to improve breast cancer 

detection and classification, this work aims to overcome these 

issues, offering a more efficient, reliable, and scalable solution. 

The main contribution of this study is listed below: 
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• Collect As a tool for breast cancer detection, the Wisconsin 

Diagnostic Breast Cancer database. 

• Use of Z-score for standardising features and handling 

skewed data. 

• Application of edge detection and texture analysis for 

relevant feature identification. 

• Apply AI models like CNN, Random Forest, Naive Bayes, 

and MLP, using SVM to identify breast cancer. 

• Analysis based on precision, accuracyF1-score and recall for 

better classification insights. 

• An assessment of adaptability Using machine learning 

methods to effectively identify breast cancer. 
 

B. Structure of the paper 

The paper's structure is as follows: The research methodology 

for this study is presented in Section III, whereas Section II 

covers the background study on breast cancer detection. The 

results of the experiment and an evaluation of model's accuracy 

are provided in Section IV. Findings and recommendations for 

further research are presented in Section V. 
 

➢ Artificial Intelligence (AI) has fundamentally transformed 

the landscape of cybersecurity, offering  

➢ advanced capabilities that significantly enhance threat 

detection and response. By leveraging  

➢ machine learning and predictive analytics, AI systems can 

analyze vast amounts of data to identify  

➢ patterns and anomalies indicative of potential cyber threats. 

This capability is crucial for managing  

➢ the complexity and volume of modern cyber threats, 

providing organisations with a powerful tool  

➢ to detect and mitigate risks more effectively. Machine 

learning algorithms, a subset of AI, are  

➢ particularly valuable in cybersecurity. These algorithms are 

designed to learn from historical data  

➢ and identify patterns that may signal malicious activity. 
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learning algorithms, a subset of AI, are  
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designed to learn from historical data  
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➢ Artificial Intelligence (AI) has fundamentally transformed 

the landscape of cybersecurity, offering  

➢ advanced capabilities that significantly enhance threat 

detection and response. By leveraging  

➢ machine learning and predictive analytics, AI systems can 

analyze vast amounts of data to identify  

➢ patterns and anomalies indicative of potential cyber threats. 

This capability is crucial for managing  

➢ the complexity and volume of modern cyber threats, 

providing organisations with a powerful tool  

➢ to detect and mitigate risks more effectively. Machine 

learning algorithms, a subset of AI, are  

➢ particularly valuable in cybersecurity. These algorithms are 

designed to learn from historical data  

➢ and identify patterns that may signal malicious activity. 
 

2. LITERATURE REVIEW 

The study looks at the corpus of studies on the categorisation 

and identification of breast cancer in this area. The majority of 

the examined publications concentrated on classification 

methods. A few reviews are: 

This study, Koç et al., (2024) the present work, the Wisconsin 

breast cancer detection data set is employed and Four machine 

learning techniques including Support Vector Machine (SVM), 

Decision Tree, Gaussian Naïve Bayes (NB), and K-Nearest 

Neighbors (KNN) are used. Finally, the best platform overall 

was the SVM as the model delivered an accuracy rate of an 

astonishing 96.7%. The formulate the research, Python was used 

as the programming language, equipped with the Scikit-learn 

package in Visual Studio Code [22]. 
 

This research, Tinao, Rodriguez and Calibara, (2024) uses eight 

breast cancer characteristics found in a research by Rabiel et al. 

(2022). Anonymised data gathered from a sample of 112 women 

chosen through random sampling makes up the dataset used in 

this investigation. According to the analysis, the best performing 

model is the K-nearest neighbours model with accuracy of 

0.8696. This shows that 86.96% of the examples are 

successfully classified by the model [23]. 
 

This study, Rovshenov and Peker, (2022) to classify the features 

of images on benign and aggressive breast cancer. Random 

Forest, Support Vector Machine, Artificial Neural Network 

were employed to categories features extracted from 

photographs. The Wisconsin Breast Cancer data was used in the 

experiments. As evaluated in experiments, the Artificial Neural 

Network method provided 99% of the optimal performances. 

Experimental evidence suggests that the categorisation 

approach can classify breast cancer at an early stage [24]. 
 

This study, Neelima et al., (2023) determines how machine 

learning works for fuzzy based breast cancer detection. For the 

Wisconsin (Diagnostic) Data Set, the current study presents two 

machine learning methods as follows: The Support Vector 

Machine (SVM) and Decision Tree (DT). The fuzzy-based 

SVM and DT classification algorithm accurately diagnose  
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breast cancer diseases with specificities of 97.8%, recalls of 

96.5%, accuracies of 98.2%, and precision of 97.6% [25]. 
 

The paper, Anklesaria et al., (2022) For feature selection, adopt 

the Random Forest Feature Importance Method and to apply 

several machine learning (ML) algorithms accompanied by 

hyperparameter tuning, they include; SVM, Logistic 

Regression, KNN, DT, RF, ANN, NB. These models were 

developed using the Wisconsin Diagnostic Breast Cancer 

(WDBC) Dataset. However, the most suitable algorithm to fit 

this dataset was the Support Vector Machine Algorithm as 

identified by the research work with a accuracy of 95.8%. The 

second-best algorithm was KNN with accuracy of 95.3% [26]. 
 

