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Abstract 
Breast cancer is observed to have a high mortality rate among women globally and remains a 
significant health issue, making early detection critical for improving survival outcomes. 
However, patients in low-income regions frequently face significant delays in diagnosis due to 
shortcomings in healthcare systems, including a lack of oncologists qualified to interpret 
diagnostic images, such as mammograms. Consequently, many patients are diagnosed at 
advanced stages, severely limiting their chances of survival. This study aims to develop an 
enhanced predictive model for breast cancer specifically tailored for lower-level healthcare 
facilities, addressing the challenges related to delayed diagnosis and limited access to specialist 
care. Conducted using the Anaconda environment with the Python programming language and 
the Scikit-learn library, the research employs machine learning techniques to create a model 
that assists non-oncologist healthcare providers in the early and accurate detection of breast 
cancer. By analyzing mammogram images, the model offers prompt and reliable predictions 
regarding tumor malignancy. This early detection capability facilitates timely referrals to 
higher-level hospitals for further screening and treatment. The model development involved 
the application of various machine learning algorithms, including Random Forest, Support 
Vector Machine, Naïve Bayes, K-Nearest Neighbors, and Decision Trees for feature selection. 
Additionally, association rule mining techniques such as FP-Growth and Apriori were utilized 
to reveal hidden relationships among factors influencing breast cancer risk. The optimal 
predictive model, combining the Random Forest classifier with the FP-Growth algorithm, 
achieved an outstanding accuracy of 99.47%, along with perfect scores of 100% in precision, 
recall, and F1. This advanced predictive model provides significant value in areas with limited 
access to sophisticated screening and diagnostic resources, empowering healthcare 
professionals to make more informed decisions, ensuring early breast cancer detection, and 
facilitating timely referrals to specialized care, ultimately improving patient outcomes in low-
resource settings. 
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1.0 Introduction 
Breast cancer continues to be a critical public health issue, accounting for high mortality rates 
among women worldwide, regardless of levels of modernization (National Breast Cancer 
Foundation, 2016). In 2018, approximately 2.1 million women were diagnosed with breast 
cancer, accounting for nearly one in four cancer cases among females (Bray et al., 2018). The 
World Health Organization (WHO) reported that an estimated 627,000 women lost their lives 
to breast cancer in 2018, which represented 15% of all cancer-related deaths in women (WHO, 
2019). This issue is particularly exacerbated in developing countries, where breast cancer has 
emerged as a leading cause of cancer-related mortality, especially among younger women 
(Bray et al., 2018). 
 
In the USA today, the five-year survival of breast cancer is above 90% due to early screening, 
and improved treatment (American Cancer Society, 2020). However, the survival rates in low 
and middle-income countries, are lower because of late stage diagnoses (Ginsburg et al., 
2020). In Kenya, breast cancer ranks second among the most prevalent cancers in women after 
cervical cancer. This accounts for a large number of cancer-related mortalities (Kenya National 
Cancer Registry, 2020). 
 
Mammography is currently the preferred screening tool for breast cancer due to its 
effectiveness in detecting small tumors. However, patients in low-income areas often 
experience significant delays in diagnosis, typically presenting with advanced-stage cancer. The 
patients have extremely little chance of surviving at this stage because the cancer cells multiply 
fast to other vital organs of the body (Chagpar et al., 2017). These delays can be attributed 
primarily due to challenges related to health care quality and access within cancer care systems 
hospitals (Khumalo et al., 2019). In some hospitals, the absence of trained oncologists to 
interpret mammography images can lead to misdiagnosis, resulting in patients receiving 
treatment for incorrect conditions (Ginsburg et al., 2020). 
 
Machine learning algorithms can process large volumes of data quickly, leading to faster 

diagnosis and enabling healthcare providers to make timely decisions. They are able to create 
prediction models that find patterns in data that are difficult to find using conventional 
techniques (Boughorbel et al., 2017). This can be especially beneficial in settings where 
diagnostic services are limited (Jha et al., 2021). 
 
Association rule techniques, such as Apriori and FP-Growth, have been utilized in developing 
breast cancer prediction models to identify relationships between various features and 
improve prediction accuracy. These techniques help uncover hidden patterns and associations 
in data, which can be used to enhance decision-making for healthcare providers (Karnan et al., 
2012). Their application in breast cancer diagnosis demonstrates how they can help discover 
patterns in the data that contribute to accurate predictions of malignant or benign tumors 
(Boughorbel et al., 2017). 
 
