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Abstract Breast cancer remains the most common cancer among women globally highlighting 
the importance of early and reliable diagnostic methods. While previous studies have applied 
association rules mining (ARM) to explore factors contributing to breast cancer, many lacked 
robust validation of the extracted rules. To address this gap and deepen our understanding of 
the key biological markers linked to the disease, this study proposes a hybrid framework that 
integrates Class Association Rule Mining (CARM) with SHapley Additive exPlanations (SHAP) 
values based on Random Forest (RF) and Gradient Boost (GB) models to uncover and validate 
meaningful diagnostic patterns. Using the Breast Cancer Coimbra (BCC) dataset comprising 116 
patient samples and nine biological markers, a total of 723,938 association rules (AR) were 
generated with 17,720 significant class association rules (CAR) were extracted. These rules 
were pruned using lift, leverage and conviction to retain the most relevant ones. Among the 
healthy group, combinations involving low glucose, low insulin, low resistin and low Homeostatic 
Model Assessment (HOMA) were consistently observed, while high BMI appeared particularly 
among younger individuals. These features were associated with negative SHAP values 
validating their contribution to healthy classifications. In contrast, common patterns such as high 
glucose, medium resistin and medium Monocyte Chemoattractant Protein-1 (MCP.1) among 
middle aged individuals highlighting their influence in predicting patient classification. These 
features consistently showed strong positive SHAP values across both classifiers highlighting 
their influence in predicting patient outcomes. By combining rule extraction of CARM with feature 
contribution using SHAP, this study provides a validated and interpretable approach for breast 
cancer diagnosis. The findings highlight the importance of feature interactions and offer 
promising directions for personalized risk assessment and early detection. 
Keywords: Breast cancer, class association rule, pattern discovery, SHAP, XAI model. 

 

 
Introduction 
 
Breast cancer continues to be a global health issue that significantly affects women around the world. 
The World Health Organization (WHO) reported that there were 2.3 million women diagnosed with 
breast cancer with 670,000 deaths recorded in 2022 [1]. The prediction for 2024 is concerning as there 
are an estimation of 310,720 new breast cancer cases among women with 42,250 fatalities [2]. With 
the advances in digital technology in recent years, the application of data mining techniques has 
significantly fast-forwarded the field of cancer research to a point that they can analyze and interpret 
complex medical data [3]. 
 
Data mining is a step in the process of knowledge discovery in databases [4]. This involves a process 
of uncovering hidden information which is previously unknown to potentially valuable information from 
large datasets [5]. The extracted information is known as knowledge and can be presented as rules, 
constraints, and patterns. ARM is a well-established method used to identify interesting relationships 
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between variables in a dataset [6]. The concept of ARM originated from market basket analysis where 
the goal is to determine the likelihood of a customer purchasing additional products based on their 
current purchases [7]. The strength of such a rule is measured by several metrics such as support and 
confidence. To add, CAR is an extension of traditional AR that incorporate class labels into the rule-
mining process [8]. While traditional AR focus on identifying relationships between items in a dataset, 
CAR specifically aims to discover patterns that relate features to class labels. In breast cancer 
classification tasks, CAR can help identify patterns associated with diseases based on patient attributes 
while helping towards a more accurate risk assessment and informed decision-making. 
 
As the data began to accumulate and become more complex, machine learning models became the 
highlight to address this limitation. Black box AI model are highly accurate but lack transparency, 
making it difficult to understand how they make decisions. Their opacity often lead to trust issues, 
difficulty in diagnosing errors and challenges in meeting regulatory requirements in sensitive 
applications like healthcare. Hence, the presence of Explainable Artificial Intelligence (XAI) models 
aims to provide insight and make decision and working of AI systems more transparent and 
understandable to humans by showing hidden details such as which features are important and how 
they are related [9], [10]. It explains the how, why and when [11]. SHAP is one of the XAI techniques 
that effectively explain more complex dependencies and relationships. SHAP can aggregate feature 
importance over the entire dataset and provide a global view of which features are most influential in 
the dataset [12]. Even though CARM identifies important patterns and relationships within the dataset, 
validating these patterns requires a deep understanding of how they affect the predictions of the model. 
Hence, SHAP can help in this validation process by clarifying how specific patterns influence the 
outcome of the model.  
 
The primary objective of this study is to explore interpretable and clinically relevant patterns for breast 
cancer diagnosis by integrating CARM with SHAP-based explainability. By combining rule-based 
learning with model interpretation, this study proposes to identify robust combinations of biological 
features that effectively differentiate between healthy individuals and patients. Unlike previous research 
that primarily relied on CARM alone, our proposed method provides a dual-layered framework for 
uncovering complex patterns and validating them rigorously. This integration also aims to improve the 
reliability of extracted CAR through SHAP validation. 
 
The paper is organized as follows: Section 2 reviews related works on ARM in breast cancer diagnosis. 
Section 3 covers the background theory including fuzzy sets and ARM concepts. Section 4 details the 
methodology including the data descriptions and the proposed research framework. Subsequently, 
Section 5 presents the results of the experiments. Finally, Section 6 summarizes the findings and 
suggests potential future research.  
 
Related Works 
 
ARM has been widely explored in breast cancer diagnosis and risk factors due to its ability to uncover 
significant patterns and relationships within datasets. ARM has proven valuable in identifying risk 
factors and predictive patterns for the disease. A notable study by [13] applied ARM using Apriori and 
FP-Growth algorithms to NED-breast cancer datasets to discover the patterns through the relationship 
among features began from 1-dimensional, 2-dimensional, 3-dimensional, and n-dimensional. The 
association result of both algorithms was almost similar with the 10-highest confidence value 
representing 100% confidence with support value up to 50%. Similarly, Kabir et al. [14] used ARM and 
CAR to analyze Breast Cancer Surveillance Consortium (BCSC) data to discover rule patterns of the 
risk factors of this disease. They first utilized the logit model to identify appropriate factors that may 
affect the likelihood of breast cancer. Subsequently, the significant rules of both non-breast cancer and 
breast cancer patients were obtained. Besides, Oladipupo et al. [15] employed an Interval Type-2 fuzzy 
ARM approach to explore the pattern discovery in the Wisconsin Original Breast Cancer (WOBC) 
dataset. The fuzzification of the dataset was carried out using the Hao and Mendel approach. The study 
obtained the associative rules with a minimum number of symptoms at confidence values as high as 
91%. They also identified High Bare Nuclei and High Uniformity of Cell Shape as strong determinant 
factors for diagnosing breast cancer. 
 
Integrating XAI techniques such as SHAP can enhance the interpretability of machine learning models. 
For example, Khater et al. [16] employed different ML algorithms such as Support Vector Machine 
(SVM), K-Nearest Neighbors (KNN), RF and Extreme Gradient Boost (XGB) on breast cancer dataset. 
The study explained the model behavior using three model-agnostic techniques including permutation 
importance, partial dependence plots and SHAP. The results had shown that the most important 
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features were the bare_nuclei feature in the WOBC and the area_worst feature for Wisconsin 
Diagnostic Breast Cancer (WDBC) dataset. Further research by [17] emphasized how XAI can identify 
and explore the key factors that influence breast cancer recurrence. They utilized RF and TreeSHAP 
to identify the top five significant features which were tumor size, clinical stage III, total metastatic lymph 
nodes, risk of recurrence and age. Moreover, Suresh et al. [18] investigated the SHAP of the XGB 
model for the WDBC dataset. The SHAP explanation indicated that perimeter and concave_points had 
the highest impact on breast cancer diagnosis with an accuracy of 98.42%. A notable study by [19] had 
utilized XGB and SHAP to investigate the survival analysis in breast cancer. The study found that the 
XGB model was capable of capturing interaction effects between the features. For instance, a notable 
interaction was between age and pathological tumor stage (PTS). The study revealed that patients 
aged 20 to 60 with lower PTS (I and IIA) have a lower mortality risk than those with higher PTS (IIB, 
IIIA, IIIB, and IIIC). However, this difference decreases significantly for patients older than 60. This 
approach shows that the XAI model can generate explicit knowledge of how models make their 
predictions which is very important in increasing the trust in oncology and healthcare. 
 