This study, Sharma, Singh and Bhardwaj, (2022) compared the 

current advanced artificial intelligence, especially the machine 

learning approach frequently applied in cancer diagnosis of 

which breast cancer was also included using the Wisconsin 

dataset on the disease. The current study has comparatively and 

statistically analysed and mapped the ML methodologies 

employed in classification like NB, KNN, LR, RF, SVM, XG, 

and DT for determining the accuracy in terms of recall, 

precision, F1 score and percentage accuracy). Further, these 

categorisation techniques was visualised using the ROC Curve 

as done below. Therefore, this research concludes that the 

XGboost model is 98.24 % accurate, and the SVM model is 

96.49 % accurate [27]. 
 

In this paper, Telsang and Hegde, (2020) Examine the accuracy 

of some algorithms of learning methods for breast cancer 

detection performance measures, including accuracy and the 

area under the receiver operating characteristic curve (AUC). 

For modelling we are using Wisconsin Dataset of Breast Cancer 

abbreviated as WDBC. This study found that the SVM model 

has 96.25% accuracy and an AUC of 99.4 was identified. 

Furthermore, the mathematical models of these algorithms 

might be changed to improve the breast cancer prognosis [28]. 

 

The comparative analysis of background study based on their findings, limitations, and future work are provided in Table I. 
 

TABLE 1: COMPARATIVE ANALYSIS OF MACHINE LEARNING APPROACHES FOR BREAST CANCER DETECTION. 

 

Author Source Methodology Findings limitation Future work 

Koç et al., Wisconsin 

Diagnostic 

Breast Cancer 

(WDBC) 

Dataset 

Applied SVM, Decision 

Tree, Gaussian Naive Bayes, 

and KNN to classify breast 

cancer using confusion 

matrix, accuracy, and 

precision. 

SVM 

outperformed 

other models with 

96.7% accuracy. 

Limited to basic 

ML models 

without advanced 

hyperparameter 

tuning or feature 

engineering. 

Explore deep 

learning models 

and feature 

engineering to 

improve accuracy. 

Tinao, 

Rodriguez 

and 

Calibara,  

Custom 

dataset of 112 

anonymised 

women 

Used KNN to classify breast 

cancer cases. Investigated 

relationships between life 

events, family problems, and 

breast cancer incidence. 

KNN achieved 

86.96% accuracy. 

Family history 

and life stress 

were significant 

factors. 

The small dataset 

size (112 

participants) limits 

generalizability. 

Increase sample 

size and 

incorporate other 

machine learning 

models for 

comparison. 

Rovshenov 

and Peker,  

Wisconsin 

Breast Cancer 

Dataset 

Utilised Artificial Neural 

Networks, SVM, and 

Random Forest for 

classification. Evaluated the 

models based on accuracy. 

ANN achieved the 

highest accuracy 

at 99%, 

outperforming 

SVM and 

Random Forest. 

Focused only on 

accuracy without 

considering other 

metrics like 

precision or recall. 

Incorporate more 

metrics and 

explore different 

image feature 

extraction 

techniques. 

Neelima et 

al., 

Wisconsin 

(Diagnostic) 

Data Set 

Combined SVM and 

Decision Tree models using 

fuzzy logic for enhanced 

breast cancer detection. 

Assessed using accuracy, 

precision, recall, and 

specificity. 

Fuzzy-based 

SVM and 

Decision Tree 

reached 98.2% 

accuracy, 97.6% 

precision. 

Limited 

application of 

fuzzy logic to only 

two ML models. 

Extend fuzzy-

based approach to 

other models and 

explore more 

complex datasets. 

Anklesaria 

et al., 

Wisconsin 

Diagnostic 

Breast Cancer 

(WDBC) 

Dataset 

Applied SVM, Logistic 

Regression, KNN, Decision 

Tree, Random Forest, ANN, 

and Naive Bayes. Used 

Random Forest feature 

importance for feature 

selection. Balanced dataset 

using undersampling and 

SMOTE. 

SVM achieved 

95.8% accuracy, 

followed by KNN 

with 95.3%. 

Undersampling 

outperformed 

SMOTE. 

Focused primarily 

on accuracy 

without 

emphasising the 

trade-offs in recall 

and precision for 

imbalanced 

datasets. 

Use different 

balancing 

techniques and 

tune 

hyperparameters 

for better 

generalisation. 

Sharma, 

Singh and 

Bhardwaj,  

Wisconsin 

Breast Cancer 

Dataset 

Compare Naive Bayes, 

KNN, Logistic Regression, 

Random Forest,  SVM, 

XGBoost 

achieved the 

highest accuracy 

Limited focus on 

interpretability of 

Explore model 

interpretability 

techniques like 
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XGBoost, and Decision Tree 

using metrics such as 

accuracy, recall, precision, 

F1 score, and ROC curves. 

at 98.24%, 

followed by SVM 

at 96.49%. 

models such as 

XGBoost. 

SHAP or LIME 

for more 

transparency. 

Telsang 

and Hegde,  

Wisconsin 

Dataset of 

Breast Cancer 

(WDBC) 

Compared different ML 

algorithms using accuracy 

and area under the ROC 

curve (AUC) for breast 

cancer prediction. 