This study investigates the use of association rule mining; FP-Growth and Random Forest in 
the processing of medical data, particularly that related to breast cancer. To demonstrate how 
association rule mining can improve the performance of predictive model by offering greater 
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insights into the relationships between clinical features. This powerful predictive model can be 
used in areas with inadequate screening resources. The model can improve early detection, 
reduce delays in diagnosis, and ultimately save lives by enabling timely referrals to specialized 
care. 
 
The rest of the paper is organized as follows; Section 2 reviews related work, Section 3 
explains the methodologies, Section 4 describes the experiments and results. Section 5 
presents Discussions and results Section 6 Conclusion. 
 
2.0 Literature Review 
In recent years, advancement in data mining and machine learning have provided new 
avenues for enhancing breast cancer predictions and diagnosis. Techniques such as 
association rule mining and classification algorithms have demonstrated potential in 
uncovering hidden patterns and relationships within medical datasets, leading to improved 
diagnostic accuracy. Association rule mining, commonly used in market basket analysis, can 
identify significant co-occurrences of clinical features, while classification techniques like 
decision trees, support vector machines, and neural networks can categorize patient data into 
benign or malignant outcomes with high precision. 
 
Table 1: Overview of related work by previous Authors 

Author(s) 
 

Dataset Used 
Techniques 

Tools Used Result 
  

Error Rate 
  

 

 Used     
 

              
 

             
 

Almustafa, 
Breast  Cancer  

RadialBasis 
   Wisconsin Diagnostic 

 

Dataset   Support Improved breast Breast Cancer dataset:  

K. M., &   Function  

(Wisconsin  Vector cancer diagnosis 2.11%, Wisconsin Breast  

Elsharkawy,  Support Vector  

Diagnostic Breast Machines accuracy  Cancer  Diagnosis  

Z. F. (2022) Machines   
 

Cancer dataset) 
    dataset: 

0.73% 
  

 

          
 

              
 

Aidossov,              
 

N., Zarikas,             
 

V., Zhao, Y.,    Convolutional  
Accuracy: 91% 

    
 

Mashekova,    Neural      
 

   Artificial to  93%,     
 

A., Ng,    Networks,      
 

Infrared Thermal Neural Precision: 91% to Error rates not explicitly  

E.Y.K.,  Bayesian  

 Images for Breast Network, 95%, Sensitivity: provided  but the  model  

Mukhmetov, Networks,  

Cancer Detection Transfer 91%   to 92%, achieved high accuracy  

O.,   Transfer  

     Learning Specificity:  91%     
 

Mirasbekov,    Learning     
 

    to 97%       
 

Y.,  &    (ResNet50)        
 

            
 

Omirbayev,             
 

A. (2023)              
 

                

        Genetic       
 

      
Nature- Mathematics 

Algorithm-based     
 

      Support Vector     
 

Abu      Inspired analytical Wisconsin Diagnostic  

  Various  feature Machine  
 

Khurma, R.,  Algorithms for views,  Breast Cancer dataset:  

selection datasets accuracy  
 

et al. (2022) Feature visualized  7.49%    
 

   increased from    
 

      Selection statistics     
 

      88.81%  to     
 

             
 

        92.51%       
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Histopathological Convolutional  

Classification Wisconsin Diagnostic  

Toğaçar, M., Neural Data  

Images of Breast accuracy:  Breast Cancer dataset:  

et al. (2020) Network, Augmentation  
 

Cancer   98.80%   1.20%    
 

     BreastNet       
 

              
 

              
 

   Breast  Cancer 
Deep Data 

First-level      
 

   Dataset   accuracy:      
 

Murtaza, G.,   Learning, Augmentation,  First-level:  4.52%,  

(Wisconsin Breast 95.48%, Second-  
 

et al. (2020) Hierarchical Feature Second-level: 5.38%  

Cancer Diagnosis level accuracy:  

   Classification Extraction     
 

   dataset
) 

  

94.62% 
      

 

             
 

             
 

        Hybrid accuracy:     
 