Previous studies have also shown that the ARM efficiently identified valuable patterns for breast cancer 
diagnosis. However, there is a lack of research on understanding how individual features contribute to 
predictions to ensure the discovered patterns by ARM are accurate and meaningful. Since the 
interpretability of the patterns obtained is crucial, this study proposed the integration of CAR and SHAP 
methods to ensure the identified patterns give clear insights into the end user such as health 
professionals to make better decision-making in breast cancer diagnosis. 
 
Background Theory 
 
This section discussed the definition of fuzzy sets and triangular membership functions. Besides, it also 
reviews the basic concepts of ARM and CARM with several interestingness measures employed to 
prune the CAR to obtain insightful patterns. 
 
Fuzzy Sets 
ARM often faces issues with numeric data since it depends on categorical features. To handle numeric 
data, data discretization is used to split continuous data into intervals and assign each an integer label.  
Traditional discretization methods encounter a "sharp boundary problem," where values close to 
interval edges are treated the same as those in the center which leads to information loss and reduced 
accuracy. Hence, this study used fuzzy sets theory where the fuzzification process converts numeric 
values into fuzzy values. This concept was introduced by [20] and allows the representation of 
uncertainty and vagueness in data. In classical set theory, an element is either strictly a member or not 
a member of set A, denoted as is 𝑥𝑥 ∈ 𝐴𝐴 or 𝑥𝑥 ∉ 𝐴𝐴. This type of set is known as a crisp set. In contrast, 
a fuzzy set allows each element to have a degree of membership, which can be expressed as:  

 
             𝐴𝐴 = {(𝑥𝑥, 𝜇𝜇𝐴𝐴(𝑥𝑥))  𝑥𝑥 ∈ 𝑋𝑋} (1) 

 
where 𝑋𝑋 is the universe set and 𝜇𝜇𝐴𝐴(𝑥𝑥): 𝑋𝑋 → [0,1] is the membership function that assigns a degree of 
membership to each element 𝑥𝑥 of 𝑋𝑋 ranging from 0 to 1. This degree indicates the strength of the 
association of the element to the fuzzy set. If 𝜇𝜇𝐴𝐴(𝑥𝑥) = 0 , 𝑥𝑥 is not a member of 𝐴𝐴 while if 𝜇𝜇𝐴𝐴(𝑥𝑥) = 1, 
then 𝑥𝑥 is a fully member of 𝐴𝐴. Values between 0 and 1 show partial membership in 𝐴𝐴. 

 
Membership Functions 
The membership function indicates the degree to which the elements belongs to a particular fuzzy set.. 
It includes several types such as triangular, Gaussian, trapezoidal, bell-shaped, and sigmoidal 
functions. This study used the triangular membership function to define the fuzzy sets that can 
expressed as:  

 

𝜇𝜇𝐴𝐴(𝑋𝑋;  𝑎𝑎, 𝑏𝑏, 𝑐𝑐) =

⎩
⎪
⎨

⎪
⎧

0 𝑥𝑥 ≤ 𝑎𝑎
𝑥𝑥 − 𝑎𝑎
𝑏𝑏 − 𝑎𝑎 𝑎𝑎 ≤ 𝑥𝑥 ≤ 𝑏𝑏
𝑐𝑐 − 𝑥𝑥
𝑐𝑐 − 𝑏𝑏 𝑏𝑏 ≤ 𝑥𝑥 ≤ 𝑐𝑐

0 𝑥𝑥 ≥ 𝑐𝑐

 

   
 (2) 

 
where 𝑥𝑥 is an element of a fuzzy set 𝑋𝑋, 𝑎𝑎 and 𝑐𝑐 denote the lower and upper boundary of fuzzy set 𝑋𝑋 
respectively and 𝑏𝑏 represents the lower and the center of the fuzzy set 𝑋𝑋.  
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Association Rule Mining 
Association analysis is used to find interesting relationships in large datasets. Let 𝐷𝐷 represent a 
dataset, 𝐼𝐼 is the set of items, and 𝑇𝑇 is the transaction database where 𝑡𝑡 denotes a transaction. A 
collection of 𝑘𝑘 items is called a 𝑘𝑘-itemset. The support count 𝜎𝜎 of an itemset indicates how many times 
it appears in the dataset which can be expressed as:  
 

𝜎𝜎(𝑋𝑋) = |{𝑡𝑡𝑖𝑖|𝑋𝑋 ⊆ 𝑡𝑡𝑖𝑖 , 𝑡𝑡𝑖𝑖 ∈ 𝑇𝑇}| (4) 
 
where the symbol |·| denotes the number of elements in a set. An AR is an implication expression of 
the form 𝑋𝑋 ⇒ 𝑌𝑌 where 𝑋𝑋 and 𝑌𝑌 are disjoint itemset. The strength of the rule effectiveness is evaluated 
based on its support and confidence which can be calculated as: 

 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑋𝑋 ⇒ 𝑌𝑌) =
𝜎𝜎(𝑋𝑋 ∪ 𝑌𝑌)

𝑁𝑁  
(5) 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋 ⇒ 𝑌𝑌) =
𝜎𝜎(𝑋𝑋 ∪ 𝑌𝑌)
𝜎𝜎(𝑋𝑋)  

(6) 

 
An Apriori algorithm was introduced by [[6] for ARM that effectively handles the exponential growth of 
candidate itemsets by pruning based on support. It operates in two main steps:  
(i) iteratively identifying frequent itemsets that meet a specified support threshold 
(ii) generating AR that meet a minimum confidence level using these frequent itemsets.  
 
This approach follows a systematic progression where it moves from frequent 1-itemsets to larger 
frequent itemsets using a generate-and-test strategy. AR are generated iteratively until no more 
antecedents can be added. 
 
CAR is a specialized type of AR that signifies relationships between items and a specific class label. 
Let 𝑋𝑋 be the set of items, 𝐶𝐶 denote the set of class labels, and 𝑋𝑋𝑓𝑓 denote the itemset representing 
feature values. CAR can be defined as the form of  
 

𝑋𝑋𝑓𝑓 ⇒ {𝑦𝑦} (7) 
 
where {𝑦𝑦} ⊆ 𝑌𝑌. . There are various measures to evaluate the interestingness of AR [21] such as lift, 
leverage and conviction are utilized which can be described as follows: 
 
Lift 
Lift measures how much more frequently the antecedent 𝑋𝑋 and the consequent 𝑌𝑌 occur together than 
if they were statistically independent. Lift is defined as:  
 

lift(X⇒𝑌𝑌) =
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋 ⇒ 𝑌𝑌)
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑌𝑌)  

(8) 

 
A lift value greater than 1 indicates a positive correlation between 𝑋𝑋 and 𝑌𝑌 while a lift value less than 1 
shows a negative correlation. If the lift is 1, 𝑋𝑋 and 𝑌𝑌 are uncorrelated. 
 