SVM achieved 

96.25% accuracy 

and an AUC of 

99.4%. 

Algorithms and 

specific 

methodologies 

were not fully 

detailed, leading 

to incomplete 

reproducibility. 

Provide detailed 

algorithms and 

investigate 

modifications to 

increase accuracy 

further. 

3. Methodology 

The aim of this research is to assess the role of Artificial 

Intelligence in increasing the potential of screening breast 

cancer. The subsequent stages of the research design are 

described in the context of the flowchart provided in Figure 1 

below. The approach is first applied to the Wisconsin Diagnostic 

Breast Cancer (WDBC) dataset. First, the cleaned data in the 

current study was preprocessed, whereby some of the generally 

employed methods included data outlier elimination, noisy data 

elimination, and data handling of missing values. After that, to 

find the most pertinent features for model training, feature 

extraction methods such as edge detection and texture analysis 

were used, followed by feature selection. Next, Z-score 

normalisation was performed to standardise the dataset. Then, 

the preprocessed data was divided into two sets: Overall, the 

data was split into 20% for testing and 80% for training. Finally, 

the effectiveness of the following classification models was 

compared: CNN, SVM, MLP, RF, and NB. As for the 

assessment of each model, accuracy, precision, recall, and F1-

score were used. 

 

 
 

Figure 1: Flowchart for breast cancer detection. 
 

The overall steps of the flowchart for breast cancer detection are 

provided below: 
 

A. Data Collection 

This study Kaggle was used to collect the Wisconsin 

(diagnostic) Breast Cancer (WDBC) Dataset, which was used in 

this investigation. It includes a total of 569 instances of Breast 

Cancer in Wisconsin, with a distribution of 212 malignant 

(37.26%) and 357 benign (62.74%) cases, classified into two 

categories: malignant and benign. The exploratory data analysis 

is a tool for visualising the insight of the dataset. Some of 

visualisation are as follows: 

 

 

Figure 2: Box plot for radius mean, and texture mean. 
 

The box plots compare the distributions of radius mean, and 

texture means for classes B and M, showing that class B 

generally has lower median values for both features compared 

to class M, represented in Figure 2. The interquartile ranges 

(IQRs) are similar for "radius mean" but slightly tighter for 

texture mean in class B. Outliers are present in both classes, with 

class M having more outliers in the lower range for radius mean 

and class B having more outliers in the higher range for texture 

mean. Despite differences, the distributions overlap, suggesting 

some class overlap in these features. 

 

 
 

Figure 3: Distribution of numerical features. 
 

The grid of histograms and density plots for 30 numerical 

features reveals diverse distributions, with many skewed, some 

exhibiting outliers and a few showing multimodal 

characteristics are present in Figure 3. Right-skewed features 

include compactness_worst and concave points_worst, while 

left-skewed features include fractal_dimension_mean. Although 

some distributions approximate a normal shape, many deviate 

significantly. Understanding these distributions is essential for 

preprocessing, as skewed features may require transformations, 

and outliers need careful handling to prevent affecting model 

predictions. 
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Figure 4: Heatmap matrix for selected features. 
 

Figure 4 shows the heatmap that illustrates the correlation 

between various features, with blue indicating negative 

correlations and red indicating positive correlations. Strong 

positive correlations are shown by darker red squares, while 

strong negative correlations appear as darker blue squares. The 

diagonal line represents self-correlation (always 1), and the 

heatmap is symmetrical around this line. Many features exhibit 

weak correlations, indicated by lighter colours, highlighting the 

relationships among features for further analysis. 
 

A. Data Preprocessing 

The initial data samples are acquired with a variety of attributes 

and values, often containing a wide range of issues such as 

outliers, noisy data, duplicates, missing values, and skewed data. 

To address these issues, preprocessing of the data is necessary. 

The data cleaning process involves eliminating or reducing 

missing data and noisy information[29]. This can be achieved 

by deleting tuples, inputting missing values, and replacing 

numerical values with the mean attribute or the attribute mean 

of the corresponding class. The following pre-processing steps 

are listed below: 

• Remove outliers: Outliers can skew results and lead to 

inaccurate models, so it's crucial to analyse the dataset for these 

anomalies and remove them to ensure the integrity of the 

analysis.[30] 

• Noisy data: Random mistakes or deviations in measured 

variables are referred to as noisy data. This may be caused by a 

number of things, including data input problems or 

malfunctioning sensors[31]. 

• Remove duplicates: In any machine learning project, 

identifying and handling outliers is essential. [32]. However, 

eliminating or deleting outliers is not always necessary. 
 

B. Feature Extraction 

After preprocessing, feature extraction is the subsequent step, 

where relevant features significant for breast cancer detection 

are identified and extracted from the pre-processed images. 

Techniques for feature extraction may include edge detection 

[33], texture analysis, or shape analysis. The most relevant 

characteristics that might increase the precision of the machine 

learning model are selected using feature selection techniques 

after feature extraction. 
 