   
Breast 

 
Cancer 

Random  Random Forest     
 

    Forest,  96.5%,   Hybrid:  Random Forest  

   Dataset      
 

Choudhury,   Multilayer Cross- Multilayer  3.5%,  Multilayer  

(Wisconsin Breast   
 

Z. H. (2023) Perceptron, validation 
Perceptro
n 

 

Perceptron  6.1%,  Deep 
 

Cancer Diagnosis  
 

   DeepBelief  93.9%,  Deep Belief Network 8.7%  

   dataset
) 

    
 

     Network  Belief Network     
 

           
 

        91.3%       
 

                

 
2.1 Gaps in the existing research 
 
Mammography is currently the preferred screening tool for breast cancer due to its 
effectiveness in detecting small tumors. However, patients in low-income countries often 
experience significant delays in diagnosis, typically presenting with advanced-stage cancer. 
These delays can be attributed primarily to challenges related to healthcare quality and access 
within cancer care systems (Khumalo, 2019). In some hospitals, the absence of trained 
oncologists to interpret mammographic images can lead to misdiagnoses, resulting in patients 
receiving treatment for incorrect conditions (Ginsburg et al., 2020). 
 
The field of breast cancer diagnosis faces significant challenges, including overfitting, 
suboptimal feature selection, limited sample sizes, and inadequate testing across diverse 
populations. These limitations raise concerns about the generalizability of existing models, 
especially given demographic and genetic variations among different patient groups. 
Consequently, many models may not perform reliably in various clinical settings. This project 
aims to enhance classification accuracy and reduce error rates by integrating multiple 
classification algorithms with association rule mining. By combining these techniques, the 
approach leverages their complementary strengths to improve predictive performance and 
model robustness. Ultimately, this integration seeks to facilitate more accurate diagnoses and 
support informed decision-making in clinical practice. 
 
This approach not only enhances classification accuracy but also evaluates the model's 
suitability for application in clinical settings (Abu Khurma et al., 2022). By providing healthcare 
professionals with more accurate decision-support tools, the model enables earlier detection 
of breast cancer and supports timely referrals to specialized care. These advancements have 
the potential to improve patient outcomes, especially in lower-level healthcare facilities where 
access to advanced diagnostic resources may be limited. 
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3.0 Methodology 
The visualizations presented in this section demonstrate the performance and contributions of 
different components within the hybrid model. These include confusion matrices for the hybrid 
model, feature importance plots that highlight the most influential features, and performance 
comparisons with and without association rule integration. This research aims to develop a 
breast cancer prediction model that would be helpful in medical domain to clinicians and 
patients as well. This study is based on experiments as a tool for understanding the problem 
and developing a precise model for early breast cancer prediction. Breast cancer is fatal disease 
and requires to be detected at very early stages. The focus is early-stage prediction for 
increasing the chances of the patients’ survival. To achieve the objective, different machine 
learning algorithms were used on the dataset and analysis was carried out. This paper 
additionally shows which features contribute better than others and describe the disease 
better in terms of performance because not all features are of value and contribute to the 
expected outcome. 
 
3.1 Proposed Methodology 
The proposed methodology integrates data mining, rule mining and machine learning 
techniques to develop a hybrid predictive model for breast cancer diagnosis. It begins with pre-
processing the Wisconsin Diagnostic Breast Cancer dataset to handle missing values, followed 
by parallel processes of rule mining (using Apriori and FP-Growth algorithms) and machine 
learning (evaluating models such as k-Nearest Neighbors, Random Forest, Naive Bayes, 
Support Vector Machine, and Decision Tree). The best-performing rule and machine learning 
model are then selected and combined to train a hybrid model, enhancing prediction accuracy 
and robustness. The logical workflow is illustrated in the block diagram below.  

PATIENTS
Wisconsin Diagnostic 
Breast Cancer dataset

DATA MINING
Missing Values?