Leverage 
Leverage calculates the difference between the actual frequency of 𝑋𝑋 and 𝑌𝑌 occurring together and the 
frequency expected if 𝑋𝑋 and 𝑌𝑌 were independent. A leverage value of 0 indicates no association. 
Leverage is calculated as: 
 

conviction(X⇒𝑌𝑌) =
1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑌𝑌)

1 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋 ⇒ 𝑌𝑌) 
(9) 

 
Conviction 
Conviction compares how often 𝑋𝑋 would be expected to occur without 𝑌𝑌 (if 𝑋𝑋 and 𝑌𝑌 were independent) 
to how often 𝑋𝑋 actually occurs without 𝑌𝑌. If it is greater than 1, the rule is more likely a genuine 
relationship rather than a random chance. Conviction can be defined as: 
 

conviction(X⇒𝑌𝑌) =
1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑌𝑌)

1 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋 ⇒ 𝑌𝑌) 
(10) 
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Methodology 
 
This section outlines the proposed research methodology which comprises six subsections which are 
dataset description, proposed framework, data pre-processing, fuzzy discretization and the process of 
CARM. In addition, the use of SHAP plots to interpret the results of the RF and GB models is also 
highlighted. 
 

Dataset Description 
The BCC dataset obtained from the UC Irvine (UCI) Machine Learning Repository [22] is employed for 
this study. This dataset was selected for this study due to its inclusion of metabolic and biochemical 
features that have been associated with breast cancer risk in prior literature. Specifically, biomarkers 
such as glucose, insulin, BMI, HOMA, leptin, adiponectin and resistin have been identified as potential 
contributors to increased breast cancer risk [23], [24], [25], [26], [27]. These findings support the 
relevance and suitability of the dataset for investigating interpretable patterns related to breast cancer 
classification. The dataset includes 9 continuous features and a binary target indicating the presence 
or absence of breast cancer based on 116 samples from both 52 healthy individuals and 64 patients 
Table 1 listed all the features with brief descriptions and their range values (rounded to 2 decimal 
places).   
 

Table 1. Description of features from BCC dataset 
 

Feature Name Feature Description (unit) Range [Min-Max] 
Age Age of the patient (years) 24.00-89.00 
BMI Body Mass Index (kg/m²) 18.37-38.58 

Glucose Glucose level (mg/dL) 60.00-201.00 
Insulin Insulin level (µU/mL) 2.43-58.46 
HOMA Homeostatic Model Assessment 0.47-25.05 
Leptin Leptin level (ng/mL) 4.31-90.28 

Adiponectin Adiponectin level (µg/mL) 1.66-38.04 
Resistin Resistin level (ng/mL) 3.21-82.1 
MCP.1 Monocyte Chemoattractant Protein-1 (pg/dL) 45.84-1698.44 

Classification Labels: 1 = Healthy controls, 2 = Patients 1-2 
 
 
Previous research has shown its effectiveness in exploratory modeling and interpretable analysis using 
methods like fuzzy rule systems, SHAP-based explanations and metaheuristic feature selection in BCC 
dataset [28], [29], [30]. The inclusion criteria required samples to have complete values for all features 
while records were excluded if they contained any missing data. The distribution of these features for 
both classes was shown in Figure 1 using swarm plots. 
 

 
 

Figure 1. Distribution of BCC features 
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Figure 2 displays a heatmap that illustrated correlations between the features and provided insights 
into the relationships and patterns among variables within the dataset. The heatmap visualizes the 
linear relationships between features in the dataset with color coding ranging from blue to orange. Blue 
hues denote negative correlations while orange hues indicate positive correlations with the intensity of 
the color reflecting the strength of the correlation. 
 

 
 

Figure 2. Correlation heatmap showing positive (orange) and negative (blue) relationships among 
biomarkers where deeper shades indicate stronger associations 
 
 
From Figure 2, it can be observed that insulin and HOMA exhibited a very strong positive correlation 
(0.93). This can be translated as increased insulin levels are significantly associated with higher HOMA 
values. Similarly, Glucose and HOMA also showed a strong positive correlation (0.7) denoting that 
higher glucose levels responded to increased HOMA values. A moderate positive correlation is 
observed between BMI and leptin (0.57) suggesting an association between higher BMI and increased 
leptin levels. In contrast, adiponectin and age demonstrate a moderate negative correlation (-0.22) 
indicating that increased age is associated with lower adiponectin levels. Other variable pairs generally 
exhibit low to moderate correlations showing weaker or no significant linear relationships. 
 
As the heatmap was used as an initial exploratory step to understand general relationships across the 
full dataset, hence it does not distinguish between healthy individuals and cancer patients. For group-
specific insights were obtained later through SHAP-based interpretation to assess feature contributions 
to cancer prediction. 

 
Proposed Framework 
The proposed research framework begins with analyzing breast cancer data to ensure data quality by 
identifying and managing missing values. Fuzzy discretization techniques are then applied to transform 
the continuous variables into categorical intervals suitable for ARM. The Apriori algorithm with metrics 
such as lift, leverage, and conviction is employed to mine CAR in order to uncovering significant 
relationships between features and breast cancer diagnosis. The discovered patterns are validated 
using SHAP plots with RF and GB models to assess feature importance and confirm insights. Finally, 
critical knowledge from these analyses is obtained to enhance breast cancer diagnosis. The proposed 
research framework is illustrated in Figure 3. 
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Figure 3. The proposed framework 
 
 

Data Pre-Processing 
Data preprocessing is a critical step to ensure the quality and relevance of the data used for analysis. 
The preprocessing method involves several key steps. 
 
a. Missing values checking: This step involves verifying for the absence of missing values to ensure 
data cleanliness and completeness, which may arise due to human error or unavailable information. 
 
b. Encode the categorical data: This step converts data into categorical variables to which the 
machine learning models can processed. In this study, the original categorical labels 'H' for Healthy 
and 'P' for Patients were encoded into numerical values (P=1 and H=0) to ensure compatibility with 
machine learning algorithms. 
 
c. Outlier detection. Outliers are data points that significantly differ from the majority of observations 
in a dataset, either being unusually high or low. The Z-Score method is a common approach for 
detecting and removing outliers. It quantifies how far an observation deviates from the mean of the 
dataset which can be expressed as  

𝑧𝑧 =
(𝑋𝑋 − 𝜇𝜇)

𝜎𝜎  
(11) 

where 𝑋𝑋 is the data point, 𝜇𝜇 is the mean of the dataset, and 𝜎𝜎  is the standard deviation. Data points 
with Z-Score exceeding a threshold of 𝑧𝑧 < −3, 𝑧𝑧 > 3  are typically considered outliers [31] and may be 
eliminated from the dataset. 
 
d. Data transformation. Transforming raw data into a transactional format is the first step for ARM. 
This method treats patient records as 'transactions' which is similar to retail transactions. Each feature 
such as Age, BMI, and Glucose becomes an 'item' in the analysis.  
 
e. Class imbalance handling. The dataset exhibited a class imbalance between healthy individuals 
and breast cancer patients. To handle this issue, the Synthetic Minority Oversampling Technique 
(SMOTE) technique [32] was applied to generate synthetic examples of the minority class. This 
approach helps to balance the class distribution and improving the classification performance. 
 