C. Z-score normalisation 

One of the most effective and popular normalisation techniques 

is z-score normalisation. [34]. Data normalisation was done 

using the Z-score, which is the distance between the standard 

deviation (s) and the average (x¯), as indicated by Equation (1). 

𝑧𝑖 =
𝑥𝑖−𝑥̅

𝑠
 (1) 

Where xi is the i-th variable value, and Zi is the i-th Z-score. The 

scale function in the R package is used in this study to calculate 

the Z-score.  
 

D. Data Splitting 

The preprocessed data, in turn, elaborates a training dataset as 

well as a testing dataset. Training set that contains 80% data is 

used in modeling, while the testing set with 20% data, is used in 

model evaluation. 
 

E. Classification with CNN model 

CNNs are regarded as deep learning's foundational architecture. 

A pooling layer and one or more consecutive convolution layers 

make up the convolutional neural network's 

architecture[35][36]V. A completely linked layer and a 

classification layer, respectively, are added to these layers. In 

this investigation, the CNN model put forward by [37][4]. This 

model's architecture is a minor modification of Collobert's CNN 

design. [38][39]. The layers for convolution, subsampling, 

complete connectivity, and classification layer of the Important 

features are extracted from the input data using the CNN 

architecture shown in Figure 5. The input data categories are 

established using these properties. 

 

 

Figure 5: Model architecture of CNN. 

 

Each of the n inputs in the input layer is represented as a dense 

vector with k dimensions[40][40]. Thus, a 𝑑 𝑥 𝑘 dimensional 

feature map represents the input x. Let the i-th word in the input 

phrase be represented by the word vector in k dimensions 𝑥𝑖 ∈ 

ℝ𝑘. The symbol for An n-length sentence is (2). 

𝑥1:𝑛 = 𝑥1  ⊕ 𝑥2 ⊕ … … .⊕ 𝑥𝑛    (2) 

 

where the operator for concatenation is ⊕. In order to create a 

new feature, a convolution operation applies the w ∈ ℝℎ𝑘 filter 

on a window of h words. For instance, a new property 𝑐𝑐𝑖𝑖 
feature is created as follows (3) utilising a window 𝑥𝑖:𝑖+ℎ−1 

words. 

𝐶𝑖 = 𝑓(𝑤. 𝑥𝑖:𝑖+ℎ−1 + 𝑏) (3) 

 

In Eq. (3), 𝑏 ∈ ℝ 𝑓 is a non-linear function, like the hyperbolic 

tangent, and is a bias term. Using this convolution filter on every 

possible word window inside the sentence 𝑥1:ℎ, 𝑥2:ℎ+1, … , 

𝑥𝑛−ℎ+1:𝑛𝑛 creates a feature map. Eq. (4) is used to construct 

this feature map: 

𝑐 = [𝑐1, 𝐶2, … … . , 𝑐𝑛−ℎ+1] (4) 

 

Here c ∈ ℝ𝑛−ℎ+1. The feature map is then subjected to a max-

overtime pooling process to get the maximum values that  
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correspond to the filters. In feature maps, this procedure aims to 

capture the most noticeable characteristics[41]. With the use of 

several filters and varied window widths, the model seeks to 

identify various traits [36][42]. The last layer, which is a 

completely linked layer, receives the outputs of the layer that 

has these characteristics. The probability distribution on the 

labels is constructed using a fully connected SoftMax layer. 
 

F. Performance Metrics 

A collection of assessment measures, sometimes referred to as 

performance metrics, were utilised to assess how well phishing 

email detection performed[43][44]. A two by two contingency 

table known as the confusion matrix is used to compare the 

actual and expected performance of the developed model. Five 

assessment measures were used to evaluate the resulting 

models[45]: The evaluation measures used include accuracy, 

precision, recall, and F1-score. The models are initially 

evaluated by confusion matrices using the following metrics: 

correct positively classified instance: true positive (TP), 

incorrectly classified instance as positive: false positive (FP), 

correct negatively classified instance: true negative (TN), and 

incorrectly as negative: false negative (FN): 

G. True positive (TP): Both models and the observation's actual 

class suggest that it will be benign. 

H. True negative (TN): The observation's actual class is 

cancerous, and models indicate that it will be as well. 

I. False positive (FP): Although models mistakenly anticipate 

it as benign, the observation's true class is malignant. 

J. False negative (FN): Models mistakenly anticipate the data 

as malignant when, in fact, it belongs to the benign class. 

Accuracy: Accuracy is the percentage of labels that a classifier 

properly predicts out of all the labels. It is stated as follows (5): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TN + TP

TP + TN + FP + FN
 (5) 

 

Precision: Another name for precision is classifier exactness. 

Another way to think of precision is as the ratio of TPs to FPs. 

The representation of it is (6): 

Precision =
TP

TP+FP
 (6) 

Recall: Recall is also known as sensitivity, and It is the total 

number of all positive examples divided by all the correct 

classifications of the positive cases. It is shown in (7): 

Recall =
TP

TP+FN
 (7) 

F1-score: The measure derived from the accuracy and recall 

scores, which is basically the ratio of the sum of the two 

multiplied by two to the sum of the square of the two, is called 

the F measure or F1 score. The accuracy or recall number that is 

less will always be closer to the F measure. The following is a 

definition of the F1 score (8): 

F1 =
2∗(precision∗recall)

precision+recall
 (8) 

These matrices are also used for comparison of model 

performance.  
 