FILL MISSING 
DATA

MACHINE LEARNING

 SELECT BEST  RULE SELECT BEST MODEL

HYBRID 
MODEL FOR 

PREDICTION

YES

NO

RETURN

Random 
Forest

Naive Bayes

Support Vector 
Machine (SVM)

k-Nearest 
Neighbors 

(kNN)

Decision Tree

APRIOLI

FP- GROWTH

TRAIN BEST 
MODEL WITH 

BEST RULE MINING

 
 
Fig 1: Model Development process 
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3.2 Dataset Sample 
To achieve optimal performance from a machine learning model, high-quality data is 
essential. The reliability of the data source and the methods used for data collection are 
equally crucial. For this study, Wisconsin Breast Cancer dataset was sourced from the 
University of California Irvine (UCI) Machine Learning Repository, a well-known and publicly 
accessible online database approved for research purposes as shown below. 
 

Table 2: Breast Cancer dataset 
Dataset  Number of Number of Class Distribution  
  Attributes  Instances     
         
Wisconsin   Breast Cancer 30  569  B (benign): 357,M 
(WDBC)      (malignant): 212  
         
4.0 Results 
4.1 Performance Evaluation 
This section details the results of the hybrid model, which integrates association rule mining 
with traditional classification techniques. The performance of this model is evaluated using key 
metrics, including accuracy, precision, recall, and F1-score, to determine its effectiveness in 
predicting breast cancer. The hybrid model's performance is compared against individual 
models (such as SVM, KNN, Naïve Bayes, and Decision Tree) to assess improvements brought 
by the integration of association rules. The results are summarized in Table 3 below. 
 

Table 3: Machine learning models performance comparison 

Model 
Accuracy Precision Recall 

F1 Score (%) 
 

(%) (%) (%) 
 

   
      

Random Forest + FP-growth 99.47% 100% 100% 100%  
      

Random Forest 96.49% 96.52% 96.49% 96.47%  
      

k-Nearest Neighbors (kNN) 95.61% 95.90% 95.61% 95.55%  
      

Support   Vector   Machine 
94.74% 95.15% 94.74% 94.65% 

 

(SVM) 
 

     
      

Naive Bayes 94.74% 95.15% 94.74% 94.65%  
      

Decision Tree 92.98% 92.98% 92.98% 92.98%  
      

The following metrics are utilized to evaluate the effectiveness of the aforementioned models: 
 Accuracy: A measure of how well the model identifies patterns within the dataset. 
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 Precision: The ratio of true positive predictions to the total number of positive 
predictions made by the model. 

 Recall: The model's ability to correctly identify true positive instances. 
 Support: The count of actual samples for each class in the target values. 
 F1-Score: The weighted average of precision and recall, providing a balance between 

the two metrics. 
 
4.2 Model performance metrics 
As shown in Table 3, the hybrid model that incorporates association rules demonstrates 
superior performance compared to the individual models, particularly in accuracy, precision, 
and F1-score. This enhancement underscores the effectiveness of integrating association rules 
in improving the model’s capability to accurately classify breast cancer cases. 
 
4.3 Confusion Matrix for the Hybrid Model 
The confusion matrix offers a comprehensive view of the classification accuracy of the hybrid 
model. By incorporating association rules, the hybrid model significantly reduces both false 
positives and false negatives when compared to traditional models, thereby enhancing overall 
classification performance. 

Table 4: Confusion matrix 
Predicted class 
 
 
 
class 

 Yes No 
 

Yes True Positive (TP) False Negative (FN) 
 

No False Positive (FP) True Negative (TN) 
 

The following classification evaluation metrics are defined as follows: 
 True Positive (TP): The count of instances correctly predicted as the positive class. 
 False Positive (FP): The count of instances incorrectly predicted as the positive class. 
 False Negative (FN): The count of instances incorrectly predicted as the negative class. 
 True Negative (TN): The count of instances correctly predicted as the negative class 

 
Table 5: Confusion matrix comparison of machine learning models 

 True False False True   

Model Positive Negative Positive Negative Accuracy  

 (TP) (FN) (FP) (TN)   

Random Forest + FP- 
63 0 0 108 1 

 

growth 
 

      

SVM 44 0 0 71 0.982  

Random Forest 40 3 1 70 0.966  
k-Nearest Neighbors 38 5 0 71 0.962  
Decision Tree 39 4 4 67 0.93  

Naive Bayes 37 6 0 71 0.93  
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4.4 Model performance metrics 
The table 4: provides a comparative analysis of the performance metrics of different machine 
learning models used for classification. Each model's predictions are categorized into true 
positives (TP), false negatives (FN), false positives (FP), and true negatives (TN), allowing for a 
thorough evaluation of their effectiveness in distinguishing between positive and negative 
classes. 
 