Fuzzy Discretization 
This study employs fuzzy discretization which can be carried out in five steps: 
a. Identify each continuous feature and partition its range into three intervals: 'Low/Young', 
'Medium/Middle’, and ‘High/Old' based on value thresholds depending on the suitability of the feature 
characteristics. 
b. Use triangular membership functions to create a fuzzy set after outlier detection using the Z-Score 
method. 
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c. Assign membership values to data within each interval to define discrete boundaries. 
d. Derive discrete attribute values by selecting the interval with the highest membership value for 
each data point. 
e. Create a finalized dataset with fuzzy discretized attribute values. 
 

Mining Class Association Rules 
CAR are generated to discover meaningful patterns between features with a focus on the “Classification” 
label. The Apriori algorithm is applied using minimum support and confidence thresholds. To evaluate the 
quality and relevance of the extracted association rules, we employed three objective interestingness 
measures such as lift, leverage and conviction. These metrics provide a deeper statistical understanding 
of the relationships between features beyond basic support and confidence. Lift is chosen for its ability to 
identify strong and meaningful associations between symptoms and diagnosis. Meanwhile, leverage is 
used to quantify the strength and statistical significance of these associations beyond what support and 
confidence provide. Besides, conviction ensures the reliability and robustness of the rules while reducing 
the likelihood of misleading patterns. These metrics were selected due to their effectiveness in identifying 
statistically meaningful patterns as demonstrated in recent studies across medical and bioinformatics 
domains [21], [33], [34]. Only rules meeting all predefined thresholds for these metrics are retained for 
further analysis. This process is illustrated in Figure 4. 
 

 
 

Figure 4. Workflow of rule pruning procedure 
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SHAP with Random Forest and Gradient Boost 
SHAP values are a comprehensive method to understand the machine learning model which is derived 
from principles of cooperative game theory [12]. These values measure how much each feature 
contributes to the output of the model. SHAP can improve the transparency of complex models and 
provide insights into how individual features affect predictions. It can be calculated as: 
 

𝜑𝜑𝑖𝑖(𝑓𝑓) = �  
𝑆𝑆⊆𝑁𝑁\{𝑖𝑖}

|𝑆𝑆|! (𝑁𝑁 − |𝑆𝑆| − 1)!
𝑁𝑁! [𝑓𝑓(𝑆𝑆 ∪ {𝑖𝑖}) − 𝑓𝑓(𝑆𝑆)] 

(12) 

 
where 𝑁𝑁 is the set of all features and 𝑆𝑆 is a subset of features that excludes the 𝑖𝑖-th feature. 𝑓𝑓(𝑆𝑆) is the 
prediction from the model when the only features in subset 𝑆𝑆 are present while 𝑓𝑓(𝑆𝑆 ∪ {𝑖𝑖})  is the 
prediction from the model when the features in subset 𝑆𝑆 and feature 𝑖𝑖 are present. This formula 
measures the marginal contribution of feature 𝑖𝑖 by considering all possible subsets of features. The 
machine learning models used with SHAP values in this study are as follows: 
 
a. Random Forest. RF is an ensemble learning method used for classification that constructs multiple 
decision trees during training [35]. Each tree is built on a different random subset of the data and 
features. The final prediction is made by taking the majority vote on all the trees' predictions. RF 
ensures diversity among its trees by selecting the best feature from a random subset of features 
thereby reducing the risk of overfitting [36]. The prediction of RF can be represented as: 
 

𝑅𝑅𝑅𝑅(𝑥𝑥) = mode({𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), . . . , 𝑓𝑓𝑇𝑇(𝑥𝑥)}) (13) 
 
where 𝑇𝑇 is the number of decision trees and 𝑓𝑓𝑇𝑇(𝑥𝑥) is the prediction of the 𝑇𝑇-th decision tree for the input 
data. 
 
b. Gradient Boost. GB is an ensemble learning technique that sequentially builds a series of weak 
learners which typically decision trees where each subsequent learner corrects the errors of its 
predecessor. It optimizes a loss function using gradient descent to refine the predictions of the model. 
GB can be expressed as [37]:  
 

𝛾𝛾𝑗𝑗𝑗𝑗 = arg𝑚𝑚𝑚𝑚𝑚𝑚𝛾𝛾 � −(𝑦𝑦(𝐹𝐹𝑚𝑚−1(𝑥𝑥𝑖𝑖) + 𝛾𝛾) − log�1 + 𝑒𝑒𝐹𝐹𝑚𝑚−1(𝑥𝑥𝑖𝑖)+𝛾𝛾�)
𝑥𝑥𝑖𝑖∈𝑅𝑅𝑗𝑗𝑗𝑗

 (14) 

 
where 𝛾𝛾𝑗𝑗𝑗𝑗  is the value of  𝛾𝛾 that minimizes the given loss function for the 𝑗𝑗-th region 𝑅𝑅𝑗𝑗𝑗𝑗  on the 𝑚𝑚-th 
tree and  𝐹𝐹𝑚𝑚−1(𝑥𝑥)  is the prediction of the ensemble model up to (𝑚𝑚 − 1)-th iterations combining the 
initial prediction and the contributions from all previous base learners. 
 
Results and Discussions 
 
This section presented the result of the fuzzy discretization on the continuous features, the mining of 
the CAR based on various defined minimum parameters, the key patterns of the breast cancer 
diagnosis and the validation of the patterns using SHAP plots with RF and GB classifiers. All data pre-
processing and analysis were conducted using the Python programming language in the Spyder 5.4.3 
environment. The experiments were executed on a 64-bit Windows 11 Pro system with a 2.5 GHz 
processor and 32 GB of RAM. The experiments employed a hold-out validation strategy with 2/3 of the 
data allocated for training and the remaining 1/3 reserved for testing [38]. 
 
Fuzzy Discretization of the Continuous Features 
In this study, fuzzy discretization transformed continuous features into a set of linguistic terms to help 
better interpretability of the AR. This phase involved removing outliers, generating fuzzy sets using 
triangular membership functions, and assigning membership values to data points within each interval 
to define discrete boundaries. For instance, consider the feature ‘Leptin’ in the dataset which originally 
ranged from 4.31 to 90.28 narrowed to 4.31 to 83.48 after removing outliers. This removal ensured that 
the values of features were within a relevant range for analysis. The boxplots in Figure 5 (a) and (b) 
illustrated the distribution of ‘Leptin’ before and after the removal of outliers respectively. Subsequently, 
the values of the membership values were converted to linguistic intervals such as ‘Low’, ‘Medium’, 
and ‘High’. The membership function of these intervals of the ‘Leptin’ feature can be observed in Figure 
6.  
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Figure 5. Box plot of Leptin feature (a) before and (b) after removal of outlier 
 
 

 
 

Figure 6. The triangular membership function of Leptin feature 
 
 

Mining Insightful Rules from the Association Rule Mining 
Mining insightful rules from ARM is a crucial step in understanding the underlying patterns and 
relationships within the dataset. Initially, the support counts were examined to identify the most 
common features in the dataset. Features with high support counts occur frequently and are important 
for generating meaningful rules. Understanding the distribution of support counts helps set appropriate 
minimum support thresholds for ARM. If the threshold is set too high, potentially valuable rules involving 
less frequent features may be ommited, whereas setting it too low may produce of numerous 
insignificant rules. Figure 7 depicted the support counts for each feature in the dataset.  
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Figure 7. Support count of each feature values 
 