4. Result & Discussion 

This section looks at the outcomes of the several categorisation 

methods used in this investigation. In order to diagnose breast 

cancer effectively, our study employed AI approaches. These 

methods are RF, NB, MLP, SVM, and CNN. The WDBC 

Dataset was used to assess how well AI systems performed. The 

models' results were compared using metrics such as F1 score, 

recall, accuracy, and precision. 

TABLE 2: CNN MODEL PERFORMANCE ON WISCONSIN 

(DIAGNOSTIC) BREAST CANCER DATASET. 
 

Matrix Convolution neural 

network 

Accuracy  98.5 

precision 99 

Recall 99.9 

F1-score  99.9 

 

 

Figure 6: CNN model Performance on WDBC data. 
 

The following Table II and Figure 6 show the Bar graph for 

CNN model performance. The CNN achieves 98.5% accuracy, 

99% precision, and 99.9% recall, demonstrating exceptional 

performance characteristics. The F1-score, which is also 99.9% 

and exhibits a strong balance between accuracy and recall, 

demonstrates the model's effectiveness in accurately 

recognising instances with minimal false positives and 

negatives. These findings demonstrate CNN's resilience and 

dependability in categorisation tasks. 
 

 

Figure 7: Accuracy graph of Training and Validation 

for CNN. 
 

Figure 7 reveals the accuracy of a CNN model during 

the training and validation phases. As the plot of training 

accuracy (blue line) gradually rises up, the situation of 

validation accuracy (orange line) can either constantly rise up or 

stabilise and even decline, which reflects the problem of over-

learning. A increasing discrepancy between training and 

validation accuracy indicates overfitting, which happens when a 

model exhibits strong performance on training data but struggles 

to generalise to fresh data.  
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Figure 8: Loss graph of Training and Validation for CNN. 

 

The CNN model fails during validation and training, as seen in 

Figure 8. The blue line represents the training loss, which lowers 

as the model learns. On the other hand, the orange line represents 

validation loss, which initially follows a similar pattern but may 

plateau or even climb, which indicates overfitting. A lower 

validation loss signifies better model performance, and 

managing overfitting can improve generalisation to unseen data. 

 

 
 

Figure 9: Confusion matrix of CNN model. 

 

Figure 9 displays the CNN model's classification performance 

as a confusion matrix, with rows denoting real labels and 

columns denoting predicted labels. Diagonal cells indicate 

correct predictions, where the model correctly identified 97% of 

Normal cases and 93% of Disease cases. Three percent of 

"Normal" cases were incorrectly identified as disease, while 

seven percent of disease cases were incorrectly classified as 

normal, according to off-diagonal cells, which stand for 

mistakes. The model performs well overall, especially for the 

"Normal" class, although additional measures like recall, 

accuracy, and F1-score would provide a more thorough 

assessment. 
 

TABLE 3: COMPARATIVE ANALYSIS FOR BREAST CANCER 

DETECTION BETWEEN MODELS' PERFORMANCE. 
 

Matrix RF[46

] 

NB[47

] 

MLP[48

] 

SVM[10

] 

CN

N 

Accurac

y  

94.7 94.5 92 95.61 98.5 

precisio

n 

97 89 97 97.14 99 

Recall 95.5 86 81 95.77 99.9 

F1-score  95.5 86.4 88 96.45 99.9 

 

The comparison of model performance is presented in Table III 

above. In this comparison, CNN exhibited the highest accuracy 

at 98.5%, surpassing other algorithms such as SVM at 95.61%, 

RF at 94.7%, NB at 94.5%, and MLP at 92%. Notably, the CNN 

also achieved exceptional precision and recall scores of 99% and 

99.9%, respectively, indicating its robustness in minimising 

false positives and maximising true positive detections. In 

comparison, RF and SVM also performed well, with RF 

achieving a precision of 97% and a recall of 95.5%, while SVM 

had a slightly lower recall of 95.77%. Although MLP showed a 

decent precision of 97%, its lower recall of 81% suggests 

potential challenges in identifying all positive cases. Overall, 

CNN stands out as the most effective model for breast cancer 

detection, demonstrating superior performance across all 

metrics. 
 

5. Conclusion & Future Work 

Breast cancer is a lethal disease. Cancer occurs because of the 

unwanted growth of cells. Globally breast cancer (BC) is 

increasing rapidly. BC is the most widespread tumour and is 

among the foremost reason for cancer-related deaths in females. 

Presently, the most effective strategies for managing and 

treating this disease involve breast scanning for early detection. 

This research highlights the substantial potential of AI-driven 

models, particularly Convolutional Neural Networks (CNN), in 

enhancing breast cancer detection. The CNN model performed 

the best out of all the classification algorithms that were 

assessed, with 98.5% accuracy, 99% precision, 99.9% recall, 

and a 99.9% F1 score. These remarkable figures show how 

reliable CNN is at correctly identifying cases of breast cancer 

while reducing FP and FN. The results of this study highlight 

the vital role that cutting-edge machine learning methods play 

in medical diagnostics, which can greatly improve patient 

outcomes by detecting breast cancer earlier and with more 

accuracy. Implementing such AI models in clinical practice 

could lead to transformative improvements in diagnostic 

accuracy and efficiency. So that can develop a reliable system 

for finding breast cancer early, future studies should concentrate 

on improving these models, investigating their use in various 

clinical contexts, and combining them with additional 

diagnostic instruments. 
 