4.4.1 Random Forest + FP-growth 
TP: 63, FN: 0, FP: 0, TN: 108 
This model achieved the highest true positive rate with no false negatives or false positives, 
leading to an impressive accuracy of 1.0. This indicates that all positive instances were correctly 
identified, and there were no incorrect predictions, demonstrating exceptional performance 
in classifying the data. 
 
4.4.2 Support vector machine (SVM) 
TP: 44, FN: 0, FP: 0, TN: 71, Accuracy: 0.982 
The SVM model also performed well, with no false negatives or false positives. Its accuracy of 
0.982 indicates a robust performance, correctly identifying the majority of positive instances 
and maintaining a high true negative count. 
 
4.4.3 Random Forest 
TP: 40, FN: 3, FP: 1, TN: 70, Accuracy: 0.966 
This model also shows strong performance, with an accuracy of 0.966. However, it recorded 
three false negatives and one false positive, suggesting that while effective, there is still room 
for improvement in correctly identifying positive cases. 
 
4.4.4 k-Nearest Neighbors (k-NN) 
TP: 38, FN: 5, FP: 0, TN: 71, Accuracy: 0.962 
The k-NN model shows a slightly lower performance with 5 false negatives, resulting in an 
accuracy of 0.962. While it had no false positives, the higher number of false negatives 
indicates that it misses some positive instances. 
 
4.4.5 Decision tree 
TP: 39, FN: 4, FP: 4, TN: 67, Accuracy: 0.93 
The Decision Tree model exhibits the lowest performance among the models evaluated, with 
an accuracy of 0.930. The presence of both false negatives and false positives highlights its 
challenges in classification, resulting in a lesser ability to differentiate between the two classes 
effectively. 
 
4.4.6 Naive Bayes 
TP: 37, FN: 6, FP: 0, TN: 71, Accuracy: 0.93 
Similar to the Decision Tree, the Naive Bayes model also recorded an accuracy of 0.930. With 
6 false negatives, it indicates similar challenges in correctly identifying positive instances as the 
Decision Tree. 
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4.5 Evaluation of model performance metrics 
The confusion matrix presented above illustrates a notable reduction in misclassification 
errors, underscoring the robustness of the hybrid model in effectively differentiating between 
benign and malignant cases. The accompanying table provides a comparative analysis of model 
performance based on key evaluation metrics. Higher values for True Positives (TP) and True 
Negatives (TN) signify superior model performance, as they reflect the model's ability to 
accurately identify both positive and negative instances. Conversely, the presence of False 
Positives (FP) and False Negatives (FN) represents classification errors; thus, lower rates of 
these errors contribute to improved overall accuracy. 
 
The Support Vector Machine (SVM) model exhibits commendable performance, recording 44 
true positives, 0 false negatives, and 71 true negatives. This indicates the model's ideal 
functionality in classification tasks, as it accurately identifies all positive instances without 
misclassifying any negative ones. 
 
Similarly, the Random Forest model enhanced with FP-growth shows exceptional results with 
63 true positives and 108 true negatives, also demonstrating no instances of misclassification. 
In general, a model characterized by high rates of true positives and true negatives, coupled 
with low false positive and false negative rates, is deemed more accurate and reliable. 
 
Based on the performance metrics, both the Support Vector Machine and the Random Forest 
with FP-growth models are identified as more reliable and accurate in their predictive 
capabilities. In contrast, models exhibiting lower true positive counts and higher rates of false 
negatives or false positives may require further refinement to enhance their classification 
performance. 
 
5.0 Feature importance  
The feature importance plot provides crucial insights into the attributes that significantly 
contribute to the accuracy of the classification model. It highlights key features derived from 
association rules that uncover critical cellular traits and patterns relevant to breast cancer 
classification. 
 
The plot reveals that certain features, particularly those associated with the shape, size, and 
concavity of tumor cells, are instrumental in enhancing model performance. For instance, 
features such as Concave Points Mean and Concave Points Worst are prominent in determining 
their significance. These features reflect the irregularities in the tumor's contour, which have 
been shown to be indicative of malignancy. Their high importance scores underscore their role 
in improving the model's ability to distinguish between benign and malignant cases. 
 