 
As shown in Figure 7, "Insulin=Low" has the highest support count at 87, followed closely by 
"Glucose=Medium" at 84, indicating that these features are among the most prevalent. Features 
like "MCP.1=Medium", "Classification=P", and "Adiponectin=Medium" have moderate support 
counts ranging from 54 to 64. In contrast, features such as "Insulin=High", "Leptin-High", 
"Resistin=High", and "HOMA-high" have low support counts ranging from 8 to 4. This distribution 
helped in setting the thresholds for minimum support in ARM to obtain significant rules. High 
support features are likely to form more significant rules due to their frequency, while low support 
features, though less frequent, might still give valuable insights. Hence, in the process of 
performing ARM, selecting the appropriate minimum support (minsup) threshold is crucial 
because it directly affects the number of frequent itemsets generated and the computational 
feasibility of the analysis. In this study, the number of AR generated was analyzed based on 
different minsup (⍺) and minimum confidence (minconf, β) thresholds. These thresholds were 
varied to assess their impact on the quantity and quality of the rules produced. Initially, setting the 
⍺ to 0.005 resulted in the generation of 46,448 frequent itemsets. Subsequently, we tested higher 
⍺ of 0.01, 0.02, 0.03, 0.04, 0.05, 0.10, 0.15, 0.20, 0.25 and 0.30. By increasing ⍺, the number of 
frequent itemsets was significantly reduced to 18,612, 11,165, 7,920, 5,809, 4,443, 1,406, 587, 
291, 179, and 104 respectively. For each ⍺ value, we also tested different levels of β such as 0.7, 
0.8, 0.9, and 1.0. This helps in identifying strong AR to provide valuable insights while keeping the 
computational requirements manageable. Table 2 presented the number of AR identified at 
various ⍺ and β combinations. 
 

Table 2. Number of AR based on certain ⍺ and β thresholds 
 

𝜶𝜶/𝜷𝜷 0.7 0.8 0.9 1.0 
0.005 723,938 690,977 683,463 682,415 
0.01 121,165 88,204 80,690 79,642 
0.02 67,852 34,891 27,377 26,329 
0.03 41,277 22,422 14,908 13,860 
0.04 26,695 15,851 8,337 7,289 
0.05 18,319 10,368 5,669 4,621 
0.1 4,003 2,221 1,142 617 

0.15 1,221 670 351 149 
0.2 545 287 143 67 

0.25 293 145 74 36 
0.3 149 76 40 21 
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723,938 AR were identified at ⍺ of 0.2 and β of 0.7. This number drastically drops to 121,165 when 
the β is raised to 0.01. The reduction is even more obvious from 617 to 21 at ⍺ of 0.1 and 0.3 
respectively at β of 1.0. These findings indicated that lower ⍺ and β values yielded a higher number 
of rules which may include many less significant ones, while higher thresholds produced fewer but 
potentially more meaningful and robust rules. Table 3 showed the number of CAR was identified 
at various ⍺ and β combinations. 
 

Table 3. Number of CAR based on certain ⍺ and β thresholds 
 

𝜶𝜶/𝜷𝜷 0.7 0.8 0.9 1.0 
0.005 17,720 16,693 16,284 16,260 
0.01 5,456 4,429 4,020 3,996 
0.02 3,024 1,997 1,588 1,564 
0.03 1,911 1,236 827 803 
0.04 1,268 821 412 388 
0.05 839 480 214 190 
0.1 150 69 16 7 

0.15 28 8 0 0 
0.2 13 2 0 0 

0.25 6 0 0 0 
0.3 1 0 0 0 

 
 

According to Table 3, at a β of 0.7, the number of CAR decreases from 17,720 to 1 only at a ⍺ of 
0.005 and 0.3 respectively. The pattern was consistent across different β thresholds for each ⍺. It 
can be observed that there was no strong CAR starting on ⍺ of 0.15 for higher thresholds of β. 
Figures 7(a) and 7(b) presented the number of AR and CAR respectively across the different ⍺ 
and β thresholds. The graphs clearly illustrate the steep decline in the number of rules as the 
thresholds increase. 

 

 
 

a 

Continue to next page 
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Figure 7. Number of (a) AR (b) CAR with different ⍺ and β thresholds 
 
 

Comparing AR and CAR results had shown a clear trend where AR produced a large number of 
rules at lower thresholds, while CAR generated fewer rules that were more focused on class 
distinctions. For instance, with a ⍺ of 0.2 and β of 0.7, AR identified 723,938 rules, whereas CAR 
identified only 17,720 rules at the lowest ⍺ of 0.005. This highlights that while AR can discover 
broader patterns, CAR is more effective in identifying class-specific insights, crucial for breast 
cancer diagnosis. The results demonstrate the importance of adjusting thresholds to achieve a 
balance between the number and significance of the rules generated. 
 
Key Patterns for Breast Cancer Diagnosis from Strong CAR 
The process of identifying key patterns from strong CAR provides critical insights into the domain of 
breast cancer diagnosis. To obtain strong pruned CAR to filter out weaker associations, some pruning 
criteria were chosen such as minLift = 1.5, minLev = 0.01, and minConv = 1.4.These thresholds were 
determined through a trial-and-error approach during exploratory analysis by adjusting them to fit the 
characteristics and size of BCC dataset. Instead of relying on standard benchmarks, this dataset-
specific tuning ensured selection of only the most meaningful and statistically relevant rules for further 
validation. The statistics of average support, confidence, lift, leverage, and conviction values for the 
generated pruned CAR based on different itemset sizes are evaluated based on two different classes 
of the target variable including “Classification=H” and “Classification=P”. The statistics of two classes 
of target variables are presented in Table 4 and Table 5 respectively and are visualized in Figure 8 and 
Figure 9. 

 
Table 4. Number of pruned CAR with average metrics values for Classification=H 
 

Size of 
subsets (n) 

Number 
of CAR 

Number of 
pruned CAR 

Average 
support 
values 

Average 
confidence 

values 
Average 
lift values 

Average 
leverage 
values 

Average 
conviction 

values 
2 51 43 0.0678 0.8384 1.8703 0.0306 2.9601 
3 365 187 0.0509 0.8781 1.9589 0.0243 2.9185 
4 1187 390 0.0415 0.9063 2.0218 0.0205 2.8107 
5 2044 430 0.0358 0.9289 2.0722 0.0182 2.6994 
6 2002 258 0.0326 0.9478 2.1142 0.0169 2.5732 
7 1118 87 0.0306 0.9654 2.1536 0.0162 2.4191 
8 332 18 0.0283 0.9861 2.1998 0.0154 2.2069 
9 41 2 0.0259 1.0000 2.2308 0.0143 inf 

b 



  

e-ISSN 2289-599X | DOI: https://doi.org/10.11113/mjfas.v21n3.3792 2021 

A. Karim et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 21 (2025) 2008-2031 

Based on Table 4, as the itemset size increases, the number of generated pruned CAR also increases 
until n=4 and reduces significantly until n=9. For itemsets of size n=2, 51 CAR were generated with 43 
pruned CAR met the pruned defined criteria. For itemsets of size n=3, 365 CAR rules were generated, 
with 187 showing significant interdependence between antecedents and target variables of healthy 
samples. The maximum itemset size observed was n=9 generating a total of 41 CAR with only 2 strong 
CAR obtained.  