References 
 

1. A. Chetlen, J. Mack, and T. Chan, “Breast cancer screening 

controversies: Who, when, why, and how?,” Clin. Imaging, 

2016, doi: 10.1016/j.clinimag.2015.05.017. 

2. V. K. Yarlagadda, “Harnessing Biomedical Signals: A 

Modern Fusion of Hadoop Infrastructure, AI, and Fuzzy 

Logic in Healthcare,” Malaysian J. Med. Biol. Res., vol. 2, 

no. 2, pp. 85–92, 2021. 

3. S. R. Bauskar and S. Clarita, “Evaluation of Deep Learning 

for the Diagnosis of Leukemia Blood Cancer,” Int. J. Adv. 

Res. Eng. Technol., vol. 11, no. 3, pp. 661–672, 2020, doi: 

https://iaeme.com/Home/issue/IJARET?Volume=11&Issu

e=3. 

4. P. Khare, S. Arora, and S. Gupta, “Recognition of 

Fingerprint Biometric Verification System Using Deep 

Learning Model,” in 2024 International Conference on 

Data Science and Network Security (ICDSNS), 2024, pp. 1–

7. doi: 10.1109/ICDSNS62112.2024.10691020. 

5. S. Bauskar and S. Clarita, “AN ANALYSIS: EARLY 

DIAGNOSIS AND CLASSIFICATION OF 

PARKINSON’S DISEASE USING MACHINE 

LEARNING TECHNIQUES,” Int. J. Comput. Eng. 

Technol., vol. 12, no. 01, pp. 54-66., 2021, doi: 

http://www.iaeme.com/IJCET/issues.asp?JType=IJCET&

VType=12&IType=1. 

 
J Contemp Edu Theo Artific Intel, 2024                                             ISSN: 2996-4954                                                                                                  Page: 7 of 9 

 



 
 

Citation: Thangaraj P (2024) Evaluation of AI-Driven Models for Breast Cancer Detection: An In-Depth Comparative Study of 

Algorithms. J Contemp Edu Theo Artific Intel: JCETAI-113. 
 

6. Z. Khandezamin, M. Naderan, and M. J. Rashti, “Detection 

and classification of breast cancer using logistic regression 

feature selection and GMDH classifier,” J. Biomed. 

Inform., 2020, doi: 10.1016/j.jbi.2020.103591. 

7. A. P. A. S. and N. Gameti, “Digital Twins in 

Manufacturing: A Survey of Current Practices and Future 

Trends,” Int. J. Sci. Res. Arch., vol. 13, no. 1, pp. 1240–

1250, 2024. 

8. J. Thomas, “Optimizing Nurse Scheduling : A Supply 

Chain Approach for Healthcare Institutions,” pp. 2251–

2259, 2024. 

9. K. V. V. and S. G. Jubin Thomas , Piyush Patidar, “An 

analysis of predictive maintenance strategies in supply 

chain management,” Int. J. Sci. Res. Arch., vol. 06, no. 01, 

pp. 308–317, 2022, doi: DOI: 

https://doi.org/10.30574/ijsra.2022.6.1.0144. 

10. A. Rasool, C. Bunterngchit, L. Tiejian, M. R. Islam, Q. Qu, 

and Q. Jiang, “Improved Machine Learning-Based 

Predictive Models for Breast Cancer Diagnosis,” Int. J. 

Environ. Res. Public Health, 2022, doi: 

10.3390/ijerph19063211. 

11. P. Khare and S. Arora, “Predicting Customer Churn in SaaS 

Products using Machine Learning,” Int. Res. J. Eng. 

Technol., vol. 11, no. 5, 2024, [Online]. Available: 

https://www.researchgate.net/publication/380720098_Pred

icting_Customer_Churn_in_SaaS_Products_using_Machi

ne_Learning 

12. P. Khare, S. Arora, and S. Gupta, “Integration of Artificial 

Intelligence (AI) and Machine Learning (ML) into Product 

Roadmap Planning,” in 2024 First International 

Conference on Electronics, Communication and Signal 

Processing (ICECSP), 2024, pp. 1–6. doi: 

10.1109/ICECSP61809.2024.10698502. 

13. J. Thomas, “Enhancing Supply Chain Resilience Through 

Cloud-Based SCM and Advanced Machine Learning: A 

Case Study of Logistics,” J. Emerg. Technol. Innov. Res., 

vol. 8, no. 9, 2021. 

14. M. Karabatak, “A new classifier for breast cancer detection 

based on Naïve Bayesian,” Meas. J. Int. Meas. Confed., 

2015, doi: 10.1016/j.measurement.2015.04.028. 

15. H. Sinha, “Predicting Employee Performance in Business 

Environments Using Effective Machine Learning Models,” 

Int. J. Nov. Res. Dev., vol. 9, no. 9, pp. 875–881, 2024. 