The hybrid model's effectiveness lies in its integration of association rule mining techniques 
with the Random Forest algorithm's strength in feature evaluation. By leveraging association 
rules, the model captures complex interrelations between features, allowing it to identify those 
that most significantly influence the classification outcome. This integration not only enhances 
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the accuracy of predictions but also provides a deeper understanding of the underlying data 
patterns.  
 
5.1 Feature importance analysis 
The feature importance analysis presented below provides valuable insights into the 
contributions of various features from the dataset used in the classification model. The 
importance scores indicate how significantly each feature impacts the model's predictions, 
allowing for informed decisions on feature selection and model refinement 
 
 

 
 Feature Importance Analysis      

 

Radius_Mean 
   

0. 
 

0323

         
 

             
 

Concavity_Worst      0.0411         
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Figure 2: Feature importance analysis 
 
5.2 Key features 
The features at the top of the importance list, such as Concave Points Mean (0.1419) and 
Concave Points Worst (0.1271), demonstrate the highest significance in influencing the 
model's predictions. These features are particularly relevant in characterizing the shape and 
boundaries of tumor cells, which can be critical indicators of malignancy in breast cancer 
diagnosis. Following these, Area Worst (0.1182) and Perimeter Worst (0.0743) also show 
strong importance scores. These metrics pertain to the overall size and dimensions of the 
tumors, which are equally essential in classifying benign versus malignant cases. 
 
5.3 Intermediate importance 
Features such as Concavity Mean (0.0806) and Radius Worst (0.078) fall into an intermediate 
importance category, suggesting that while they provide useful information for classification, 
their contribution is not as critical as the top-ranked features. These characteristics may 
provide supplementary context that helps refine and support the model's decisions. 
 
5.4 Lower importance features 
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Features like Perimeter Mean (0.0601), Area Mean (0.0538), and Concavity Worst (0.0411), 
while still relevant, show relatively lower importance scores. This could suggest that these 
features contribute less to the model’s predictive power in comparison to others. Depending 
on the analysis goals, it may be beneficial to consider feature reduction strategies to streamline 
the model by removing less influential features. 
 
5.5 Radius mean (0.0323) 
The feature with the lowest importance score, Radius Mean (0.0323), indicates minimal 
influence on the model’s predictions. This finding can guide potential adjustments in future 
feature selection efforts by possibly eliminating this feature to enhance model efficiency. 
The feature importance analysis not only highlights the critical attributes that contribute to 
the predictive efficacy of the model but also provides insights into potential areas for 
enhancement in feature engineering. By focusing on the most influential features, such as 
Concave Points and Area metrics, practitioners can optimize model performance while 
streamlining their feature sets. Additionally, understanding feature importance fosters a 
better grasp of the underlying factors that drive cancer classification, enhancing the 
interpretability of the model’s predictions.  
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Figure 3: Performance comparison without association rules 
 
6.0 Discussion on the performance of individual classifiers 
The performance comparison table presented above summarizes the metrics for various 
classification models when evaluated without the integration of association rules. The models 
included in this analysis are Random Forest, k-Nearest Neighbors (KNN), Support Vector 
Machine (SVM), Naive Bayes, and Decision Tree. Each model was assessed based on accuracy, 
precision, recall, and F1 score, providing insights into their capabilities in the task of 
classification. 
 
6.1 Accuracy rates 
All models exhibit high accuracy rates, ranging from 96.49% to 94.74%. This demonstrates that 
these classifiers are generally effective in making correct predictions for the dataset. Random 
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forest, for instance, achieved an accuracy of 96.49%, making it the best-performing model in 
terms of overall accuracy in this cohort. Such high accuracy suggests that the dataset is 
amenable to these classification techniques. 
6.2 Precision metrics 
Precision scores, which reflect the proportion of true positive predictions among all positive 
predictions, range from 96.52% to 92.98%. The Random forest model achieved a precision of 
96.52%, indicating a strong capacity for accurate positive predictions during classification tasks. 
The similarity in precision across models suggests that each classifier effectively minimizes false 
positives, contributing to reliability in predicting positive instances. 
 