 

 
 

Figure 8. Graphs of the number of CAR with average metrics values for Classification=H 
 
 
Table 5. Number of pruned CAR with average metrics values for Classification=P 
 

Size of 
subsets 

(n) 
Number of 

CAR 
Number of 

pruned CAR 
Average 
support 
values 

Average 
confidence 

values 
Average 
lift values 

Average 
leverage 
values 

Average 
conviction 

values 
2 124 44 0.0458 0.9664 1.7515 0.0190 3.1080 
3 720 157 0.0434 0.9731 1.7638 0.0180 3.3563 
4 1994 253 0.0432 0.9594 1.7389 0.0176 3.2421 
5 3068 231 0.0430 0.9614 1.7425 0.0177 3.3831 
6 2750 154 0.0426 0.9559 1.7326 0.0175 3.2238 
7 1449 63 0.0404 0.9622 1.7441 0.0168 3.0819 
8 416 16 0.0356 0.9818 1.7795 0.0153 3.1379 
9 50 2 0.0302 1.0000 1.8125 0.0135 inf 
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Figure 9. Graphs of the number of CAR with average metrics values for Classification=P 
 
 

Table 6 lists the top pruned CAR for identifying the "H" (Healthy) classification with their corresponding 
number of subset size, confidence, lift, leverage and conviction values.  

 
Table 6. Top pruned CAR for Classification=H with their confidence, lift, leverage and conviction values 

 

Antecedent Consequent Number 
of Itemset ⍺ β Lift Leverage Conviction 

{Leptin=Low, Age=Old} 

{Classification=H} 
 2 

0.1121 1.000 2.2308 0.0618 inf 
{Age=Old, BMI=Low} 0.0517 1.000 2.2308 0.0285 inf 

{Age=Young, Glucose=Low} 0.0431 1.000 2.2308 0.0238 inf 
{Adiponectin=Medium, Age=Young} 0.0345 1.000 2.2308 0.0190 inf 

{BMI=High, Age=Young} 0.0345 1.000 2.2308 0.0190 inf 
{BMI=Low, Age=Young, Adiponectin=High} 

{Classification=H} 3 

0.0259 1.0000 2.2308 0.0143 inf 
{HOMA=Low, Age=Young, Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 
{Age=Young, Insulin=Low, Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 
{BMI=Low, Insulin=Low, Adiponectin=High} 0.0431 1.0000 2.2308 0.0238 inf 
{BMI=Low, MCP.1=Low, Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Low, HOMA=Low, Age=Young, 
Adiponectin=High} 

{Classification=H} 4 

0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Low, Age=Young, Insulin=Low, 
Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Age=Young, 
Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 

{HOMA=Low, Age=Young, Insulin=Low, 
Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, HOMA=Low, Age=Young, 
Adiponectin=High} 0.0259 1.0000 2.2308 0.0143 inf 
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Antecedent Consequent Number 
of Itemset ⍺ β Lift Leverage Conviction 

{BMI=Low, Insulin=Low, Adiponectin=High, 
HOMA=Low, Age=Young} 

{Classification=H} 5 

0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Adiponectin=High, 
HOMA=Low, Age=Young} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Insulin=Low, 
Adiponectin=High, Age=Young}) 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, Insulin=Low, 
Adiponectin=High, HOMA=Low, Age=Young} 

0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Low, Glucose=Medium, Insulin=Low, 
Adiponectin=High, HOMA=Low} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Insulin=Low, 
Adiponectin=High, HOMA=Low, Age=Young} 

{Classification=H} 6 

0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, Adiponectin=High, HOMA=Low} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, Insulin=Low, 
Adiponectin=High, Leptin=Low, HOMA=Low} 0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Low, HOMA=Low, 
Insulin=Low, Adiponectin=High, MCP.1=Low} 0.0259 1.0000 2.2308 0.0143 inf 

{Glucose=Medium, Insulin=Low, Age=Middle, 
BMI=High, HOMA=Low, Adiponectin=Low} 0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Medium, Insulin=Low, Glucose=Low, 
Age=Middle, Leptin=Low, HOMA=Low, 

Adiponectin=Low} 

{Classification=H} 7 

0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Medium, Insulin=Low, MCP.1=Medium, 
Glucose=Low, Age=Middle, HOMA=Low, 

Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
Glucose=Low, Age=Middle, HOMA=Low, 

Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Medium, MCP.1=Medium, 
Glucose=Low, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Glucose=Low, 
Age=Middle, Leptin=Low, HOMA=Low, 

Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{BMI=Medium, Insulin=Low, MCP.1=Medium, 
Glucose=Low, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 

{Classification=H} 8 

0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
Glucose=Low, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
MCP.1=Medium, Glucose=Low, Age=Middle, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, 
MCP.1=Medium, Glucose=Low, Age=Middle, 
Leptin=Low, HOMA=Low, Adiponectin=Low} 

0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
MCP.1=Medium, Glucose=Low, Age=Middle, 

Leptin=Low, Adiponectin=Low} 
0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
MCP.1=Medium, Glucose=Low, Age=Middle, 
Leptin=Low, HOMA=Low, Adiponectin=Low} 

{Classification=H} 9 

0.0259 1.0000 2.2308 0.0143 inf 

{Resistin=Low, Adiponectin=Medium, 
Age=Old, BMI=Medium, Glucose=Medium, 

HOMA=Low, Insulin=Low, Leptin=Low, 
MCP.1=Low} 

0.0259 1.0000 2.2308 0.0143 inf 

Note: inf = infinite 
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Table 6 presents the top pruned CAR associated with the healthy classification where all rules 
demonstrate a confidence value of 1.0 and an infinite conviction score. The infinite conviction values 
observed in these rules reflect perfect confidence which means that the presence of the antecedent 
features consistently predicts a healthy outcome within the dataset. In order to avoid overfitting often 
associated with such high-confidence rules, additional rule pruning based on multiple metrics such as 
lift and leverage was applied to ensure the significant and reliable patterns obtained. Among the 2-
itemset rules, notable combinations include {Leptin=Low, Age=Old}, {BMI=Low, Age=Old}, and 
{Glucose=Low, Age=Young}. These rules suggest that lower levels of leptin, BMI or glucose in 
conjunction with specific age groups are highly indicative of a healthy classification. Interestingly, 
{BMI=High, Age=Young} also appears as a valid rule indicating that higher BMI may not always signify 
risk particularly among younger individuals.  
 
As the number of features increases, patterns involving Insulin=Low, HOMA=Low, Resistin=Low and 
Glucose=Low or Medium become more significant. These are often combined with Age=Young, 
BMI=Low and MCP.1=Low. In more complex rules including 7 to 9 features, healthy classifications are 
still observed even when some moderate-risk values such as BMI=Medium or MCP.1=Medium are 
present. For example, the rule {Resistin=Low, BMI=Medium, Insulin=Low, MCP.1=Medium, 
Glucose=Low, Age=Middle, Leptin=Low, HOMA=Low, Adiponectin=Low} continues to predict the 
healthy class despite the presence of medium BMI or MCP.1 levels. This implies that the cumulative 
influence of low glucose, insulin, resistin, and HOMA levels may outweigh the moderate risk associated 
with other features leading to healthy classification These pruned CAR successfully highlight the 
patterns of healthy people using various biological markers in the dataset. The patterns of 
“Classification=H” are visualized in the network graph in Figure 10. 
 