16. S. Bauskar, “AN PREDICTIVE ANALYTICS OR DATA 

QUALITY ASSESSMENT THROUGH ARTIFICIAL 

INTELLIGENCE TECHNIQUES,” Int. Res. J. Mod. Eng. 

Technol. Sci., vol. 06, no. 09, pp. 3330–3337, 2024, doi: 

https://www.doi.org/10.56726/IRJMETS61568. 

17. A. P. A. Singh, “STRATEGIC APPROACHES TO 

MATERIALS DATA COLLECTION AND INVENTORY 

MANAGEMENT,” Int. J. Bus. Quant. Econ. Appl. Manag. 

Res., vol. 7, no. 5, 2022. 

18. J. Thomas, K. V. Vedi, and S. Gupta, “Artificial 

Intelligence and Big Data Analytics for Supply Chain 

Management,” Int. Res. J. Mod. Eng. Technol. Sci., vol. 06, 

no. 09, 2024, doi: DOI : 

https://www.doi.org/10.56726/IRJMETS61488. 

19. P. Meesad and G. G. Yen, “Combined numerical and 

linguistic knowledge representation and its application to 

medical diagnosis,” IEEE Trans. Syst. Man, Cybern. Part 

ASystems Humans., 2003, doi: 

10.1109/TSMCA.2003.811290. 

20. S. Arora and P. Khare, “THE IMPACT OF MACHINE 

LEARNING AND AI ON ENHANCING RISK-BASED 

IDENTITY VERIFICATION PROCESSES,” Int. Res. J. 

Mod. Eng. Technol. Sci., vol. 06, no. 05, pp. 8246–8255, 

2024. 

21. W. Yue, Z. Wang, H. Chen, A. Payne, and X. Liu, 

“Machine learning with applications in breast cancer 

diagnosis and prognosis,” Designs. 2018. doi: 

10.3390/designs2020013. 

22. İ. Koç, W. Tashan, I. Shayea, and A. Zhetpisbayeva, 

“Breast Cancer Detection Based on Machine Learning,” in 

2024 IEEE 13th International Conference on 

Communication Systems and Network Technologies 

(CSNT), 2024, pp. 1–6. doi: 

10.1109/CSNT60213.2024.10545785. 

23. M. M. S. Tinao, R. B. Rodriguez, and E. R. F. Calibara, 

“Breast Cancer Detection in the Philippines Using Machine 

Learning Approaches,” in 2024 International Conference 

on Electronics, Information, and Communication (ICEIC), 

2024, pp. 1–4. doi: 10.1109/ICEIC61013.2024.10457253. 

24. A. Rovshenov and S. Peker, “Performance Comparison of 

Different Machine Learning Techniques for Early 

Prediction of Breast Cancer using Wisconsin Breast Cancer 

Dataset,” in 3rd International Informatics and Software 

Engineering Conference, IISEC 2022, 2022. doi: 

10.1109/IISEC56263.2022.9998248. 

25. G. Neelima, P. Kanchanamala, A. Misra, and R. A. 

Nugraha, “Detection of Breast Cancer Based on Fuzzy 

Logic,” in ICADEIS 2023 - International Conference on 

Advancement in Data Science, E-Learning and Information 

Systems: Data, Intelligent Systems, and the Applications for 

Human Life, Proceeding, 2023. doi: 

10.1109/ICADEIS58666.2023.10270874. 

26. S. Anklesaria, U. Maheshwari, R. Lele, and P. Verma, 

“Breast Cancer Prediction using Optimized Machine 

Learning Classifiers and Data Balancing Techniques,” in 

2022 6th International Conference on Computing, 

Communication, Control and Automation, ICCUBEA 2022, 

2022. doi: 10.1109/ICCUBEA54992.2022.10010783. 

27. H. Sharma, P. Singh, and A. Bhardwaj, “Breast Cancer 

Detection: Comparative Analysis of Machine Learning 

Classification Techniques,” in 2022 International 

Conference on Emerging Smart Computing and 

Informatics, ESCI 2022, 2022. doi: 

10.1109/ESCI53509.2022.9758188. 

28. V. A. Telsang and K. Hegde, “Breast Cancer Prediction 

Analysis using Machine Learning Algorithms,” in 

Proceedings of the 2020 IEEE International Conference on 

Communication, Computing and Industry 4.0, C2I4 2020, 

2020. doi: 10.1109/C2I451079.2020.9368911. 

29. H. Sinha, “Predicting Bitcoin Prices Using Machine 

Learning Techniques With Historical Data,” Int. J. Creat. 

Res. Thoughts, vol. 12, no. 8, 2024, doi: 

10.3390/e25050777. 

30. H. Sinha, “A Comprehensive Study on Air Quality 

Detection Using ML Algorithms,” J. Emerg. Technol. 

Innov. Res. www.jetir.org, vol. 11, no. 9, pp. b116–b122, 

2024. 