6.4 Recall metrics 
Recall scores, which indicate the proportion of true positive predictions out of all actual 
positive instances, remain consistent with precision scores. They are also within the range of 
96.49% to 92.98% for most models. This consistency suggests that the models are generally 
effective in identifying true positive cases without significant under reporting (i.e., false 
negatives). For instance, Random forest recorded a recall of 96.49%, affirming its effectiveness 
in detecting positive instances. 
 
6.5 F1 scores 
The F1 score, which is the harmonic mean of precision and recall, reflects the balance between 
these two metrics. All models have F1 scores of approximately 92.98%, indicating they 
maintain a good equilibrium between precision and recall. While the F1 score for each model 
shows stability, it also underscores the models' capabilities in handling both false positives and 
false negatives adequately. 
 
6.6 Model characteristic 
 
6.6.1 Random Forest 
An ensemble method known for its robustness, the Random Forest classifier shows high 
accuracy and reliability through the aggregation of predictions from multiple decision trees, 
which helps mitigate overfitting. 
 
6.6.2 K-Nearest Neighbors (KNN) 
 KNN performs well due to its simplicity and effectiveness in capturing local patterns within 
the data. It is particularly adept in situations where the class distribution is relatively uniform. 
 
6.6.3 Support Vector Machine (SVM) 
 SVM is proficient in handling high-dimensional spaces, making it particularly effective for 
datasets with clear margins of separation between classes. Its performance metrics indicate 
its reliability in classification tasks. 
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6.6.4 Naive Bayes:  
This probabilistic model is particularly useful when features are independent. It performs 
reliably with good precision and recall scores, although its simplistic assumptions may not 
capture complex interactions in the data. 
 
6.6.5 Decision Tree:  
Though having a slightly lower performance compared to ensemble methods, Decision Trees 
provide interpretability and simplicity, making them useful for understanding the decision-
making process behind classifications. 
 
The performance analysis of individual classifiers demonstrates that all evaluated models 
exhibit high levels of performance, marked by impressive accuracy, precision, recall, and F1 
score metrics. Each model has its strengths based on the underlying algorithms and their 
suitability to the dataset characteristics. The results suggest a competent capability to classify 
instances effectively and further enhancements are investigated here through the integration 
of association rules to harness deeper contextual relationships within the data for improved 
predictive performance. 
 
 

 
Figure 4: Performance comparison Random Forest with Association Rule FP-Growth 

 
The performance comparison graph highlighted above offers a vital analysis of the advantages 
gained through the integration of association rules with traditional classification methods. By 
comparing the performance metrics of the hybrid model against individual models—
specifically Random Forest, k-Nearest Neighbors (KNN), Support Vector Machine (SVM), Naive 
Bayes, and Decision Tree—the analysis provides insights into the efficacy of this hybrid 
approach. 
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6.7 Overall accuracy 
The hybrid model demonstrates a marked improvement in performance metrics for Random 
forest+ FP-Growth and Decision Trees + FP-Growth when compared to individual models. For 
instance, the accuracies showcased (around 99.47% and 99.12 %) reflect the robustness of the 
two models. SVM, k-NN and Naïve Bayes did not fully encapsulate the added value brought by 
the integration of association rules. 
 
6.7.1 Precision and recall 
Precision and recall metrics are critical in understanding the model's performance in classifying 
positive instances. The hybrid model consistently exhibits improvements in these metrics, 
emphasizing its ability to minimize false positives while effectively capturing true positive 
cases. For instance, the precision rates of individual models such as Random Forest is 96.52% 
and precision rates for the hybrid (Random Forest +FP - Growth) is 100%.  The hybrid model 
reflects a high-quality predictive capability, its performance particularly when augmented by 
association rules demonstrates a superior ability to effectively balance precision and recall. 
 
6.7.2 F1 Score: 
The F1 Score, which combines precision and recall into a single metric, is equally significant in 
assessing model performance. All models show respectable F1 scores but the hybrid model's 
integration with association rules adds stability to these values, illustrating its strength in 
maintaining a favorable balance between precision and recall. The utility of the F1 Score 
becomes more pronounced in scenarios where class distribution is imbalanced, as it provides 
a clearer picture of model performance beyond mere accuracy. 
 