 
 

Figure 10. Network graph for classification=H 
 
 

Table 7 lists the top pruned CAR for identifying the "P" (Patient) classification along with their subset 
sizes, confidence, lift, leverage and conviction values.  
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Table 7. Top pruned CAR for Classification=P with their confidence, lift, leverage, and conviction values 
 

Antecedent Consequent Number of 
Itemset ⍺ β Lift Leverage Conviction 

{Glucose=High, Adiponectin=Medium} 

{Classification=P} 2 

0.0517 1.0000 1.8125 0.0232 inf 
{BMI=Medium, Adiponectin=High} 0.0431 1.0000 1.8125 0.0193 inf 
{Insulin=High, Adiponectin=Low} 0.0345 1.0000 1.8125 0.0155 inf 

{Glucose=High, Adiponectin=Low} 0.0259 1.0000 1.8125 0.0116 inf 
{HOMA=High, Adiponectin=Low} 0.0259 1.0000 1.8125 0.0116 inf 

{Age=Middle, MCP.1=Medium, Adiponectin=High} 

{Classification=P} 3 

0.0259 1.0000 1.8125 0.0116 inf 

{HOMA=Low, BMI=Medium, Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 
{BMI=Medium, Insulin=Low, Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Medium, Leptin=Medium, Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Medium, MCP.1=Medium, 
Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{Glucose=Medium, BMI=Medium, Age=Middle, 
Adiponectin=High} 

{Classification=P} 4 

0.0259 1.0000 1.8125 0.0116 inf 

{HOMA=Low, BMI=Medium, Age=Middle, 
Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Medium, Age=Middle, Insulin=Low, 
Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Medium, Age=Middle, Leptin=Medium, 
Adiponectin=High} 0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Medium, Age=Middle, 
Adiponectin=High} 0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, Glucose=Medium, BMI=Medium, 
Adiponectin=High, Age=Middle} 

{Classification=P} 5 

0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Medium, Insulin=Low, Adiponectin=High, 
Age=Middle, HOMA=Low} 0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Medium, Adiponectin=High, 
Age=Middle, HOMA=Low} 0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
Adiponectin=High, Age=Middle} 0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Medium, Leptin=Medium, 
Adiponectin=High, Age=Middle} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Low, Glucose=Medium, Insulin=Low, 
Age=Middle, HOMA=Low, Adiponectin=Low} 

{Classification=P} 6 

0.0431 1.0000 1.8125 0.0193 inf 

{BMI=Low, Glucose=Medium, Age=Middle, 
Leptin=Low, HOMA=Low, Adiponectin=Low} 0.0345 1.0000 1.8125 0.0155 inf 

{BMI=Low, Glucose=Medium, MCP.1=Medium, 
Age=Middle, HOMA=Low, Adiponectin=Low} 0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Age=Middle, HOMA=Low, Adiponectin=Low} 0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Medium, Insulin=Low, 
Adiponectin=High, Age=Middle, HOMA=Low} 0.0259 1.0000 1.8125 0.0116 inf 

{BMI=Low, Glucose=Medium, Insulin=Low, 
Age=Middle, Leptin=Low, HOMA=Low, 

Adiponectin=Low} 

{Classification=P} 7 

0.0345 1.0000 1.8125 0.0155 inf 

{BMI=Low, Glucose=Medium, Insulin=Low, 
MCP.1=Medium, Age=Middle, HOMA=Low, 

Adiponectin=Low} 
0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, Age=Middle, HOMA=Low, 

Adiponectin=Low} 
0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Age=Middle, Leptin=Low, HOMA=Low, 

Adiponectin=Low} 
0.0345 1.0000 1.8125 0.0155 inf 

{BMI=Low, Glucose=Medium, MCP.1=Medium, 
Age=Middle, Leptin=Low, HOMA=Low, 

Adiponectin=Low} 
0.0259 1.0000 1.8125 0.0116 inf 
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Antecedent Consequent Number of 
Itemset ⍺ β Lift Leverage Conviction 

{BMI=Low, Glucose=Medium, Insulin=Low, 
MCP.1=Medium, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 

{Classification=P} 8 

0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, MCP.1=Medium, Age=Middle, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
MCP.1=Medium, Age=Middle, Leptin=Low, 

HOMA=Low, Adiponectin=Low} 
0.0259 1.0000 1.8125 0.0116 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, MCP.1=Medium, Age=Middle, 

Leptin=Low, Adiponectin=Low} 
0.0259 1.0000 1.8125 0.0116 inf 

{Glucose=Medium, BMI=Medium, Insulin=Low, 
MCP.1=Medium, Age=Middle, Resistin=Medium, 

Leptin=Low, HOMA=Low, Adiponectin=Low} {Classification=P} 9 

0.0345 1.0000 1.8125 0.0155 inf 

{Resistin=Low, BMI=Low, Glucose=Medium, 
Insulin=Low, MCP.1=Medium, Age=Middle, 
Leptin=Low, HOMA=Low, Adiponectin=Low} 

0.0259 1.0000 1.8125 0.0116 inf 

Note: inf = infinite 
 
 
Table 7 presents the top pruned CAR for patient classification where all rules show a confidence value 
of 1.0 and an infinite conviction. Similar to the healthy classification, this indicates that the presence of 
the antecedent features consistently leads to a patient outcome within the dataset. Multiple pruning 
metrics such as lift and leverage were used to retain only the most significant and reliable patterns and 
reduce potential overfitting. In the 2- and 3-itemset rules, common patterns include combinations such 
as {Glucose=High, Adiponectin=Medium} and {Insulin=High, Adiponectin=Low}. These rules suggest 
that elevated glucose or insulin especially when combined with moderate or low adiponectin levels are 
predictive of patient classification. Additionally, rule of {Age=Middle, MCP.1=Medium, 
Adiponectin=High} indicating that middle-aged individuals with increased MCP.1 are frequently 
associated with breast cancer in this dataset. 
 
As the rules increase in complexity, BMI=Medium appears frequently alongside other metabolic 
features such as Glucose=Medium, HOMA=Low, and Insulin=Low. Although some individual features 
like insulin or HOMA are typically associated with healthy profiles, their co-occurrence with other risk 
factors such as moderate glucose or adiponectin levels results in patient classification. In the larger 
itemsets like 5- to 9-feature rules, combinations in the 6-itemset such as {BMI=Low, Glucose=Medium, 
MCP.1=Medium, Age=Middle, HOMA=Low, Adiponectin=Low} highlights the presence of 
MCP.1=Medium as a recurring feature in patient classification particularly among middle-aged 
individuals. Likewise, the 9-itemset {Glucose=Medium, BMI=Medium, Insulin=Low, MCP.1=Medium, 
Age=Middle, Resistin=Medium, Leptin=Low, HOMA=Low, Adiponectin=Low} demonstrates the 
additional contribution of Resistin=Medium in identifying patients. These rules suggest that even when 
insulin resistance markers are low, moderate levels of MCP.1 and resistin may play a significant role 
in distinguishing patient profiles within the dataset. The patterns of “Classification=P” are visualized in 
the network graph in Figure 11. 
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Figure 11. Network graph for classification=P 
 
 

Patterns Validation Using SHAP Plots with Random Forest and 
Gradient Boost 
After applying SMOTE to address class imbalance, the models were trained and SHAP analysis was 
conducted to interpret feature contributions based on the balanced dataset. In order to ensure 
consistency across methods, patterns identified through pruned CAR were compared and validated 
with SHAP values. This mutual assessment confirmed that the dominant features highlighted by SHAP 
values were also supported by the rules extracted from the pruned CAR analysis. In SHAP plots, red 
color indicates higher feature values while blue indicates lower feature values. The position of the 
points along the x-axis shows the SHAP value and represents the impact of that feature on the model's 
prediction. A positive SHAP value increases the likelihood of the "Patient" classification while a negative 
SHAP value indicates that the feature value increases the likelihood of the "Healthy" classification. 
Figure 12 (a) and (b) visualized the SHAP summary plot for “Patient” classification using RF and GB 
classifiers respectively.  
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Figure 12. SHAP summary plot of (a) RF (b) GB showing top contributing features. Features toward the right (positive SHAP values) 
contribute to patient classification, while those on the left are associated with healthy outcomes 