31. H. Sinha, “An examination of machine learning-based 

credit card fraud detection systems,” Int. J. Sci. Res. Arch.,  

 
J Contemp Edu Theo Artific Intel, 2024                                             ISSN: 2996-4954                                                                                                  Page: 8 of 9 

 



 
 

Citation: Thangaraj P (2024) Evaluation of AI-Driven Models for Breast Cancer Detection: An In-Depth Comparative Study of 

Algorithms. J Contemp Edu Theo Artific Intel: JCETAI-113. 
 

vol. 12, no. 01, pp. 2282–2294, 2024, doi: 

https://doi.org/10.30574/ijsra.2024.12.2.1456. 

32. P. Khare and S. Srivastava, “AI-Powered Fraud Prevention: 

A Comprehensive Analysis of Machine Learning 

Applications in Online Transactions,” J. Emerg. Technol. 

Innov. Res., vol. 10, pp. f518–f525, 2023. 

33. Sahil Arora and Apoorva Tewari, “Fortifying Critical 

Infrastructures: Secure Data Management with Edge 

Computing,” Int. J. Adv. Res. Sci. Commun. Technol., vol. 

3, no. 2, pp. 946–955, Aug. 2023, doi: 10.48175/IJARSCT-

12743E. 

34. A. S. Eesa and W. K. Arabo, “A Normalization Methods for 

Backpropagation: A Comparative Study,” Sci. J. Univ. 

Zakho, 2017, doi: 10.25271/2017.5.4.381. 

35. K. Ullah et al., “Short-Term Load Forecasting: A 

Comprehensive Review and Simulation Study with CNN-

LSTM Hybrids Approach,” IEEE Access, vol. 12, no. July, 

pp. 111858–111881, 2024, doi: 

10.1109/ACCESS.2024.3440631. 

36. R. Tandon, “Face mask detection model based on deep 

CNN techniques using AWS,” Int. J. Eng. Res. Appl., vol. 

13, no. 5, pp. 12–19, 2023. 

37. Y. Kim, “Convolutional neural networks for sentence 

classification,” in EMNLP 2014 - 2014 Conference on 

Empirical Methods in Natural Language Processing, 

Proceedings of the Conference, 2014. doi: 10.3115/v1/d14-

1181. 

38. R. Collobert, J. Weston, L. Bottou, M. Karlen, K. 

Kavukcuoglu, and P. Kuksa, “Natural language processing 

(almost) from scratch,” J. Mach. Learn. Res., 2011. 

39. H. Sinha, “Advanced Deep Learning Techniques for Image 

Classification of Plant Leaf Disease,” J. Emerg. Technol. 

Innov. Res. www.jetir.org, vol. 11, no. 9, pp. b107–b113, 

2024. 

40. S. S. Pranav Khare, “Enhancing Biometric Authentication: 

Deep Learning Models For Human Iris Recognition,” Int. 

J. Creat. Res. Thoughts, vol. 11, no. 8, pp. h148–h153, 

2023. 

41. P. Khare, “Signature-Based Biometric Authentication: A 

Deep Dive Into Deep Learning Approaches,” Int. Res. J. 

Mod. Eng. Technol. Sci., vol. 04, no. 08, pp. 2414–2424, 

2022. 

42. K. Patel, “Quality Assurance In The Age Of Data Analytics: 

Innovations And Challenges,” Int. J. Creat. Res. Thoughts, 

vol. 9, no. 12, pp. f573–f578, 2021. 

43. A. P. A. S. and NeepakumariGameti, “Asset Master Data 

Management: Ensuring Accuracy and Consistency in 

Industrial Operations,” Int. J. Nov. Res. Dev., vol. 9, no. 9, 

pp. a861-c868, 2024. 

44. H. S. Chandu, “Efficient Machine Learning Approaches for 

Energy Optimization in Smart Grid Systems,” vol. 10, no. 

9, 2024. 

45. R. Goyal, “EXPLORING THE PERFORMANCE OF 

MACHINE LEARNING MODELS FOR 

CLASSIFICATION AND IDENTIFICATION OF 

FRAUDULENT INSURANCE CLAIMS,” Int. J. Core 

Eng. Manag., vol. 7, no. 10, 2024. 

46. M. O. Adebiyi, M. O. Arowolo, M. D. Mshelia, and O. O. 

Olugbara, “A Linear Discriminant Analysis and 

Classification Model for Breast Cancer Diagnosis,” Appl. 

Sci., 2022, doi: 10.3390/app122211455. 

47. B. Jain and N. Singla, “Breast Cancer Detection using 

Machine Learning Algorithms,” J. Comput. Mech. Manag., 

2023, doi: 10.57159/gadl.jcmm.2.6.230109. 

48. E. Strelcenia and S. Prakoonwit, “Effective Feature 

Engineering and Classification of Breast Cancer Diagnosis: 

A Comparative Study,” BioMedInformatics, 2023, doi: 

10.3390/biomedinformatics3030042. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
J Contemp Edu Theo Artific Intel, 2024                                             ISSN: 2996-4954                                                                                                  Page: 9 of 9 

 

Copyright: © 2023 Thangaraj P. This Open 

Access Article is licensed under a Creative 

Commons Attribution 4.0 International (CC BY 

4.0), which permits unrestricted use, distribution, 

and reproduction in any medium, provided the 

original author and source are credited.  

 

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