6.8 Implications of integration: 
The integration of association rules within a hybrid model significantly enhances its predictive 
capabilities, allowing for a deeper contextual understanding of data and the ability to leverage 
nuanced relationships between features. This improvement leads to better generalization and 
predictive power in real-world scenarios characterized by data complexities. The hybrid model 
demonstrates superior performance across all metrics, achieving an impressive accuracy rate 
of 99.47%, which surpasses individual models such as Support Vector Machines (SVM) and k-
Nearest Neighbors (KNN).  
 
By enabling the identification of relationships among features that traditional classification 
methods may overlook, the incorporation of association rules minimizes false positives and 
negatives, thereby improving classification accuracy. Research by Awotunde, Chakraborty, and 
Adeniyi (2021) emphasizes that this integration allows for a more nuanced understanding of 
statistical patterns in the data, particularly in complex cases where conventional approaches 
may struggle. 
 
Overall, the findings highlight the benefits of adopting a hybrid approach that combines 
association rule mining with traditional classification techniques, leading to enhanced accuracy 
and a richer understanding of data patterns. This advancement supports more effective and 
informed decision-making in classification tasks, particularly in the context of breast cancer 
diagnosis. 
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6.9 Comparison with previous studies 
Previous research on machine learning techniques for breast cancer diagnosis has primarily 
concentrated on single classifiers, such as Decision Trees, Naïve Bayes, and Support Vector 
Machines (SVM). These models often face challenges related to robustness and 
generalizability, particularly in diverse datasets and complex real-world situations (Phyo, 2024). 
This highlights the need for more resilient approaches capable of maintaining high accuracy 
under varying conditions. 
 
Kadhim and Kamil (2023) conducted a comprehensive evaluation of machine learning models 
for breast cancer detection and underscored the necessity for improved methodologies to 
enhance prediction accuracy and reliability. Their findings indicate a growing consensus in the 
field regarding the importance of advanced techniques to overcome the limitations of 
traditional classifiers, ultimately aiming for more reliable diagnostic tools in breast cancer 
detection. 
 
7.0 Implications for clinical practice 
The hybrid model demonstrates significant potential as an effective tool for breast cancer 
diagnosis in clinical settings, owing to its high accuracy and low error rates (Singh and Khanna, 
2023). By reliably distinguishing between benign and malignant cases, this model aids medical 
professionals in making informed decisions that can lead to earlier interventions and more 
effective treatment outcomes. 
 
The integration of association rules within the model enhances decision-making transparency, 
a critical factor in therapeutic contexts. This approach aligns with the findings of Dewangan et 
al. (2022), who highlighted that the combination of deep learning models with sophisticated 
optimization techniques can improve both diagnostic accuracy and interpretability in breast 
cancer detection. 
 
In summary, the hybrid approach not only enhances performance but also promotes 
transparency in clinical applications by leveraging association rule mining. This contributes to 
a more comprehensive understanding of the diagnostic process, ultimately supporting 
improved patient care in breast cancer diagnosis and treatment. 
 
7.1 Summary of the findings 
This paper introduces a novel hybrid model that combines association rule mining with 
traditional classification techniques for breast cancer prediction. The findings indicate that this 
approach significantly improves overall classification accuracy, achieving an impressive rate of 
99.47%, which is a notable enhancement compared to using individual classifiers.  
 
Performance evaluation shows that the hybrid model excels in precision, recall, and F1 scores, 
effectively distinguishing between benign and malignant tumors. This improved predictive 
capability addresses delays in diagnosis, particularly in lower-level healthcare facilities that may 
lack advanced screening resources. By equipping medical professionals with better decision-
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making tools, the hybrid model supports early detection of breast cancer and timely referrals 
to specialized care, ultimately enhancing disease management and healthcare delivery. 
 
7.2 Recommendations for future research 
While the current findings support the efficacy of the hybrid model, further research is 
essential to validate these conclusions across diverse samples, particularly in clinical settings. 
Future studies should prioritize the following areas: 
 
Utilization of Diverse Datasets: Future models should incorporate diversified datasets that 
encompass various geographical locations and patient demographics. This will enhance the 
generalizability of the findings and ensure that the model performs effectively across different 
populations. 
By addressing this area, future research can contribute to the continued development and 
refinement of hybrid models, ultimately enhancing their applicability and effectiveness in 
clinical practice. 
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