 
 
Figure 12 (a) presents the SHAP summary plot for the RF model. Each dot represents a single instance 
with red indicating the feature is present and blue indicating it is absent. SHAP values on the right push 
the prediction toward Patient class, while dots on the left push toward Healthy class. Notably, the 
presence of features like Resistin_Low, Glucose_Low, Age_Young, HOMA_Low, Age=Old and 
BMI_High appear in red on the left side indicating that their presence contributes to a healthy prediction. 
In contrast, the features such as Age_Middle, Resistin_Medium and Glucose_High appears in red on 
the right suggesting these characteristics are associated with increased likelihood of being classified 
as a patient.   
 
Figure 12(b) shows the SHAP summary plot for the GB model. The plot indicates that the features such 
as Resistin_Low, Glucose_Low, Insulin_Low, Age_Young and BMI_High appear on the left side of the 
plot when present suggesting they are associated with healthier individuals. On the other hand, the 
presence of features such as Age_Middle, Glucose_High, Resistin_Medium and MCP.1_Medium 
contributes positively toward predicting a patient. These patterns are consistent with those observed in 
the RF model with additional MCP.1_Medium on GB. 
 
The patterns extracted through CAR were validated against the SHAP summary plots of both the RF 
and GB models to ensure consistency between rule-based and model-based interpretations. For the 
healthy classification, features such as Glucose_Low, Insulin_Low, HOMA_Low, Resistin_Low, and 
BMI_High appeared with negative SHAP values positioned toward the left indicating their contribution 
to healthy predictions. These findings support several high-confidence CAR rules including 
{Glucose=Low, Age=Young},  {Resistin=Low, BMI=Low, Adiponectin=High, HOMA=Low, Age=Young}, 
and {Resistin=Low, BMI=Medium, Insulin=Low, Glucose=Low, Age=Middle, Leptin=Low, HOMA=Low, 
Adiponectin=Low} where the presence of these low-risk metabolic markers consistently led to healthy 
classification. Notably, BMI_High also showed a negative SHAP impact in the context of younger 
individuals which is consistent with the rule {BMI=High, Age=Young} suggesting that elevated BMI may 

a b 
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not always indicate adverse outcomes in this subgroup. On the other hand, for the patient classification, 
the SHAP summary plots similarly confirmed several key features identified through CAR. 
Glucose_High, Age_Middle, MCP.1_Medium and Resistin_Medium were among the top contributors 
consistently showing positive SHAP values indicating their contribution toward the patient class. These 
findings validate rules such as {Glucose=High, Adiponectin=Medium}, {Age=Middle, MCP.1=Medium, 
Adiponectin=High} and the more complex {Glucose=Medium, BMI=Medium, Insulin=Low, 
MCP.1=Medium, Age=Middle, Resistin=Medium, Leptin=Low, HOMA=Low, Adiponectin=Low}.In 
particular, the repeated presence of MCP.1=Medium and Resistin=Medium in both CAR rules and 
SHAP plots suggests a strong influence of inflammatory markers in distinguishing patients. Although 
some features such as Insulin_Low and HOMA_Low are typically associated with healthy outcomes, 
their co-occurrence with moderate-risk indicators like glucose, MCP.1 and resistin appears to shift the 
prediction toward the patient class as reflected in both the rules and SHAP interpretations.  
 
The observed associations in this study between low glucose, low insulin, low HOMA and high BMI 
with healthy individuals especially among younger age groups are supported by recent literature. For 
example, Augustin et al. [39] highlighted the role of stable glucose and insulin levels in reducing breast 
cancer risk. Pan et al. [40] also found that women with lower HOMA levels which indicating lower insulin 
resistance had a reduced risk of developing breast cancer. Besides, Liu et al. [41] reported that while 
overall higher BMI slightly increases the risk of breast cancer, women who had a higher BMI before 
menopause were actually less likely to develop the disease. This may be due to hormonal differences 
where obese young women tend to have irregular menstrual cycles leading to less exposure to 
estrogen which is a hormone linked to breast cancer [42]. Similarly, Yee et al. [43] found that women 
with more body fat during early adulthood had a lower risk of breast cancer which supporting the idea 
that high BMI in younger women might have a protective effect. 
 
Conversely, features such as high glucose, medium resistin, and medium MCP.1 were frequently linked 
to patient classifications in CARM and SHAP results. These associations are well-supported by recent 
literature. For instance, Qiu et al. [44] demonstrated that hyperglycemia not only increases breast 
cancer risk but also contributes to tumor proliferation, migration and resistance to chemotherapy 
through abnormal glucose metabolism. In alignment, Zoroddu et al. [45] reported significantly higher 
resistin concentrations in breast cancer patients indicating its impact in cancer development. 
Additionally, Barulina et al. [46] identified MCP.1 as a key inflammatory marker in a cytokine-based 
predictive model for early breast cancer diagnosis further validating its relevance in classifying patients. 
 
Conclusion and Future Works 
 
This study presents a methodological contribution by integrating CARM with SHAP-based explainability 
using RF and GB classifier to investigate interpretable diagnostic patterns in breast cancer 
classification. In contrast to previous approaches that often lacked systematic validation, this hybrid 
approach improves reliability by cross-validating rule significance through SHAP values.  From a total 
of 723,938 AR generated, 17,720 were identified as significant CAR and pruned using thresholds for 
lift, leverage and conviction to ensure statistical strength and interpretability. interpretability. The 
analysis revealed that features such as low glucose, low insulin, low HOMA and high BMI were 
frequently observed among healthy individuals particularly in younger age groups. These findings are 
supported by previous studies [39], [40], [41], [42], [43]. Middle-aged individuals with low MCP.1 and 
low resistin were also common among healthy classifications. In contrast, patient classifications were 
characterized by high glucose levels, medium MCP.1, medium resistin and middle age as indicated by 
recent findings [44], [45], [46]. These CAR-derived patterns were further validated using SHAP 
summary plots where negative SHAP values for low glucose, high BMI, and low HOMA aligned with 
healthy predictions while high positive SHAP values for high glucose, moderate resistin and MCP.1 
supported their association with patient outcomes. Our findings indicate that the proposed approach 
was effective in uncovering significant patterns relevant to breast cancer diagnosis. The identified 
patterns reveal the relationships between biological features and may support the development of tools 
for breast cancer risk assessment and clinical decision-making. 

 
While this study offers significant contributions to breast cancer diagnosis, future research can build on 
these findings to explore more possibilities. Utilizing on multiple datasets will allow for the exploration 
of even more complex patterns. By incorporating datasets that include clinical annotations such as 
cancer stage and treatment history further validation of risk factor patterns across different stages of 
disease progression and treatment conditions can be conducted. In addition, clinical validation with 
healthcare professionals would help assess the effectiveness of the framework. Collaboration with 
clinical experts is planned for future work to validate the diagnostic relevance of the extracted features 
and improve real-world applicability.  
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